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Artificial intelligence (Al) systems frequently fail to generalize effectively to novel and out-of-
distribution scenarios, fundamentally due to their sole reliance on extensive, data-driven learning. Such
methods are known to exploit surface-level correlations rather than learn deeper causal structures, leading to
significant issues in scenarios marked by data scarcity or novelty.

In contrast, humans excel in generalization through causal reasoning, efficiently adapting existing
knowledge and continuously refining it through hypothesis-driven learning. This thesis investigates how
core human cognitive mechanisms—specifically data selection, structural abstraction, and hypothesis-driven
learning—can inspire algorithmic advancements to address Al’s generalization limitations.

First, we demonstrate the importance of comprehensive multi-modal data streams, showing that richer,
contextually grounded data enhances generalization in natural language understanding and human-agent
collaboration. Next, we explore structured representations by proposing a hierarchical reinforcement learning
framework mirroring human cognitive structures, significantly improving agent adaptability in human-agent
collaboration. Finally, we introduce PROSE, a hypothesis-driven learning method enabling Al models to
rapidly infer and iteratively refine latent user preferences from limited data.

Collectively, this thesis underscores the potential of human-inspired methodologies to create Al
systems that not only generalize more robustly but are inherently better aligned with human norms and

expectations, paving the way toward truly adaptive, human-centered artificial intelligence.
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Chapter 1

Introduction

For much of its history, artificial intelligence (Al) research has focused on narrow, well-defined
tasks—such as classifying images or mastering games. As Al systems have grown increasingly powerful,
there is mounting interest in developing more general and adaptable agents. However, initial progress in this
direction has underscored the profound complexity of this challenge. In this thesis, I argue that overcoming this
challenge requires turning to ourselves: humans remain the gold standard for generalizable intelligence,
providing invaluable insights for addressing the central challenge of generalization.

The development of artificial intelligence has long been driven by the pursuit of generalization. Early
systems relied on manually defined rules to solve highly constrained tasks [92,99]], but these brittle rule-based
approaches quickly failed when faced with novel or unexpected inputs. The advent of machine learning
marked a transformative shift; models could now be trained from data rather than hand-coded logic [197,(189].
This paradigm greatly expanded the scope of solvable problems and led to models that perform well across
diverse inputs, as long as they remain within the distribution of the training data. Fueled by this success,
modern Al has entered an era of rapid scaling, exemplified by the proliferation of massive models and datasets
and designed to capture increasingly large distributions [294} 295 [73]].

Yet, this data-driven approach is reaching a series of fundamental limitations. Perhaps most evidently,
there are situations where it is impractical or infeasible to collect data. Inherently, novel situations—such
as scientific discoveries, new political events, or interacting with someone you have never met before—do
not come with datasets to train on. Even in domains where data collection is possible, the long-tail nature

of real-world distributions poses significant challenges [[147]. Autonomous driving is a striking example.



Although high-quality driving data has been collected since at least 2012 [[113]], data capturing rare but critical
events—such as high-speed crashes or near misses—is difficult, costly, and potentially dangerous to collect.
These rare cases, however, are precisely the ones that autonomous systems must master to ensure safety and
reliability. The scarcity of such data is a key reason the deployment of autonomous vehicles has remained
“two years away” for over a decade [9]].

This limitation stems directly from the model’s training. Data-driven machine learning systems learn
entirely through small stochastic optimization steps, meaning that meaningful and robust learning will require
a large number of samples that scales with the size, and in turn performance, of the model [145]]. Further,
they learn to rely on statistical correlations rather than true causal understanding, leading to what has been
termed “shortcut learning” [[114]. When these correlations are spurious, models frequently produce seemingly
inexplicable and absurd errors when deployed. For example, a classifier trained to distinguish huskies from
wolves was trained using pictures in which all the huskies were in snow, whereas the wolves were not. This
led the model to predict the class based solely on the presence of snow rather than the visual characteristics
of the animal [309]]. In another case, a model trained to predict pneumonia outcomes mistakenly inferred that
asthma patients were at lower risk than those without [59]. Of course, asthmatic patients are actually at a
higher risk when infected with pneumonia. This leads to them being treated more aggressively by doctors,
creating the correlation in the data that was picked up by the model. In both examples, the models failed
to uncover the underlying causal structure and instead rely on surface-level correlations, leading models
to produce high-probability outputs according to the training distribution, rather than factually or causally
correct ones [335,403]. The result is significant degradation in performance under distribution shift.

These failures are particularly acute in language models. Despite their high level of fluency and
seemingly coherent outputs, language models often generate factually incorrect statements [27, [239]. These
‘hallucinations‘ compound and are exacerbated in tasks requiring multi-step reasoning, leading to shockingly
poor performance in tasks such as compositional logic [91], planning [379], or length generalization [407].

This pattern reflects a deeper issue: the lack of structured representations founded in causal understanding

prevents the effective adaptability needed to reason in out-of-distribution situations.

Humans, in contrast, excel at generalization. We can adapt known causal priors to succeed in entirely



new environments, quickly and continuously adapt from a handful of examples or demonstrations to improve
in these environments, and build complex knowledge structures to further generalize and optimize our
actions. A core enabler of this generalization is our causal understanding of the world. Rather than passively
absorbing patterns, from a young age humans utilize their prior knowledge of related concepts to build
causal theories of the environment [134), [126]], and then interact with the environment to test and refine

these causal models [[329, [127]]. This causal understanding underpins not only our ability to reason and act

in the world [346], but is also critical to our capacity to identify salient data for the task at hand [46]; build

modular, transferable abstractions [224]; and to create new theories that can be tested to further build our

causal understanding[[125]].

Indeed, we argue that this causal understanding is what enables humans to generalize where modern
Al systems falter. When faced with novelty, long-tailed situations, or data scarcity, rather than relying on
surface correlations, humans draw on past experience to identify the relevant variables, build robust and
generalizable structures built and extensively tested through lived experience and communication with others.
In these unfamiliar settings, humans continue to formulate and evaluate new causal theories to expand our
understanding and adapt to the domain at hand. Inherently, language plays a critical and symbiotic role in
this endeavor: it provides a flexible framework to structure and refine causal theories [346], while meaningful
language understanding depends on the causal knowledge built through environmental interaction [37,[312].

Given the clear strengths of human cognition in generalization, this thesis explores how we can
design more generalizable AI systems by drawing inspiration from the way humans learn, reason,
and adapt. I focus on three core mechanisms underlying human generalization—data selection, structural
abstraction, and hypothesis-driven learning—and investigate how these can be translated into algorithmic
frameworks.

First, in Chapter 3] we begin by demonstrating the importance of providing Al systems with data that
offers a comprehensive and cohesive representation of the task environment. We specifically investigate
data streams that humans rely on to capture the salient signals for effective generalization. Because data
provides the foundational signals from which systems learn, its nature and scope fundamentally shape what

is learned. Sparse coverage, class imbalances, or the absence of critical edge cases can hinder a system’s



ability to distinguish between spurious correlations and meaningful, generalizable patterns. We identify two
domains, natural language understanding and zero-shot coordination, where humans naturally draw on rich,
multi-modal data streams that are often absent from deep learning pipelines. In human language learning,
interactive experiences with the physical world are essential to ground concepts [37]]. In contrast, large
language models (LLMs) are typically trained on isolated text, lacking the environmental context required
to form generalizable representations [34]. Similarly, in collaborative tasks, humans use non-verbal cues
such as gaze and gesture [2]Jto infer the intentions of others. These are signals that are rarely exploited in
current collaborative Al systems. In both cases, we show that incorporating analogous data modalities into Al
training improves generalization, suggesting that the data sources humans leverage offer valuable guidance
for building more adaptive models.

Second, in Chapter 4, we investigate the role of structure in supporting generalization. We define
structure broadly as the organization of how information flows through a system. Due to their scalability
and flexibility, modern deep learning systems are typically built around the architecture of neural networks.
However, alternative learning paradigms, such as Bayesian belief networks [275] and random forests [48]],
have been proposed to explicitly embed structural constraints in order to guide inference. Most high-
performing systems today also incorporate higher-level structures, such as modular components or temporal
abstractions. Despite this progress, current Al systems still fall short of the flexibility and generality
with which humans construct and apply structure. Humans fluidly organize knowledge using conceptual
hierarchies, cognitive frameworks [[194], and taxonomies [256], enabling efficient reuse, reduced search,
and rapid adaptation. This gap is particularly pronounced in collaboration: while humans rely on shared
abstractions to align goals and coordinate behavior, most Al systems lack the means to represent or reason
over such shared structure. Motivated by this, we propose a hierarchical reinforcement learning framework
for human-agent collaboration that incorporates shared task abstractions. By enabling agents to operate across
multiple levels of abstraction, we show that this approach supports more natural interaction with human
partners and improves coordination in collaborative settings.

Finally, in Chapter [5| we investigate learning mechanisms, specifically how systems update their

internal representations in response to data. Most modern machine learning models rely on gradient-based



optimization over large datasets, gradually adjusting parameters through many small updates. In contrast,
humans can rapidly adapt from limited experience by forming and testing high-level hypotheses about the
underlying causes of observed behavior [126]. Inspired by this, we develop PROSE, a method that infers
latent user preferences about writing style from writing samples, then iteratively refines and verifies these
inferred preferences across previously observed examples. This hypothesis-driven learning process improves
the precision of inferred preferences and enables more effective alignment between model behavior and the
user it aims to imitate.

Collectively, this thesis motivates and demonstrates how insights from human generalization can
be leveraged to develop Al agents that can adapt and transfer what they learn in more robust meaningful
ways. By drawing directly from how humans learn, reason, and interact, these systems become not only
more capable but also more naturally aligned with human norms, expectations, and goals. In this way,
human-inspired design provides a direct path toward more human-centered Al: agents that operate in ways

that are interpretable, appropriate, and effective when interacting with humans.



Chapter 2

Background

Causal understanding has long been a central topic in both human cognition 346} 286] and machine
intelligence [[141]]. Despite progress in both domains, how to replicate the breadth and flexibility of human
causal reasoning, and more broadly, the human capacity for knowledge and skill generalization, remain open
questions. It is increasingly clear, however, that any such progress will depend critically on three components:
(1) the data available to the system, (2) the structure of the system, and (3) the learning mechanisms it

employs. In this chapter, we review related work in each of these areas.

2.1 The Role of Data in Generalization

In the introduction, we highlighted how spurious correlations in data—such as snow in husky vs. wolf
images [309] or asthma in pneumonia patient records [S9]—can cause brittle models that generalize poorly.
In both cases, the models latched onto statistically predictive but semantically irrelevant features. Notably,
adding counterexamples that broke these correlations improved generalization, illustrating how the nature of
the training data fundamentally shapes model behavior.

This observation extends across domains and modalities. In 3D object recognition, PointNet [291]]
shows that using point clouds leads to better generalization than voxels or 2D projections, likely because
point clouds preserve spatial structure more faithfully. In robotic control, Play-LMP [233]] demonstrates
that “play data” which is collected from natural, undirected interactions covers a broader action distribution
than expert demonstrations or random actions, resulting in policies that are more robust to perturbations. In

emotion recognition, PDCNN [369]] finds that models trained on combined facial, textual, and vocal inputs



outperform unimodal baselines, highlighting the importance of integrating complementary cues. Similarly,
Flex-Judge [183]] shows that language models trained on diverse human reasoning patterns generalize better
across modalities and tasks, even with fewer examples.

Together, these studies suggest that effective generalization depends not just on the quantity or diversity
of data, but on its alignment with the informational structures humans rely on: richly descriptive, task-relevant,
and reflective of the causal or compositional signals that underlie good decision-making. When training data
mirrors the multimodal, high-coverage, and semantically meaningful experiences that humans learn from,

models can achieve stronger and more transferable generalization.

2.2 The Role of Structure in Generalization

Whereas data defines the inputs and outputs of a system, structure defines how information flows
through it. Among structural approaches, hierarchies—structures that organize components across multiple
levels of abstraction—are particularly prominent in both human cognition [[10] and artificial agents [382]],
and have long been recognized for their ability to support generalization and efficiency [30]. These benefits
are often attributed to two key properties: feature reuse and sparsity. Feature reuse enables components
learned in one context to be applied in others, while sparsity constrains the search space and can help prevent
the model from relying on irrelevant correlations. For example, decomposing images into background and
foreground could prevent a model from learning to associate “snow” with “husky.” Together, these properties
provide a powerful foundation for efficient and robust adaptation.

In modern deep learning, the dominant structural foundation is the architecture of neural networks.
While these systems have the flexibility to learn directly from data, they are typically less structured than
human-defined systems. Nevertheless, many high-performing neural architectures exploit architectural
structure to achieve generalization through feature reuse and sparsity. For example, convolutional neural
networks (CNNGs) [[199] apply the same filters across spatial locations, enabling the reuse of local features
like edges and textures throughout an image. This weight sharing reduces the total number of parameters and
encourages the model to learn compact, transferable representations. Similarly, transformers [381]] apply a

shared attention mechanism across all input tokens, allowing the model to detect recurring patterns—such



as syntactic or semantic dependencies—regardless of their position. In both architectures, the repeated
application of a fixed set of operations introduces sparsity and facilitates generalization by focusing com-
putation on patterns that appear across contexts. Other works push sparsity more explicitly: DreamerV?2
[136]] uses discrete latent representations to constrain the representational space, while LISA [111] improves
generalization by introducing a hierarchical bottleneck enforced through a codebook, which is shown to be
particularly effective in low-resource settings.

Beyond architectural structure, many systems now incorporate explicit task, behavioral, or spatial
hierarchies, often defined by humans to scaffold learning and decision-making. Hierarchical reinforcement
learning (HRL) [384], for example, uses human-specified abstractions to organize and sequence lower-level
policies, enabling agents to operate across multiple temporal and conceptual levels. SayCan [[161] builds
on this idea by combining a library of independently learned robotic skills with a high-level planner that
selects actions using a pre-trained language model to interpret intent and an RL-trained value function to
assess feasibility. Similarly, HULC++ [243]] employs a spatial hierarchy: a model-based controller handles
coarse, long-horizon planning, while a learning-based policy manages fine-grained motion near the goal.
These systems demonstrate how injecting human-defined structure into deep learning models can improve
both generalization and transparency. Yet even with these advances, neural networks remain heavily over-
parameterized. Research shows that only 10-20% of parameters are needed to maintain performance after
training [[105]], However, identifying these components and their structure a priori remains a major challenge.

Humans, in contrast, can often use their broad knowledge and causal understanding to identify relevant
concepts in order to build sparse and targeted conceptual hierarchies [372]. These structures evolve with
experience and enable humans to generalize quickly, even in unfamiliar environments. Crucially, they span
multiple levels of abstraction—from low-level sensorimotor patterns to high-level conceptual groupings—
allowing humans to flexibly organize and apply knowledge across diverse tasks.

Interestingly, recent work has shown that very large pre-trained networks exhibit some degree of sparse
concept encoding. For example, OpenAl was able to identify “multi-modal neurons” that would activate for
the same concept, regardless if the concept was shown as an image or text [122]]. Anthropic analyzed the

internal “biology” of an LLM and were able to parse subsets of neurons, i.e., interpretable building blocks,



that consistently fired for specific concepts. By tracing the interactions among these features, they observed
patterns that resembled planning, multi-hop reasoning, and solving problems using multiple pathways [217]].
While current work remains focused on identifying such structures, developing methods to systematically

harness these pathways may be a promising direction in the future for more targeted updates.

2.3 The Role of Learning Mechanisms in Generalization

In this section, we investigate how a system updates its internal representations in response to data. Most
modern deep learning systems rely on variants of stochastic gradient descent [43]], which iteratively adjust
model parameters by predicting outputs, computing the loss with respect to ground truth, and backpropagating
gradients to minimize that loss. While this mechanism enables learning directly from raw data without
manual supervision and exhibits predictable scaling laws [[171], it often requires massive amounts of data
and compute, and in turn money, to train performant systems. To improve efficiency, various strategies have
been developed to reduce the data burden. These include data augmentation via jittering and transformation
[189]], the use of latent imagination to simulate trajectories and outcomes [136], and more recently, synthetic
data generation using large models to bootstrap training pipelines [21]. However, these approaches primarily
mitigate the inefficiencies of gradient-based learning rather than addressing their root causes.

In contrast, humans are able to adapt quickly from just a few examples, interactions, or instructions. A
core hypothesis for this capability is the theory theory [1235]], which suggests that humans learn by forming
high-level hypotheses about the world, testing them, and updating their beliefs based on the outcomes [[126].
Notably, these updates occurs at a conceptual level, rather than at the level of individual neurons [372]. This
results in larger, more targeted “updates”. Further, because the human directly acts on the world instead of
passively observing it, it is easier to infer the causal effect of their action.

Meta-learning, or “learning to learn,” seeks to narrow this gap by enabling models to internalize more
effective update strategies from prior tasks. Algorithms like MAML [100] and Reptile [261]] train models
to be highly adaptable with just a few gradient steps, essentially optimizing for rapid generalization. These
approaches mirror aspects of human learning, where experience with prior tasks shapes the learner’s inductive

biases, allowing new tasks to be learned more efficiently. However, most meta-learning methods remain
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fundamentally gradient-based, require inefficient inner-loop optimization, and struggle to scale beyond
simplified tasks or curated benchmarks.

While still in its infancy, recent research has begun exploring models that close the gap to human by
learning by endowing them with the ability to generate and test hypotheses [[198]]. Modern LLMs, equipped
with broad prior knowledge from pre-training and the ability to reason in and through natural language, can
form hypotheses, test them, and extract insights to guide future behavior. This paradigm has been applied
to emulate human writers [[109], align robot behavior with human preferences [277], and, most notably, to
achieve a gold medal at the International Math Olympiad [[157]. While promising, such methods remain
constrained by the representational limits of language and the fixed nature of pretraining. Moreover, despite

their scale, current models still fall short of human-level causal understanding and grounded reasoning.



Chapter 3

Generalization through Data

In this chapter, I present my work on leveraging insights from how humans select and utilize data
to enhance generalization in Al systems. I explore this theme through two distinct domains: language
understanding and human-agent interaction.

In the first part of this chapter, I examine several approaches to grounding language. Modern large lan-
guage models (LLMs), such as GPT-4 [267], demonstrate that language possesses exceptional generalizability
due to its flexibility in encoding shared human knowledge, supporting abstraction, and enabling unconstrained
reasoning across varied contexts. However, human language acquisition research emphasizes that meaningful
linguistic understanding is fundamentally rooted in embodied interactions with the physical environment
(1150 137,139 1120, 108], a critical component largely absent from current text-only LLM training. My initial
probing (Section[3.1)) highlights significant shortcomings of LLMs when faced with physical reasoning tasks.
Follow-up work (Section identifies reporting bias—the human tendency to omit information perceived as
obvious—as a contributing factor to these limitations, and demonstrates that multi-modal approaches better
mitigate this issue. To address this gap directly, I introduce RESEED (Section[3.3)), a novel method integrating
environmental data into LLM training, significantly improving performance on challenging out-of-domain
sequential reasoning tasks.

In the second part of this chapter (Section [3.4)), I explore methods for rapidly identifying and inter-
preting implicit data signals from human teammates. Effective human-agent interaction depends crucially
on quickly understanding key attributes of teammates, including their proficiency, trustworthiness, and

intent. Humans excel at extracting such information by implicitly attending to behavioral cues such as
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actions, body language, and eye gaze when explicit communication is limited or impossible [106]. Here, I
investigate how agents can similarly leverage behavioral patterns and eye gaze data to predict these teammate
characteristics. My findings reveal that both behavior and gaze independently provide valuable predictive
signals, but importantly, their integration—a natural cognitive process for humans—achieves significantly
stronger and more reliable inference. These continuous implicit signals thus represent an essential data stream

for agents aiming to rapidly adapt and perform effectively alongside new teammates.

3.1 PROST: Physical Reasoning about Objects through Space and Time

The work described in this section has been published in ACL-Findings 2021 [15]].

3.1.1 Introduction

In the context of natural language processing (NLP), [28] provides a working definition of “understand-
ing” as the ability to recover the communicative intent from an utterance. To achieve this, one must be able to
query a set of concepts that is aligned with the speaker’s own understanding. An example of such alignment
is our interaction with the physical world. This experience, shared by all humans, provides a common set of
concepts to rely on in communication. For example, the reader can map the phrase I dropped my pint glass
to a set of relevant experiences and generate a mental depiction of the scene. Further, the reader can also
use their knowledge of gravity and the properties of a pint glass to reason about potential outcomes: the pint

glass will fall toward the ground and will likely break on impact.
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A person drops a glass, a pillow, a coin, and a pen from a balcony.
The [MASK] is most likely to break.
A) glass  B)pillow C) coin D) pen

Figure 3.1: An example question from PROST.

Children grab, push, and play with the objects around them to form concepts about the world they live
in even before learning to talk [139]. These concepts are then linked with words to enable communication,
eventually providing the necessary grounds for concepts and language to co-develop [137, [115]]. In contrast,
current language models (LMs) are not exposed to real-world experiences, making them incapable of
grounding language [33]]. We hypothesize that this lack of experience impedes their ability to both understand
an utterance relating to the physical world and their ability to reason about its implications.

In order to investigate our hypothesis, we create PROST: Physical Reasoning of Objects Through
Space and Time, a probing dataset to evaluate the ability of pretrained LMs to understand and reason about
the physical world. PROST consists of multiple-choice cloze-style questions covering 10 basic concepts:
direction, mass, height, circumference, stackable, rollable, graspable, breakable, slideable, and bounceable.
Importantly, PROST is designed to avoid models succeeding in unintended ways. First, PROST provides no
training data, so as to probe models in a zero-shot fashion. This prevents models from succeeding through
spurious correlations between training and test data and encourages success through a true understanding of
and reasoning about the concepts at hand. Second, we manually write templates for all questions in an effort
to prevent models from having seen the exact same sentences in their training data. Finally, it focuses on a
small set of well defined, objective concepts that only require a small vocabulary. This allows researchers to
focus more on the quality of training data rather than the size of it.

Contributions We make two contributions: 1) We introduce PROST, a dataset with 18, 736 cloze-

style questions created from 14 manually written templates, covering 10 physical reasoning tasks. 2) We
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conduct an extensive analysis which demonstrates that state-of-the-art pretrained models are inadequate at
physical reasoning. More specifically, they are influenced by the order in which answer options are presented
to them, they struggle when the superlative in a question is inverted (e.g., most <> least), and increasing
the amount of pretraining data and parameters only yields minimal improvements. The dataset and code is

available at github.com/nala-cub/prost.

3.1.2 Related Work

Evaluation of Reasoning Abilities As pretrained models are excelling on many NLP tasks, more
work is being done on understanding their abilities. A subset of this work focuses on physical reasoning.
PIQA [35]] tests physical commonsense, with concepts ranging from hard shell tacos to separating egg yolks.
In order to succeed on PIQA through reasoning, a model would need to be able to understand thousands of
human experiences. In contrast, PROST provides a first step towards grounded understanding and reasoning
by focusing on a few simple concepts. [22]] provides a set of 2D puzzles that involve placing a new object in
a scene to accomplish a goal. This research also focuses on simple physics, however there is no language
component. [71] and [[174] both provide a large set of grade school multiple-choice questions, including
some that could be solved with reasoning. However both provide corresponding material where the solution
can be found, relying more on information retrieval than a general understanding and reasoning about the
world.

Another set of reasoning-based benchmarks focuses on common sense reasoning. SWAG and its
extension hellaSWAG evaluate commonsense natural language inference [414)415]. [325]] tests common-
sense reasoning about social situations. However, commonsense reasoning is often subjective and requires
understanding of complex human—human interactions involving social and societal norms. In contrast,
physical reasoning is based on objective and well defined constructs.

Other datasets [[101} 93} 121]] focus on object—attribute comparison. However, they compare concepts
at a word level rather than sentence level and use a large training set to create an engineered object—attribute
comparison model. It is difficult to see how these models could generalize to other forms of reasoning.

Moreover, all the above datasets follow a pretraining-agnostic identically distributed (PAID) paradigm
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[218]], making them susceptible to models that can leverage unintended correlations between the training and
test sets.

Zero-Shot LM Probes Similar to PROST, several recent benchmarks have circumvented the concern
of identically distributed training and test sets by probing models in a zero-shot manner. [282] queries masked
LMs (MLMs) for factual knowledge using templates in the format of Dante was born in [MASK]. [363]]
use a similar format to probe six concepts ranging from age comparison to taxonomy conjunction. [97]]
uses this format to show that BERT robustly retrieves hypernyms, but fails to understand negation. [212]
probe numerical commensense in both MLMs and traditional LMs. [397]] measures traditional LMs’ sense of
grammatical acceptability by comparing sentence probabilities.

Grounded Language Environments PROST investigates if pretrained models show a lack of
understanding of the physical world which could result from learning language without grounding. While not
used for pretraining, a number of multi-modal environments have been developed to ground language. [338]]’s
ALFRED builds on other vision-and-language navigation environments [[129, 308 432 [8]], and enables
grounding of language instruction to actions, behaviours, and objects. BABYAI [66]] and BABYAI++ [56]
provide an environment to ground simple language in a gridworld. Additionally, other work has explored
grounding language in simulations or the real world [[140, 234]]. While they provide important resources to
ground language, little emphasis is placed on the language modules themselves. They are often trained tabulae
rasae, learning language for a singular purpose and missing out on the syntax and coverage learnt during
pretrainingﬂ language is only ever an input, and no analysis has been done on how language understanding

evolves as the agent learns to succeed on different tasks.

! An exception is [234]], which incorporates modern LMs and provides impressive generalizability. However, they too only use
language as an input and do not analyze how language understanding evolves.
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Category

| Qs. |

Template

Directs. 1

Directs. 2a
Directs. 2b
Directs. 2¢

Directs. 2d

12

A person is walking {north/east/south/west}. They turn {left/right/around}.

They are now walking [MASK].

A) north B) east C) south D) west

A person drops a ball.

Immediately after leaving the person’s hand, the ball is moving toward the [MASK].
A person throws a ball straight into the air.

Immediately after leaving the person’s hand, the ball is moving toward the [MASK].
A person throws a ball straight into the air.

Immediately after reaching the highest point in it’s trajectory, the ball is moving toward the [MASK].
A person drops a ball. The ball then bounces off the ground.

Immediately after bouncing off the ground, the ball is moving toward the [MASK].
A) ground B) sky C) left D) right

Mass 1

Mass 2

720

720

A(n) {mass_obj1}, a(n) {mass_obj2}, a(n) {mass_obj3}, and a(n) {mass-obj4} moving at identical speeds each collide
with a static hockey puck.

The puck hit by the [MASK] slides the {shortest/longest} distance.

A(n) {mass_obj1} and a(n) {mass_obj2} are placed on either end of a perfectly balanced seesaw.

The side of the seesaw with the [MASK] moves {up/down}.

A) {mass-obj1} B) {mass-obj2} C) {mass-obj3} D) {mass_obj4}

Height 1

Height 2

720

720

QIRRR Q|IRARARARQIRNR

Four balls are dropped. The 1st is dropped from the height equivalent of a {h_obj1}, the 2nd is dropped from the height
equivalent of a {h_obj2}, the 3rd is dropped from the height equivalent of a {h_obj3}, and the 4th is dropped from the
height equivalent of a {h_obj4}.

The ball dropped from the height of the [MASK] takes the {longest/shortest} amount of time to fall.

There are 4 staircases. The 1st staircase leads to the top of a {h-obj1.}, the 2nd staircase leads to the top of a {h_obj2.},
the 3rd staircase leads to the top of a {h_obj3.}, and the 4th staircase leads to the top of a {h_obj4.}.

The staircase leading to the top of the [MASK] is the easiest/hardest to walk up.

A) {h_objl} B) {h_obj2} C) {h-obj3} D) {h-obj4}

Circumf. 1

Circumf. 2

720

720

Four people are walking at identical speeds. The first walks around a {circ_obj1}, the second walks around a {circ_obj2},
the third walks around a {circ_obj3}, and the fourth walks around a {circ_obj4}.

The [MASK] takes the {longest/shortest} amount of time to walk around.

A person paints a circle around a {circ_objl}, a {circ_obj1}, a {circ_objl}, and a {circ_obj1}.

The circle around the [MASK] takes the {most/least} amount of paint.

A) {circ_obj1} B) {circ.obj2} C) {circ-obj3} D) {circ_obj4}

Stackable

2400

A person is trying to stack {stack}, {no stackl}, {no stack2}, and {no stack3}.
The [MASK] are the {easiest/hardest} to stack.
A) {stack} B) {no stackl} C) {no stack2} D) {no stack3}

Rollable

2400

A person is trying to roll a(n) {roll}, a(n) {no rolll}, a(n) {no roll2}, and a(n) {no roli3}.
The [MASK] is the {easiest/hardest} to roll.
A) {roll} B) {no rolll} C) {no roli2} D) {no roll3}

Graspable

2400

A person is trying to move a pile of {break}, a pile of {no breakl}, a pile of {no break2}, and a pile of {no break3}
from one side of a room to the other using only one hand.

The [MASK] is the {most/least} likely to break.

A) {break} B) {no breakl} C) {no break2} D) {no break3}

Breakable

2400

A person drops a {break}, a {no breakl}, a {no break2}, and a {no break3} from a balcony.
The [MASK] is the {most/least} likely to break.
A) {grasp} B) {no graspl} C) {no grasp2} D) {no grasp3}

Slideable

2400

A person is sliding four bricks across four hard surfaces. The st surface is covered with {slide}, the 2nd surface is
covered with {no slidel}, the 3rd surface is covered with {no slide2}, and the 4th surface is covered with {no slide3}.
The surface covered with [MASK] is the {hardest/easiest} for the brick to slide across.

A) {slide} B) {no slidel} C) {no slide2} D) {no slide3}

Bounceable

2400

oo o|ee oleenlse oloen|sec|sece olse o

A person is trying to bounce a rubber ball. They drop a first ball onto {bounce}, a second ball onto {no bouncel}, a
third ball onto {no bounce2}, and a fourth ball onto {no bounce3}.

The ball dropped onto[MASK] bounces the {most/fewest} times.

A) {bounce} B) {no bouncel} C) {no bounce2} D) {no bounce3}

Table 3.1: All templates in PROST. C: = Context, Q: = Question, O: = Options. {} indicate placeholders.
The objects can be found in Table[3.3] Other placeholders show their possibilities in the braces themselves.
[MASK] indicates the blank that the models need to fill. See Section [3.1.3] for more information.

NOTE: The number of objects with and without the affordances are swapped when the superlative is inverted.
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Model Type ‘ Input ‘ Target

Decoder ‘ (context) They are now walking (O). ‘ Max probability for each sentence input to the model
Encoder ‘ (context) They are now walking (M). ‘ Max probability for the masked token.

T5 ‘ (context) They are now walking (X). ‘ (X) south (Y)

Which way are they walking now? \n (A) north | south

UnifiedQA
(B) south (C) east (D) west \n (context)

Table 3.2: Overview of the task preprocessing for different architectures evaluated. In all methods, the context

remains unchanged and is “A person is walking west. They turn left.”

3.1.3 PROST

PROST consists of 18, 736 cloze-style multiple-choice questions designed for probing a LM’s physical
reasoning ability. They cover 10 basic concepts: direction, mass, height, circumference, stackable, rollable,
graspable, breakable, slideable, and bounceable. We choose these concepts because they are well defined,
easily learned by interacting with the world, and are useful concepts for any embodied agent. The questions
are constructed from 14 manually written templates. Each template follows one of three different formats:
the first format is specific to the set of questions pertaining to directions; the second format is used to gauge
the relative attributes—specifically mass, height, and circumference—of objects; and the third format targets
the affordances of objects—specifically whether an object is stackable, rollable, graspable, or breakable, and
whether a surfaces is slideable or bounceabld? .

We use CheckList [310] to obtain the questions from our templates. We show all templates in Table [3.1]
and explain them in detail below. We end this section by describing the objects featured in PROST.

Direction Templates We use two templates to generate questions which probe understanding of
direction. The first focuses on cardinal directions. The second uses a set of four manually crafted questions
to probe understanding of how gravity affects the directions of a ball throughout its trajectory. Due to their
similarity, we count these four questions as a single template. The direction templates create a total of 16

questions.

2 Bounceable here refers to providing an elastic collision.
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Attribute Templates The second set of templates probe the models’ ability to reason about relative
mass, height, and circumference of common objects. For each of these three concepts we create a set of six
objects that are easily ordered by their respective attributes. A context is first presented with up to four of the
six objects to prime the models with the range of possible choices. This is followed by a prompt that probes
the model to select one of the objects based on the object’s mass, height, or circumference. By inverting the
superlative in the prompt (e.g., longest <> shortest), we can probe the model’s ability to identify both the
object with the highest attribute value and the object with the lowest attribute value from the set of choices.
We permute through all objects and all orders. Each of the three attributes are tested using two templates that
share the same set of objects. Each template produces Py * 2 = 720 questions, meaning each attribute is
probed using 1440 questions.

Affordance templates The remaining templates target an understanding of object affordances. For
each affordance—stackable, rollable, graspable, breakable, slideable, and bounceable— we collect a set of
five objects with and five objects without that affordance. Again, we first provide a short context that contains
each of the four possible objects. We then provide a prompt that requires the model to select the only object
either with or without the affordance. We include all permutations of objects where there is exactly one
correct answer. These templates produce 5Py * 5P5 % 4 % 2 = 2400 questions for each of the six affordances.

Objects in PROST  All possible values for the placeholders in our templates are shown in Table 3.3
For affordances, we display objects in two groups: those with and without each affordance. For attributes,
objects are sorted by increasing order, e.g., for mass, leaf is the lightest object and microwave is the heaviest
object. Each object in PROST is selected to be single-token compatible for a wide range of vocabularies to
enable easy probing of MLMs. We validate the order of our attribute objects and the group membership for
our affordance objects by collecting judgments from 9 human validators. The validators obtained a 100%

agreement on the object ordering, and 94.6% agreement on the object group membership.
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Attributes

Attribute | Objects
mass leaf, coin, egg, apple, brick, microwave
height book, microwave, table, car, house, mountain
circ book, microwave, table, car, house, mountain

Affordances
Affordance | Objects
stack books, blocks, boxes, coins, plates

no stack |balls, bottles, eggs, flowers, lamps

roll apple, ball, bottle, egg, can
no roll book, box, block, mirror, microwave
grasp balls, blocks, books, bottles, flowers

no grasp |flour, rice, salt, snow, sugar

break bottle, egg, glass, mirror, plate

no break |ball, coin, pen, pillow, shirt

slide ice, frost, grease, oil, soap

no slide | carpet, concrete, grass, gravel, rubber

bounce asphalt, brick, concrete, rubber, steel

no bounce | carpet, foam, grass, leaves, snow

Table 3.3: Objects used in the templates.

3.14 Models

Using PROST, we probe three types of transformer-based models [381]: decoder models, encoder
models, and encoder-decoder models. Each model has slightly different formatting requirements, which
we show in Table[3.2] For each model type, we probe a range of different sizes to investigate the effects of

scaling. We use Huggingface’s [402] pretrained models, see Table [3.4]for the full set.
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Model \ Params (M) \ Data (GB)
GPT \ 116.5 \ 2
GPT2 B 124.4 40
354.8 40

L 774.0 40

XL 1557.6 40

BERT B 110.1 13
336.2 13

RoBERTa B 1247 160
L 355.4 160
ALBERTV2 B 1.8 160
L 17.8 160

XL 59.0 160

XXL 232 160

T5 S 60.5 170
2229 170

7377 170

3B 2851.6 170

Table 3.4: Summary of models evaluated on PROST. We list the amount of pretraining data as the size of the

uncompressed text corpus used.

Decoder Models We analyze OpenAl’s GPT-1 [294]] and GPT-2 [297]. Both are based on a
transformer decoder architecture and trained on a traditional language modeling objective. We run these
models over each question four times, each time with a different choice replacing the [MASK] token.
Following [397]], we select the sentence with the highest probability.

Encoder Models We analyze BERT (uncased) [84], RoOBERTa [222], and ALBERT [196]], which
are all based on transformer encoders. BERT is trained on MLM and next sentence prediction and uses static
masking, ROBERTa is trained on MLM with dynamic masking, and ALBERT uses whole-word n-gram
masking. For probing, we filter out all but the four answer choices from the output vocabulary and select the

token with the highest probability as the model’s decision.
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Encoder-decoder Models  We also include results for TS5 [301]. TS is trained using a span corruption
objective, in which spans of the input sequence are randomly replaced with a single mask token. During
pretraining, span lengths are chosen randomly with an average length of three. To keep our results consistent
with the other models, we restrict the span length to one token. We find that two of the options for sliding
surfaces, namely ice and frost, violate our single-token constraint. To avoid any unfair comparison between
answers that differ in token lengths and following previous work [123]], we chose to omit presenting the

results for TS5 on the sliding concept.
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Model ‘Direction Mass Height Circum. Stack Roll Grasp Break Slide Bounce‘Macro Average
GPT ‘ 46.7 40.1 243 22.8 282 279 196 227 146 144 ‘ 26.1
GPT2 433 314 220 18.8 262 203 179 225 169 170 23.6
48.3 341 21.6 21.6 255 237 249 278 225 185 26.8
L 46.7 33.1 254 27.0 255 269 206 218 213 15.6 26.4
XL 46.7 342 258 263  31.1 363 294 267 237 205 30.1
BERT B 40.0 329 275 25.6 209 26.1 233 28.0 182 13.0 25.5
L 70.0 38.8 194 175 213 192 26.7 195 159 18.6 26.7
RoBERTa B 46.7 369 258 23,5 345 193 254 450 209 114 28.9
L 66.7 434 338 2277 227 222 294 238 227 255 31.3
ALBERT V2 B 21.7 354 302 26.0 252 325 353 228 153 229 26.7
L 41.7 382 319 27.5 233 297 340 245 234 221 29.6
XL 46.7 38.7 42.0 374 302 282 371 17.8 253 143 31.8
XXL| 68.3 33.8 28.1 245 294 234 212 302 175 221 29.8
T5 S 20.0 365 29.8 252 250 259 254 250 — 302 27.0*
B 40.0 37.0 326 23.8 250 234 252 256 — 378 30.17
46.7 35.7 30.7 27.6  31.8 230 340 252 — 227 30.8"
3B 46.7 39.6 35.6 29.8 347 315 356 338 — 125 33.3"
UnifiedQA S 0.0 342 348 303 244 290 288 271 — 31.0 26.6"
B 0.0 17.8 333 223 255 349 279 365 — 457 27.1*
L 83.3 17.2 495 473 235 284 275 436 — 326 39.2*
3B 63.3 37.8 552 66.9 312 352 248 814 — 248 46.7*
Task Average 46.3 36.5 28.6 252 271 259 274 260 199 199 28.5

Table 3.5: Macro average for each concept and overall for each model on PROST. The best accruacy for

general pretrained-only models is displayed in bold. Note that the task average does not include UnifiedQA.

Finetuned Conditional LMs To better understand the limitations of text-only training, we addition-
ally evaluate UnifiedQA [178]]. UnifiedQA is a pretrained QA model, built off TS5, and finetuned on SQuad
1.1, SQuabD 2.0, NarrativeQA, RACE, ARC, OpenBookQA, MCTest, and BoolQ [304} 303 [184], (193] (71}
249, 3111169]. We format all of our templates to fit their multiple-choice question answering format and use

their provided scoring metrics to select the models’ answers

3 https://github.com/allenai/unifiedga
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3.1.5 Results

The per model and per concept results are shown in Table For concepts with more than one

template—direction, mass, height, and circumference—we average across templates to get the concept’s

SCore.

We can see that, on average, ALBERT-V2-XL performs best, with an accuracy of 31.8%@, and GPT-2
performs worst, with an accuracy of 23.6%. We note that random guessing would yield an accuracy of 25%.
Furthermore, every model underperforms random guessing on at least one concept. Since PROST is trivially

solvable for humans, this supports our hypothesis that pretrained models are unable to perform physical

reasoning anywhere close to human performance.

Comparing across all concepts, we see that direction obtains the highest average accuracy with 46.8%.
The second best accuracy is observed for the mass attribute with 36.5%. The concepts models struggle the

most with are the slideable and bounceable affordances, both with an average accuracy of 19.9%.

Position Accuracy

Model
1 2 3 4

GPT 27.0 243 7.6 38.6
GPT-2 29.9 231 8.1 42.0
BERT 284 243 5.7 38.2
RoBERTa 39.0 287 11.2  30.0
ALBERT V2 | 325 258 9.7 442
T5 524 21.1 1.9 35.2
UnifiedQA 41.0 277 18.8 519
Average 3577 250 9.0 40.0

Table 3.6: Accuracy across the correct answer’s position in the context.

* Note: as detailed in Section[3.1.4] T5 and UnifiedQA are not being evaluated on sliding. We therefore disregard their average

accuracy.
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Model ‘ Mass Height Circum. Stack Roll Grasp Break Slide Bounce ‘ Macro Average
GPT ‘ 9.4 2.2 14.0 359 430 227 133 9.8 10.1 ‘ 17.8
GPT-2 19.2 243 1.1 16.1 51 121 319 249 158 16.7
312 129 21.5 127 202 7.8 499 333 9.2 22.1
L 25.8 242 25.4 56 167 184 246 282 237 21.4
XL | 435 6.7 1.5 56.1 515 363 315 158 324 30.6
BERT B 5.0 400 2.5 123 154 3.1 449 122 11.2 16.3
192 215 5.8 1.8 34 42 172 95 30.4 12.6
RoBERTa B 4.7 4.0 6.5 550 138 27.8 89.6 21.8 158 26.5
L 31.0 247 26.8 9.7 21.1 332 315 339 332 27.2
ALBERT V2 B 4.7 31.0 7.9 148 144 664 2.3 7.2 1.5 16.7
L 0.6 11.9 23.6 30,0 368 522 69 287 132 22.7
XL 9.4 0.7 8.5 195 81 31.0 109 82 20.6 13.0
XXL | 18.1 29 18.5 42 122 20 372 163 11.3 13.6
T5 S 8.3 12.9 13.5 00 39 08 3.1 — 1.8 5.5
8.7 26.9 5.8 00 02 05 3.1 — 26.2 8.9
5.0 20.3 1.7 75 226 105 377 — 0.5 13.2
3B 16.1 12.2 0.7 92 88 5.1 347 — 24.9 14.0
UnifiedQA S 46.9 54 19.7 2.8 345 310 390 — 9.3 23.6
B 19.2 192 4.3 24.6 304 104 4.9 — 49.5 20.3
L 18.5 285 26.2 18.6 28.1 41.6 7.9 — 48.1 27.2
3B 8.2 46.2 36.1 6.8 1.8 0.7 134 — 26.4 17.5
Task Average 153 164 10.9 171 17.,5 197 277 192  16.6 17.6

Table 3.7: Absolute difference in accuracy between a question and its superlative inverse.

3.1.6 Analysis

Object Order in Context For the concepts that use objects, all four choices are listed in each
question’s context. PROST contains all permutations with regards to their ordering. This enables us to
directly look at the effect of the correct answer’s position within the context on the models’ accuracy. These
results shown in Table

We see that models have a strong tendency to select either the first or the last item seen in the context.

The largest difference is found for T5, with an accuracy of 52.4% for objects at position 1 and an accuracy of
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only 1.9% for objects at position 3. We note that a proper understanding of the questions, as most humans

would have, would be robust to the order in which the choices are presented. This further underlines that

state-of-the-art models do not perform human-like physical reasoning.
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Figure 3.2: Scaling effect of models on accuracy. Circles size represents number of parameters.

Superlative Inverses By inverting the superlative in a question, we are able to probe a mirrored

version of the question. For example, for attributes, this would require the model to identify the lightest

object instead of the heaviest object, or, for affordances, it would require the model to identify the not

stackable object instead of the stackable object. We call these mirrored versions superlative inverses. A

true understanding of the questions in PROST should be robust to this kind of inversion. However, Table [3.7]

shows all models perform better on one of the two versions. Of the probed models, GPT-2 is the most

unbalanced, averaging 30.6% higher for one version over the other.

Data and Model Scaling  Figure [3.2] shows each model’s accuracy as a function of the number of its

parameters. Unlike for many modern benchmarks, where increasing the number of parameters or training

data provides significant benefits [363] , PROST does not see much improvement from such scaling. We
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observe some improvements with T5-3B outperforming T5-small, but this 6.6% increase requires a 48x
increase in parameters and T5-small still outperforms T5-3B on one task. Moreover, some models break this
trend: ALBERT’s XL version outpeforms its XXL counterpart and GPT-2 M outperforms GPT-2 L. While
previous work has revealed the impressive scaling laws of transformer-based architectures [171], PROST
highlights the importance of relevant and informative training. As physical reasoning is not an ability that
humans acquire via text, even substantially more open domain textual data is unlikely to lead to more than
marginal improvements.

The Limits of Text-based Training To our knowledge, UnifiedQA is the most qualified model to
succeed on our task, having been finetuned on a significant amount of relevant text data. While this additional
data does provide benefits on PROST, it still falls short, with the best performing model we tested only
achieving a 46.7% accuracy. Additionally, from Tables and it still lacks the robustness of proper
understanding. This emphasizes that models are unlikely to obtain human-like reasoning from text-based
training alone. Rather, PROST motivates exposing models to concepts through multiple modalities that

mirror a human’s experience.
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Figure 3.3: Analysis of the performance of UnifiedQA 3B on PROST throughout PIQA finetuning. The left
and right Y axis represent Accuracy on the PIQA dev set and Macro accuracy on PROST respectively. We
finetune for 100K steps, and compute metrics every 2k steps. Annotations correspond to the checkpoints with

the best performance on PIQA and PROST. Note that PIQA has two answer choices, while PROST has 4.
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Comparing PROST and PIQA  Due to their shared focus on text-based physical reasoning, PROST
and PIQA share similarities. To test if models trained on PIQA are able to carry over any concepts to
PROST, we further finetune a UnifiedQA model on PIQA and evaluate it on PROST. The results, shown in
Figure indicate that training a model on PIQA is detrimental to its performance on PROST. While PIQA
and PROST share a few conceptual similarities, they differ in terms of format, style, and vocabulary. We
thus hypothesize that current models learn more about these surface-level differences than the conceptual

similarities underpinning the questions. We further highlight two key differences between the two datasets:

* PROST probes models in a zero-shot fashion, whereas PIQA provides training and test sets of
identically distributed examples. This makes it possible for models on PIQA to answer successfully

using spurious correlations rather than physical reasoning.

* PIQA [35]] covers an extensive range of objects and challenging physical concepts. [33]] argues
that experience is a prerequisite for understanding. It is hard to imagine how to expose a model to
experiences ranging from egg yolk separation to making a pillow out of a garbage bag. In contrast,
PROST provides a clear set of well defined concepts and objects that a model could potentially

experience.

3.1.7 Discussion

Our experiments show that all the models we analysed fail to demonstrate a robust understanding of
physical reasoning. Beyond performing poorly across every concept, they are easily influenced by changing
the order of the objects in a question’s context and by superlative inverses. Moreover, our analysis indicates
that these issues are not likely to be solved simply by increasing the amount of model parameters or training
data. All this evidence supports [28]]’s and [33]’s theory that experience is a prerequisite of understanding.

A number of other reasoning benchmarks have been solved to some extent by a large finetuned model.
UnifiedQA (11B parameters), based on T5 [301]], achieved 81.4% on ARC [71]; and UNICORNE] (11B

parameters), also based on T5, achieved a 93.9% accuracy on hellaSWAG [415]]. While all these models

3 leaderboard.allenai.org/hellaswag/submissions/public
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are larger and are trained on more data, our results force us to ask the question whether they perform well
because these additional parameters and data have imbued the models with an ability to reason, or if they
succeed by finding subtle unintended correlations in the data. This forces us to look more closely at how
models succeed, and not just the accuracy they achieve. Tools like CheckList [310] can aid in this endeavor
by demonstrating how robust models are to changes in the distribution of the data.

How to Use this Probe PROST is intended to help analyze any model that can be deployed in a
text-only setting. However, we maintain that multi-modal data is necessary to experience the concepts in
PROST, and that these experiences are likely a crucial step in succeeding on this dataset. One way that
multi-modal models could prepare for this type of text-only evaluation is through multi-task training, where
one of the tasks is only conditioned on text. Such an approach has already been considered: [49] propose an
extension to their CLIP model which is trained on multiple modalities in a multi-task fashion. Because of the
templated nature of PROST, its exact format can be adapted to match specific styles of language training, as
we do for T5 and UnifiedQA.

PROST’s language-only approach is motivated by two reasons. First, we believe that true multi-modal
models should be able to function on any subset of their modalities. We note that humans can easily interact
with text-only inputs (e.g., a text message) while still learning from and interacting with other modalities.
Second, it enables the comparison of models trained using different modalities or domains. For example,
we believe comparing how language understanding modules evolve when trained on vision-and-language
navigation compared to visual question answering would provide invaluable insights.

Limitations = We caution that achieving a high accuracy on PROST does not necessarily guarantee
that a model is able of physical reasoning. It is likely easy to succeed on this benchmark if one were
to intentionally train models on similar enough sentences or a subset of PROST itself. We hope that the
community will use this dataset in the intended way: in a zero-shot setting to probe models which have been

trained on data not specifically collected to succeed on PROST.
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3.1.8 Conclusion

In this work, we introduce PROST, a probing dataset designed to evaluate a model’s ability to reason
about physical interactions. Our experiments reveal that state-of-the-art pretrained language models struggle
with basic physical reasoning tasks, particularly when faced with subtle linguistic perturbations such as
reordered options or inverted questions, challenges that do not typically confuse humans. These findings
underscore a critical gap in current LLM training: a lack of grounded, embodied experience. Moreover, our
analysis suggests that this gap cannot be bridged through model scaling alone. These results reinforce the
broader need to move beyond text-only data and to incorporate the kinds of rich, structured data sources that

support human-like generalization.

3.2 The World of an Octopus: How Reporting Bias Influences a Language Model’s

Perception of Color

The work described in this section has been published in EMNLP 2021 [271].

3.2.1 Introduction

Given sufficient scale, language models (LMsﬂ are able to function as knowledge bases, yielding
factoids and relational knowledge across a wide range of topics [283] 45]. However, subsequent work
[28L 133} [15]] has raised concerns about the inherent limitations of text-only pretraining. Motivated by these
concerns and limitations, we identify and investigate how reporting bias, a concrete and measurable signal,
correlates with these limitations and how multimodal training can mitigate these issues.

Grice’s conversational maxim of quantity [257] asserts that utterances only contain the required amount
of information. This leads to explicit reporting of self-evident knowledge being rare, while less common
facts, properties, or events are being reported at disproportionately high frequencies. For example, while
most people agree that bananas are typically yellow, the bi-gram “green banana” is 332% more frequent in

the Google Books Ngram Corpus [216] than “yellow banana” This reporting bias inevitably propagates

8 In this paper, we use LM to refer to both causal LMs as well as masked LMs.
" We calculate this number using version 3 from February 2020.
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from corpora to the models trained on them [339] and affects a variety of concepts. One such concept that we
would expect to be harmful in downstream applications, is easy to measure, and is solvable via visual input is
color. For these reasons, we investigate the relationship between reporting bias and modern LMs’ perception

of color.

Q Everyone knows that most bananas are [MASK].

Figure 3.4: An example prompt from CoDa.

People’s understanding of color is primarily derived from their experience in the world. Every time we
interact with an object, we update our understanding of the possible colors that object can take on. Further,
we can often apply meaning to the differences: a green banana is unripe, a yellow banana is ideal, and a
brown banana may be past its prime. Text-only LMs do not share this embodied experience. Similar to an
octopuﬂ they cannot see colors, and need to rely solely on the inaccurate reporting of colors in text. Thus,
we expect the colors LMs associate with objects to differ drastically from a human’s perception.

To test this hypothesis, we construct the Color Dataset (CoDa) — a ground-truth dataset of color
distributions for 521 well-known objects via crowd-sourcing. We use this dataset to compare the color
distributions found in text and those predicted from LMs, finding that a LM’s shortcomings in recovering
color distributions correlates with the reporting bias for those objects. Next, we hypothesize that models
having access to multiple modalities, specifically vision and text, may be able to partially overcome these
shortcoming by grounding the language to their limited visual experiences [33]]. To this end, we develop a

unified framework for evaluating the color perception of text-only and multimodal architectures. Our results

8 The octopus is a species which has no color photo-receptors and is the protagonist of the thought experiment in [28].
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support the hypothesis that multimodal training can mitigate the effect of reporting bias.
Contributions We make three contributions: 1) We introduce a dataset with human color distributions for
521 well-known objects. 2) We conduct an extensive analysis to identify how reporting bias affects LMs’

perception of color. 3) We demonstrate that multimodal training mitigates, but not eliminates, the impact of

reporting bias.

3.2.2 CoDa

3.2.2.1 Dataset Creation

Dataset Count (Percentile)

25% 50% 75%

Open Images V6 2.10K 3.96K 11.1K
Google Ngrams 1.63M 4.64M 25.4M
Wikipedia 2.04K 10.3K 38.8K
VQA 4 25 186

Table 3.8: Object frequencies in each domain/dataset after filtering. We report class label statistics for Open

Images and n-gram frequencies for Google Ngrams, Wikipedia, and VQA prompts.
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Object 1/25

Color Name Frequency Rating

Apples

Red

Orange

Instructions

Yellow
For each of the listed colors, use the sliders below to

)
)
)
]
)
)

Use a relative scale. 5/5 is 5 times more likely than 1/5. Green
Select as few colors as possible. They should cover a

large majority of occurrences (e.g. 80%). Rare or Blue
extraordinary instances correspond to 0 on this scale.

Purple

More Info Pink

Show Task Demo Show Detailed Instructions
Black

White

Gray

Brown

Select All Clear Ratings Skip Object

Figure 3.5: Our task Ul for data collection on Amazon Mechanical Turk. See Section (3.2.2.1{for full details.

Object Selection To ensure all our models — and potential future models — are properly exposed to
the objects in our probing dataset, we choose objects which are common in both text and image data. We
start with objects from the Open Images dataset [192] and remove all objects which appear less than 25 times
in Wikipedia. For example, we remove “dog bed” as the corresponding bi-gram only appears 19 times. This
leaves us with an initial set of 687 objects.

We then manually filter out all human-related words, such as “person” as well as hypernyms such
as “food”, since they are too general to assign specific colors. We also remove transparent objects, such as
“windows”’, and objects that are more than two words long, such as “personal flotation device” and “table
tennis racket”. This leaves us with our final set of 521 objects. We provide object frequencies from Open
Images V6 [192]], the Google Books Ngram Corpus [216], Wikipedia, and VQA [131] in Table[3.8]

Color Selection Following [31], we choose the 11 basic color terms of the English language as the
colors to be annotated: red, orange, yellow, green, blue, purple, pink, black, white, grey, and brown.

Color Annotation  Due to sample bias in image datasets [374] and the difficulty of matching
pixel values to human perception, generating color distributions by counting color frequencies in images is

impractical and challenging to Verifyﬂ Thus, in line with our focus on human perception of color as it relates

° We attempted an image search paradigm, but challenges such as varied lighting, imperfect segmentation, and the complexity of
aligning colors to human perception meant that such a method would still have required human verification.
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to language (i.e., color terms), we approximate color distributions via human annotation crowd-sourced on
Amazon Mechanical Turk (MTurk)

Workers are shown words representing objects and tasked with rating — on a scale from 1 to 5 — the
frequency with which instances of the objects appear in each of the 11 provided colors. We set up these tasks
as human intelligence tasks (HITs), and provide the workers with instructions, which include an example for
how one could label “grass” and a concrete list of acceptance and rejection criteria. Each HIT includes 25
objects and is compensated with $1. Figure shows the user interface as presented to an MTurk worker
tasked with annotating the object “apples”.

Since we choose objects that appear frequently in datasets, we expect people to be familiar with them.
However, for the rare cases where an annotator is unsure about an object’s color, our interface includes a skip
button. The average crowd-worker skips 1 object. If an object is not skipped, the average worker completes
one annotation in 14 seconds on average. Each object’s annotation is normalized to obtain a probability
distribution over colors.

A potential side-effect of crowd-sourcing annotations is that annotators might choose fewer colors
to minimize the time spent on the task. In light of this, we design a labeling interface that balances the
time required for labeling a given object as one, many, or all colors. For example, we include a “Select All”
button and use wide click-optimized sliders. With these changes, we find that, on average, users tend to
select 6.2 colors per object. For more details and analysis regarding annotator biases, we refer the reader to
Appendix

Quality Control  For quality control purposes, each HIT includes “spinach” as a control object
at a random position within the group of objects to annotate. This control object serves as a way to flag
any submissions which do not follow the instructions or are otherwise not suitable for our purposesE-I We
require the rating of “spinach” to be more than 50% green in order to accept the HIT. Rejected HIT's are
not included in the dataset. This filters out the small number of workers who provide random or blatantly

incorrect annotations.

10 This project went through our institution’s ethics review before crowd-sourcing was initiated.
' Annotators are made aware that control objects with known color distributions are included in the HIT.



34

We compute the ground truth as an average over all submitted annotations for a given object. We
iteratively filter annotations on a per-object basis if a rating has a Kendall correlation of less than 0 with the
current ground truth. This removes 10 annotations that appear to be cases of annotator misinterpretation. For
example, one annotator labels “stop sign” as being equally red, yellow, and green, likely confusing “stop sign”

with “traffic light”.

Group All Train Val Test Examples

Single 198 118 39 41 Carrot, Spinach
Multi 208 124 41 43  Apple, Street light
Any 115 69 23 23 Shirt, Car

Total 521 311 103 107

Table 3.9: CoDa splits by object group.

Object Grouping We are investigating the relationship between LMs’ knowledge of object colors
and reporting bias, the tendency of humans to not state the obvious [257]. We hypothesize that reporting bias
will be more severe for objects which have a single typical color, as that color will be implicitly assumed by a
listener or reader and, accordingly, will be less frequently stated explicitly. In contrast, objects with a distinct
set of several possible colors require explicit descriptions to fully capture the visual characteristics of the
object. For example, apples are often described as red or green.

To test whether objects with different color distributions are impacted by reporting bias differently,
we divide the dataset into three categories: single-color objects, multi-color objects, and any-color objects.
We categorize objects using k-means clustering with the Jensen-Shannon distance of sorted probabilities.
This creates clusters which are color-invariant and based only on the properties of the distributions. We find
that this method gives consistent clusters, i.e. the clusters are independent of seeding. We then assign group
names semi-manuallyE] “Lemon” is an example of a single color object, where 73% of the distribution is
yellow. “Wine” is a multi-color object with 90% of the distribution falling on red, white, pink, and purple

(the last 10% is yellow). All other objects are any-color objects: they have no clear set of typical colors.

12 As there are 3 groups, we can simply mark the “extreme” clusters as Single and Any.
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Examples of any-color objects are t-shirts, cars, or flowers. More examples are shown in Table 3.9

Model Type Input
Decoder Most apples are (O).
Encoder Most apples are (M).
CLIP A photo of an apple.

Table 3.10: Example inputs for different evaluated architectures.

3.2.2.2  Templates

Text-only corpora and visually-grounded datasets rarely occupy the same domain. To accommodate
both, we form a set of templates for each domain. The first is tailored to text-only models, and consists of
both plural templates such as “Most bananas are [MASK].” and singular templates such as “This banana is
[MASK]”.

Our second template group is tailored to visually-grounded datasets. We use most of the templates
provided by [2935]], which the authors used for finetuning on ImageNet, but exclude templates that inherently
point to an unnatural object state, such as “a photo of a dirty banana”. Examples for templates are provided
in Table

We recognize that any hand-crafted templates are by nature imperfect. As such, we use all configura-
tions for all models and present the best results per-object for each model to give models ample opportunity

to succeed.

3.2.2.3  Data Splits

Some of our experiments (cf. Section [3.2.4.2) require a small training set. Thus, CoDa contains
training, development and test splits, with 311, 103, and 106 objects respectively. There is no object overlap

between the different sets.
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Dataset Group Freq Spearmanp? Kendall’sT? Acc@1 7 Djs |

Google Ngrams  Single 5.60 41.7£27.8 35.3 £24.5 43.9 0.27 £ 0.16
Multi 9.69 47.1 £ 26.6 38.1 +£22.2 30.3 0.23+0.12

Any 20.26 43.5 £ 30.7 34.3+25.0 33.9 0.15 +0.10
Wikipedia Single 1.51 26.5£30.2 22.2+26.3 25.3 0.37 £0.17
Multi 1.85 29.4+£31.9 23.9 +27.0 23.6 0.31 £0.16
Any 3.00 30.9 +31.5 23.8+£25.6 19.1 0.23 +0.15
VQA Single 0.73 27.4+£37.8 25.4+35.3 16.7 0.38 £0.23
Multi 2.17 35.7 +34.3 31.7 +30.9 21.2 0.35£0.20
Any 2.64 33.7£33.6 28.1 £28.7 27.8 0.29 +0.17

Table 3.11: Correlation metrics between the n-gram frequencies reported in different datasets and the ground
truth distributions collected from human annotators. Single, Multi, and Any indicate sets of objects that are
frequently a single color, between two to four colors, or could be any color, respectively. We aggregate by

object and report the mean =+ standard deviation for each metric across the objects of that group.

3.2.3 Reporting Bias

3.23.1  Background

As previously stated, Grice’s conversational maxim of quantity manifests as reporting bias — i.e.,
people not usually stating obvious facts or properties —, and impacts nearly all datasets that contain text.

Reporting bias has been studied in the context of both NLP and image captioning. [130] perform a
quantitative analysis using n-gram frequencies from text, finding this phenomenon particularly relevant to
internet text corpora. [339] extend these experiments to pretrained models such as Bert [84] and RoBERTa

[222]. Similar to our work, they analyze color attribution of the form “The banana is tasty.” However,

their ground truth is extracted from Wikipedia bi-grams and, thus, suffers from reporting bias itself. In

contrast, we circumvent this problem by collecting the ground truth in CoDa directly from humans.
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3.2.3.2  Reporting Bias in Text

Our hypothesis is that pretrained LMs inherit reporting bias with respect to colors from their training
data. Thus, prior to our main experiments, we investigate if, in fact, reporting bias exists in large general
text corpora. We analyze the Google Books Ngram Corpus [216] and Wikipedia. Specifically, we look at all
bi-grams and tri-grams containing a color followed by an object in our dataset.

Let us denote the count of the n-gram z7 . .. x,, as ¢(z1, . . ., ). We then define the relative frequency

with which each object o appears with a color c as:

Freq(0) = 275 > é(c,0) (3.1)
We further define the probability of an object being of color c* as:

oy 9lcto)
P(c*|o) = S 60 (3.2)

The results of these experiments are reported in Table The frequency column supports our hypothesis
that objects with one typical color are less frequently described as being of any color than those with multiple
typical colors or where any color is possible. In all metrics excluding Acc@1, the text-retrieved color
distributions are more strongly correlated with the ground truth for multi and any colored objects than for

single-colored objects

3.24 Experimental Setup

Model Sizes Multimodal

GPT-2 B.M, L, XL

RoBERTa B,L

ALBERT V1 B, L, XL, XXL

ALBERT V2 B, L, XL, XXL

CLIP ViT-B/32, RN50, v
RN50x4, RN101

Table 3.12: Summary of evaluated models.

13 Acc@1 is not directly comparable across object groups, see Section [3.2.4.4|for details.
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3.24.1 Zero-shot Probes

We first probe LMs in a zero-shot fashion using a set of templates (see Section[3.2.2.2). Each template
has a [MASK] where the color should appear. For models trained using a causal language modeling objective,
we run the models over each template eleven times, each time with a different color replacing the [MASK]
token. Following [397], we select the sentence with the highest probability. For models trained using a
masked language modeling objective, we filter the output vocabulary to only include the eleven color choices

and normalize to obtain a probability distribution.

3.24.2  Representation Probes

Many current multimodal architectures are optimized for multimodal evaluation and have complex
shared embedding spaces, which makes it challenging to compare to text-only models. However, recent
developments such as CLIP [295] and ALIGN [[167]] show promising results in connecting images and text
via contrastive pretraining on large unlabeled corpora, while still maintaining separate text and image models.
We focus on probing multimodal models which follow these architecture decisions. Since they have not been
trained on a language modeling objective, zero-shot probing is not viable on these models. To overcome this
and enable comparison to text-only models, we freeze the base model and use part of our dataset to train a
MLP to extract color distributions from the frozen representations.

Given pretrained representations, we would like the performance of a model to consist of 2 parts:
final quality (in our case distribution correlations), and the amount of effort to get that quality from the
representations. This is possible by formulating the task as efficiently learning a model from representations
to color distributions. Following [400, 386], we conduct our experiments for representation probing in a
loss-data framework using minimum description length (MDL), surplus description length (SDL), and ¢
sample complexity (¢SC). We split the training set into 10 subsets spaced logarithmically from 1 to 311

objects, and report averages over 5 seeds.
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Model Group Spearmanp? Kendall’sT71 Acc@11 Diys | Apt AT?
GPT-2 Single 40.3 £+ 26.6 33.6 £22.1 40.4 0.39+0.07 —-0.55 —-1.01
Multi 44.8 £ 20.9 36.5 £16.8 29.8 0.26 £0.06 —-1.49 —-1.05

Any 48.1 + 25.1 38.2 +20.2 40.0 0.09 + 0.04 5.29 4.46

RoBERTa  Single 47.8 £24.7 40.1 +£20.8 429 0.28£0.11 7.7 5.69
Multi 50.2+£23.8 41.0£19.5 33.2 0.19£0.08 4.57 4.01
Any 52.5 £23.5 42.0 £19.5 36.5 0.10 £ 0.06 9.97 8.26

ALBERT  Single 43.7+24.4 36.4 +20.6 34.3 0.30 £0.11 2.69 1.55
Multi 44.6 £19.1 36.1£15.5 26.9 0.22+£0.07r —-1.53 —-1.27
Any 48.2 + 214 38.2+17.2 35.7 0.11 £+ 0.05 5.07 4.22

Table 3.13: LM results when probed in a zero-shot setting. Single, Multi, and Any indicate sets of objects
that are frequently of a single color, between two to four colors, or could be any color, respectively. All
correlation coefficients (p, 7) are multiplied by 100. For each object, we take the prediction from the template
with the highest 7 correlation. We then aggregate by object and report the mean =+ standard deviation over

objects of that group. We report the results from the best model from each architecture; for results on a

per-model basis, see Table

3.24.3 Models

We probe object-color probabilities in 14 pretrained text-only models as well as four versions of CLIP
[295]. The text-only models are varied configurations of GPT-2 [297]], RoBERTa [222], and ALBERT [196];
cf. Table [3.12]for the full set. We use Huggingface’s [402] pretrained models for all text-only models and the

official implementation of CLIP

3.244 Metrics

In order to obtain as comprehensive a picture as possible, we report a variety of metrics when applicable,
including: top-1 accuracy, Spearman rank order correlation p, Kendall rank correlation 7, and Jensen-Shannon
divergence D js for each model and each set of objects. Each of these metrics highlight slightly different

aspects of performance on the task.

14|github.com/openai/CLIP
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Top-1 accuracy (Acc@1) is the frequency with which models can correctly identify the most frequent
color of an object. This is useful for comparing models, but not directly interpretable across object groups as it
inherently favors objects that can take on few colors. Spearman’s p is sensitive to outliers, so it highlights the
extreme mistakes, while Kendall’s 7 is more robust to such changes. Jensen-Shannon divergence measures
the similarity between 2 distributions.

Spearman’s p and Kendall’s 7 are within the range of [—1, 1], with -1 being negatively correlated and 1
being perfectly correlatedE] We additionally define Ap and A7 correlation difference measures defined on
the interval [-100, 100], to compare model predictions to n-gram frequency predictions. This measures the
difference in correlation between n-gram frequency predictions and a model’s probability distribution, where
-100 indicates degraded correlation, 0 equals perfect correlation, and 100 indicates improved correlation
with the ground truth as compared to the relative n-gram frequencies. In the context of reporting bias, Ap
and A7 can be interpreted as measures of bias amplification or mitigation for negative and positive values,
respectively.

We additionally define an average of the two correlation metrics as “Avg. Correlation”. When using
this metric, we first compute pJFTT for a specific object and perform all other aggregations in the same way as

for the other metrics.

15 We multiply by 100 in all tables for legibility.
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Figure 3.6: Correlation between n-gram frequency and LM performance for single, multi, and any color
objects. X and Y axes are Kendall’s 7 correlation between n-gram frequency and ground truth and LM
predictions with ground truth respectively. Each point corresponds to a single object in our dataset. LM

correlation is averaged over the top models for each architecture. The dotted line y=x corresponds to to

perfect correlation.

3.2.5 Results
3.2.5.1 Zero-Shot Probes

The results of LMs when probed in a zero-shot setting, provided in Table [3.13] clearly demonstrate
that LMs perform worse on single-color objects and perform better on objects that can take on a range of

colors. Furthermore, correlations are relatively low for all objects and models. This demonstrates that colors

are generally challenging for state-of-the-art pretrained LMs.



42

0.4+

v H Representation
H « o H 0 GPT-2
064 i 2 v \ b H [ RoBERTa
c : o S H A ALBERT
H o H
2 H s B - § 9 0.3 X i s (Fi::dom
F=) & ‘L}/ [} A H
= V= 2 H
g 7 a 1 i
y # c \B. §
8 0.4 o 4 B -] b H
] /5' H é a o H
a :
o & H 0.2 &5“ :
© < )
) % e
> £ PN 8
< 2 $ . 8 %
1 :
02 s IR SSOE S S R
L
- é
r—r—rrrrrT Tt r—t—r—rrrrmn T T T T T ——r—T—T—TTTTTT r—tf—r—rrrrn
1 10 100 1,000 1 10 100 1,000
Training Objects Training Objects

Figure 3.7: Representation probing results for unseen objects with varying amounts of data, averaged over 5
seeds. The main lines are the best model from those of the same type (e.g., ROBERTa,,: and RoOBERTa, k),
and the translucent lines are the per-model averages. Dotted lines represent best zero-shot performance
for each model. The “Random” group consists of a randomly initialized RoBERTa and CLIP. The black
dotted lines correspond to € and n in Table [3.15] Left: Average of Spearman’s p and Kendall’s 7. Right:

Jensen-Shannon divergence.

3.2.5.2  Reporting Bias and Model Accuracy

Figure 3.6 compares the correlation between n-gram frequency and zero-shot LM performance. The
identity line represents a theoretical perfect correlation between how well n-gram frequency correlates with
our ground truth and LM predictions Any points above the identity line represent cases where LMs seem
to mitigate reporting bias — their predictions are closer to ground truth, and points below the line represent
cases where LMs amplify reporting bias — their predictions are further from ground truth. When averaged
across all models (see Appendix [B.4]for the full list of results) zero-shot LMs amplify the reporting bias of
single-color objects by 5.23% on average, and 6.26% for multi-color objects. For any-color objects, we find a
slight mitigation of 0.21% on average.

Table aggregates and combines results from Tables and and elucidates two main points
on the effect of reporting bias on a LM’s perception of color. First, the color distributions of LMs correlate

more strongly with reporting bias-affected text than with a human’s perception of color. Second, single-

16 That is, where LMs directly reflect n-gram frequencies.
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colored objects are the most affected by reporting bias, and the objects LMs struggle the most on. These
results indicate that, in line with our hypothesis, LMs are negatively impacted by reporting bias. Further,
because reporting bias is innate to human communication and due to the enormous amount of text required
for modern LMs, it is infeasible to eliminate reporting bias from all training data. This entails — in support
of the arguments in [28]] and [33]] — that language understanding abilities are naturally limited by text-only

training.

Avg. Correlation 1

Group Freq. Humans Ngrams

Single 5.60 40.1+22.3 63.0+18.1
Multi 9.69 4224205 63.1+£17.5
Any 20.26 42.9+22.5 63.4+16.2

Table 3.14: LM predictions have higher correlation with n-gram frequencies. Here we compare the
average correlation between LM predictions and two sources of “ground truth”; one collected from human
annotators and one computed from n-gram frequencies. Single, Multi, and Any indicate sets of objects that
are frequently of a single color, between two to four colors, or could be any color, respectively. The “Freq.”

column indicates the frequency n-grams containing these objects also have one of the eleven colors.
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GPT-2 RoBERTa  CLIP

n L B ViT-B/32
13 Djs 0.178 0.185 0.168
MDL 2.80 2.95 2.79
SDL, £=0.1 > 1.50 > 1.65 > 1.49
eSC, e=0.1 > 13 >13 > 13
Avg Corr. 40.7 427 45.5
311 Dys 0.137 0.123 0.065
MDL 45.07 42.08 27.22
SDL, e=0.1 > 13.97 > 10.98 2.43
eSC, £=0.1 > 311 > 311 165
Avg Corr. 54.0 54.9 63.9

Table 3.15: Estimated measures of representation quality for the best model of each architecture.

3.2.5.3  Representation Probes

Figure shows the average correlation and Jensen-Shannon divergence for unseen objects as a
function of the number of training objects. Note that with 14 objects, all models surpass zero-shot performance
in terms of Jensen-Shannon divergence. With enough training objects, we observe similar ranking patterns
observed in the zero-shot setting for text-only models. However, the advantage of this approach is that we
can additionally include multimodal architectures.

The results from these experiments demonstrate that multimodal models outperform text-only models
at recovering color distributions. They manage to do so even though the performance of multimodal models
is often lower on classic NLP tasks [365]] and many multimodal datasets are even more prone to reporting
bias in text [255} 380, 52]]. This further support the arguments in [33]] that understanding concepts requires

experiencing them in their natural form.

3.2.6 Limitations

While our work identifies issues with text-only training and motivates the use of multimodal signals
during pretraining, in this section we outline some limitations of our approach.

First, a number of recent papers have highlighted potential limitations of probing LMs in certain ways
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(418} 1400]. While we acknowledge that probing does not provide a full picture of the capabilities of LMs, our
hypothesis was supported by a range of different results from different approaches. In future work, we hope
to leverage research [45) [168]] that demonstrates effective methods for automatically producing templates
optimized for specific models. In the current state, we cannot and do not state exactly what LMs do and do
not capture, rather we use our results to uphold and strengthen our original hypothesis that reporting bias
hinders performance and that multimodal signals can help mitigate this problem.

Second, the bi-gram/tri-gram approach we use to quantify reporting bias only approximates the full set
of object-color instances. To be more exact, a dependency parser would have to be run on every dataset.

Finally, although our results motivate the use of multimodal signals during pretraining, there are still
challenges to overcome. As discussed by [363]], the performance of multimodal models on classic NLP tasks
often does not reflect the inherent advantages of these architectures, and many multimodal dataset are even
more prone to reporting bias in text [255 380} 52]]. Further, while a visual signal is able to better impart a
sense of color, it is not enough to endow models with the meaning behind those colors. Humans easily learn
that a green banana is not yet ripe, and that a brown banana is past its prime. For models to obtain this level
of knowledge and reasoning they will likely require training signals from more modalities, and potentially

fully embodied experiences.

3.2.7 Related Work

Color-Object Relationships Preexisting word association datasets often include object-color relationships as
either having multiple equally likely pairings [[119}[191], or as probabilistic cue-target pairs [258]]. Others
such as [[83]] take a norm completion approach, wherein participants are tasked with generating attributes given
some concept. One can then extract the object-color relationships by counting the number of participants
who reported a given color.

However, the resulting “distribution” is an aggregate count over individuals, and does not necessarily
reflect the distribution from the eyes of a single observer. Thus, previous research into LMs as knowledge
bases has not been able to fully explore the extent to which they know color [11},|339].

Previous work has shown the importance of color in visual perception and object recognition [317,[112].
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More recently [371] use time resolved neural imaging data to demonstrate how the typicality of object-color
relationships influences object representations in visual processing.

Probing LMs A wide range of papers have probed LMs in a zero-shot fashion by looking at how
they fill in a [MASK] token in handcrafted [399} [283| 1168, 97, 212] or automatically generated [45, [168]]
template sentences. Others, such as [397] compare perplexities between minimal pairs of sentences. A
different approach is to analyze the representation quality of LMs for linguistic tasks by training a simple
MLP on pretrained model representations [79, 215]. However, [418]] demonstrate that the procedure of
training an additional classifier may distort the results. An alternative approach introduced by [386] is
information-theoretic probing with MDL. This method builds on standard probing classifiers by not only
measuring the final performance, but additionally measuring the amount of effort required to achieve that
performance.

Probing Multimodal LMs Often multimodal LMs are used in the domain of visual question
answering, where, given an image, the model is asked a question about concepts in the image [131} [158]].
While it is often possible to simply use the text-only portion of these models for other tasks, this often leads

to poor performance on solely language-based tasks [363]].

3.2.8 Conclusion

In this work, we investigate how reporting bias—the human tendency to omit commonly understood
information—can distort a language model’s perception of color. To study this, we introduce CoDa, a
dataset capturing human-perceived color distributions for 521 common objects. Using CoDa, we show that
text-only models consistently underperform due to gaps introduced by reporting bias, revealing a fundamental
limitation in language modeling that stems from relying solely on text data. We further demonstrate that
multi-modal training, which incorporates perceptual signals, effectively mitigates these issues. These findings
further support the broader argument that effective language understanding requires access to grounded,
non-textual experience, and reinforce the need to explore multimodal approaches as a path toward more

generalizable Al systems.
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33 ReSeeding Latent States for Sequential Language Understanding

The work described in this section is under review for EMNLP 2025 [11].

3.3.1 Introduction

The continued scaling of large language models (LLMs) has led to impressive capabilities across
a range of natural language tasks. Yet, the field is nearing the limits of available high-quality text data
[385]], and models trained solely on text data exhibit persistent limitations in their compositional reasoning
[91], planning [379], and length generalization [407]. These challenges motivate the integration of non-text
modalities—often referred to as grounding—to enhance model capabilities. However, existing grounding
approaches either explicitly depend on auxiliary modules at inference, or implicitly align encoder-only models
that lack generative capacity. We introduce Refeeding State Embeddings aligned using Environmental Data
(RESEED), a flexible framework to directly ground decoder-based LLMs in structured environment data,
leveraging both implicit and explicit signals. We show that RESEED improves sample efficiency, length
generalization, and compositional reasoning in long-horizon sequential tasks.

Modern LLMs are trained in three stages: unsupervised causal language modeling (CLM) [294], a
supervised finetuning with CLM, and alignment via preference optimization [269]. Throughout this process,
models are exposed to text data and human preference data. While both have been instrumental to recent
progress, they omit key elements required for human-like language understanding. Text offers linguistic
structure and encodes world knowledge [34]], but abstracts away key spatial, temporal, and causal relationships
between concepts [28]. Moreover, text tends to omit self-evident information, resulting in reporting bias that
negatively impacts language modeling [257,1271]]. Human preference data, while useful for alignment, is both
sparse—a single bit for sequences of text—and subjective—some humans may prefer a more grammatical
output, while others a more factual output. To this end, we posit that a third kind of data is required: data
from the environment. Motivated by research outlining the necessary role a human’s interaction with
their environment plays in language understanding [120l [108]], we hypothesize that structured environmental

signals can improve language modeling. Environment data, which we define as sequences of states that
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capture how an environment changes, complements text and human preference data in four key ways: (1)
it preserves spatial and temporal relations; (2) it is concrete and fully specified, avoiding abstraction and
reporting bias; (3) it provides a dense and informative training signal; and (4) it is consistent and objective.

Existing grounding work has demonstrated the benefits of grounding in improving the reasoning
capabilities of LLMs, with two main directions emerging. The first direction augments the system with a
separate external model [410, 221, 1416]); these are used to generate explicit modality-aware outputs which are
fed into an LLM. While these works provide insights into the value of non-text modalities, they are inherently
limited by their external model and masks rather than addresses the lack of grounding in the underlying
language model. This is an important distinction because more complex and abstracted concepts may be
difficult to simulate, but may still require the foundational grounded components to correctly interpret. The
second line of work used for grounding is the use of additional modalities during training to align internal
representations [148} 1365, 368]]. These provide a direct signal to language models to improve their alignment
with the environment. However these works rely on implicitly improving internal alignment; at inference,
there is no clear representation of the environment to leverage. Further, these works focus on encoder-only
models. Notably, modern LLM architecture has favored decoder architectures as the ability to generate
open-ended outputs vastly increases the range of tasks they can accomplish.

RESEED combines the strengths of implicit alignment and explicit representations by training an
LLM to predict latent state representations, which are then refed to the LLM to guide the language generation
in a way that reflects with the true state of the environment. This approach provides the foundation for a
scalable, grounded language model that operates in a manner consistent with modern LLMs. To evaluate
RESEED, we require datasets that have paired text—trajectory data for training, but can test language models
on text-only tasks. As these requirements cannot be found in existing benchmarks, we introduce three
sequential reasoning datasets focused on cardinal direction navigation (ABCDs), block stacking (CUBES),
and household object interactions (HOUSE). These tasks span increasingly complex state and action spaces.
Compared to a text-only baseline, RESEED yields substantial gains in generalization and sample efficiency
in sequential reasoning tasks.

Our contributions are: 1) RESEED, a novel grounding mechanism for decoder LLMs; 2) three new
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sequential reasoning benchmarks; 3) empirical validation of RESEED, demonstrating improved sample

efficiency and generalizability; and 4) ablations analyzing the components of RESEED.
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Figure 3.8: Architecture of RESEED. RESEED is comprised of a transformer with a language modeling head
(LM) and a state modeling (SM) head (in purple). It leverages a pre-trained and frozen state auto-encoder (in
red) during training. RESEED requires two forward passes. The first pass (in blue) encodes the special [S]
input tokens and uses the output of these tokens to generate state representations Z’. In the second pass (in
green), the special tokens are replaced with linear projections of Z’, which are used to generate the description
of the final state. The alignment of Z’ is trained using a Reconstructive Cross-Entropy (RCE), a Contrastive
(Cont.), and a Mean Squared-Error (MSE) loss (in yellow). A Causal Language modeling (CLM) is used to

train the generation.

3.3.2 Related Work

3.3.2.1 Grounding with External Models

A subset of existing systems enhance language-based reasoning by incorporating external modality-
specific models. [394] leverages CLIP [293] to retrieve relevant images which are used to improve question
answering. [367,1410] remove the need for an image database by using text-to-image diffusion models, while
[421] directly leverages CLIP’s text-model embeddings. While images offer rich spatial information, they

cannot properly capture temporal information, which is key to sequential reasoning. To address this, [221]]
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feeds outputs from a physics simulation engine into an LLM to improve physical reasoning. In all these
approaches, language models are augmented with other modalities, rather than grounded to other modalities.
We believe this distinction is critical, as we posit that grounded models can compositionally build on observed
interactions, whereas augmented models face end-to-end training challenges and are constrained by the
capacity of their external modules. PIGLeT [416] partially addresses these issues by using a trainable action
prediction module to reason about household tasks. However, PIGLeT requires access to the ground-truth
start state and only performs single-step reasoning. In contrast, RESEED operates on text-alone and is

designed for multi-step reasoning.

3.3.2.2  Grounding through Internal Alignment

A complementary line of work focuses on aligning an LLM’s internal representations across text and
auxiliary modalities. Like RESEED, these methods use additional cross-modal modules during training,
which are then discarded. We refer to these as implicit internal alignment methods.

Certain approaches in this space use additional modalities to produce more relevant text data. [S8]]
adapts the BabyAl environment [[66]] to a text-based version, giving LLMs the ability to explore the environ-
ment in text. [406]] generates goal-oriented and random exploration experiences in VirtualHome [290], and
uses templates to create a home-navigation fine-tuning dataset. [203] create state annotations in TextWorld
[76]] and TRIP [353] to generate more coherent outputs. However, these methods remain limited by the
abstraction and reporting bias inherent in text data.

Other approaches incorporate auxiliary losses conditioned on other modalities. [365] adds a visual
token (voken) classification objective in pre-training. [[148]] introduces a cross-modal adaptation phase with
joint MLM, voken classification, and image-text matching. Most similar to our approach, [368] train a teacher
model using MLM and a contrastive cosine similarity task between video and text embeddings and then
distill this knowledge into a student model. [169] combine the voken classification and distillation tasks to
further improve results. However, these methods are all designed for encoder-only architectures, which are
not well-suited for text generation. In contrast, RESEED is developed for generative decoder-based models.

More importantly, we identified that during implicit internal alignment, RESEED was producing embeddings
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that were aligned with the state of the environment, and that these could be effectively re-used rather than

being discarded.

3.3.3 Method

Our method, Refeeding State Embeddings aligned using Environmental Data (RESEED), is depicted
in Figure [3.8] It can be broken down into three stages: 1) pre-training a state auto-encoder (Section[3.3.3.2)),
2) generating latent state representations using special tokens (Section [3.3.3.3) 3) re-feeding these tokens

before generating the output (Section [3.3.3.4).

3.3.3.1 Prerequisites

RESEED requires access to paired text-trajectory data. Specifically, for a given sequence of states
(s € {s0, 51, ..., 57 }), there should be a text description of the initial state (dy «~ s¢), a description of actions
applied (d; «~ A(s;—1,;)), and a description of the final state (ds < sy). In Section [3.3.3.5(we outline

the datasets we use.

3.3.3.2 State Auto-Encoder

To create salient latent representations of the states, Z in our environment, we first train an auto-encoder
(AE) using a reconstruction loss. Our AE is comprised of a 3-layer encoder multi-layer perceptron (MLP)
and a 3-layer decoder MLP, both with dropout and trained using a cross-entropy reconstruction loss. The
size of the latent representations is a hyperparameter h4;,,,, which we sweep hg;,,, € {16, 64, 128,256,512}
for each dataset. We freeze the parameters of the AE when training the LLM and discard it after training is

completed.

3.3.33 Generating Latent Representations

Our grounded language model adopts the convention of modern LLMs as a causal transformer. Given
a description of the initial state and a sequence of actions, the model is trained to infer its own latent

representation of the resulting states, denoted as Z’, which should align with the true latent states Z. To
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enable this, we inject a special token [S] after each input description d;. The corresponding output embedding
is passed through a single-layer state modeling head, projecting it to hgim. We additionally pass the produced
latent state through the pre-trained decoder to produce a prediction of the full state, S’ = Dec(Z").

To guide alignment, we apply three complementary losses: a contrastive (Cont.) loss [265] between
7' and Z, a mean-squared error (MSE) loss between Z’ and Z, and reconstruction cross-entropy (RCE) loss

between S’ and S.

. , A
ECOnt. — EZ _ log eXp(SHn(Zp Zz)/T)

Sy exp(sim(Z], Z;)/7)
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where N = szl |Sk|, B is the batch size and | S| is the number of states in sequence £, i.e., we use in-batch
and in-sequence negatives in our contrastive loss A comparison of the impact of each loss is shown in
Table

3.3.34  Refeeding Embeddings

Sections [3.3.3.2] and [3.3.3.3| produce an LLM that is implicitly aligned and capable of generating

salient latent representations of states. Motivated by the idea that these latent representations carry useful
information about the environment, we develop a refeeding mechanism, in which a second forward pass is
performed with the special [S] tokens being replaced with linear projections of Z’. This enables the model
to explicitly condition its generation on its own representation of the environment. On this second pass we

apply the traditional causal language modeling loss on the final state description:
T

Loy ==Y log Py | 1<)
t=k

where k indexes of the first token of the final state description and 7" is the total number of tokens.
We note here three clear differences with the most related work of VidLanKD [368]]. The first is the use

of a causal language modeling which enables text generation. Second, unlike VidLanKD that uses a single

1744, 4, k are overloaded and used as general indexing terms.
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embedding to encode the entire sequence, we leverage separate embeddings for each timestep in the sequence.
This provides two benefits: 1) it allows the LLM to align itself multiple times per sequence, providing a
denser learning signal, and 2) it provides more useful negatives in the contrastive loss as the model has to
identify the impact of the actions to be able to differentiate different states from the same sequence. Without
these more difficult negatives, the model may be able to rely on more surface level features—e.g., the objects
in the scene—to differentiate embeddings and lose the specificity required for successful grounding. Third,
instead of relying solely on implicit internal alignment, the refeeding provides an explicit mechanism to make

use of our aligned representations. We report the impact using multiple state representations and explicit

refeeding in Tables and [3.18] respectively.

3.3.3.5 Datasets

The robot is facing north. There is an apple, a ladle, and a pan on an oven.
The robot turns left. Then the robot... The robot opens the oven. Then the robot picks up the apple. Then the...
The robot is now facing east. The apple is now cooked, hot, and inside of the oven. The oven is now hot.

Nome_appil.|Over.4 Jhame |Appcl. Over.¢3
CUBES Cooked False ... False Cooked True ... False
Open False ... False Open False ... False
° S XX E
Temp. Room ... Room Temp. Hot .. Hot
In None ... None In Oven ... None
o On Oven ... Floor On None ... Floor
ABCDs HOUSE

A green, a purple, a red, a blue, and a yellow block start in columns one through five respectively.
The robot picks up the green block and places it in column five. Then the robot picks up the blue block ...
The tallest stack is in column two and is three blocks tall. It consists of the yellow, green, and blue blocks.

Figure 3.9: A sample from the ABCDs, CUBES, and HOUSE datasets. The blue text defines the initial state
(s0) and the actions performed (truncated for space). The orange text defines the final state (s ). The model is

also provided with access to intermediate states, which are collapsed into ellipses in the figure due to space.

RESEED is designed to leverage the rich information found in environments during training, while
relying solely on text during inference. Naturally, this requires datasets that provide paired natural language
and trajectory data for training, along with language-only evaluation sets. While prior work in natural

language task specification—such as [73]—offers partially aligned training data, their evaluation
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protocols remain grounded in agent-based execution, lacking the necessary text-only test conditions. To
bridge this gap, we introduce three new datasets that span distinct domains: cardinal direction navigation,
block stacking, and interaction with common household objects. We describe each in detail below, and an
example question and trajectory of each is shown in Figure

ABCDs: Asking ’Bout Cardinal Directions The first domain requires an model to understand navigation of
cardinal directions. In ABCDs, an agent starts facing one of the four cardinal directions—{North, East, South,
West}—then the agent performs a sequences of turns, and is then asked which direction it is facing at the
completion of all turns. To create the text component of the dataset we use a template and create a mapping
between a set of natural language action phrases and the equivalent base action. For example, the action
phrase “turn 270 degrees clockwise” would map to the action turn left. We can then combine a description of
the start state with a sequence of A action phrases, and a description of the end state. For the trajectories, we
create a small grid environment using gym-minigrid [67]] with compass-style markers in the walls to indicate
the direction and use an egocentric grid representation to encode each state.

For training and validation, we use up to A < 5 action phrases. To evaluate length generalization, we
construct five evaluation sets, each containing 2000 samples and using a fixed number of action phrases, with
A €6,7,8,9,10. We report exact match accuracy on each of these held-out sets.

This dataset provides a test bed where the state and action spaces are small, with only four different
observations and underlying actions. This leads to a domain where the syntax of the language is similar and
difficult to distinguish, but the semantics contained within the trajectory are clear and easily distinguishable.
Comprehensive Understanding of Block-stacking and Effects of Sequences (CUBES) CUBES tests a
models ability to identify the tallest stack of blocks after a sequence of stacking actions. An initial state
is presented with five different-colored blocks in a random order. A series of A stacks are then performed.
Similarly to ABCDs, we use templates for the language component and gym-minigrid to create paired state
trajectories. Unlike ABCDs, we use a full view of the all the blocks.

We match the setup for ABCD, with A < 5 action phrases for training and validation, and five length
generalization sets which use 6 < A < 10. We report the exact match accuracy on these length generalization

sets.
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Compared to ABCDs, the state space and action spaces are significantly larger, however the language
still only requires a small vocabulary. The syntax of the language is still difficult to distinguish, however the
semantics contained within the trajectory are less distinguishable than in ABCDs.

HOUSE: Household Object Use in Sequential Execution HOUSE is inspired by the PigPen dataset used
in the Piglet framework [416]]. In this dataset, a series of tasks are carried out using 100 common household
objects with varying affordances. HOUSE consists of 9 atomic actions (e.g., pick up object, toggle object
on, ...), which we compose into 10 low-level tasks (e.g., put X in Y, heat X, ...) and 10 high-level tasks (e.g.,
“brew tea’, *water plants’, ...). The low-level tasks are comprised of 2-5 atomic actions, while the high-level
tasks are themselves composed of 2-3 low level tasks with a total of 6-10 atomic actions. Each task uses up
to four objects, and the state space is defined as the state of the four objects, including the object name and
the current features of the objects. A full description of the dataset, including a comparison to PigPen, the set

of atomic actions, low-level tasks, and high-level tasks is outlined in Appendix (C.1
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Figure 3.10: Sample efficiency and length generalization results on the three benchmarks.

Mirroring ABCDs and CUBES, we train and validate using the low-level tasks, which include

sequences of 2 < A < 5, and evaluate the LLMs on the high-level tasks. There are two high-level tasks for

each A € 6,7,8,9, 10, and we use 1000 samples per high-level task. We report the exact match accuracy on

the high-level task sets.

HOUSE provides a step toward more general tasks that includes a wide range of objects and actions.

Compared to ABCD and CUBES, the vocabulary, action space, and state space are all larger, which increases

difficulty.

However, the syntatic variation is also larger, making the impact of actions more apparent.
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Lastly, whereas ABCDs and CUBES evaluate length generalization by repeatedly applying the same kind of
actions, HOUSE’s evaluations requires compositionally applying observed sequences, which is an additional

challenge.

3.3.3.6  Experimental Setup

The baseline for our experiments is a text-only (TO) model that shares the same underlying transformer
and language modeling head and only differs in its lack of a state modeling head and projection layer. With
an hg;,, of 256 (the largest used across our datasets), RESEED only uses 0.4% more parameters (83.5M vs
83.9M parameters). The TO model is trained using the standard causal language modeling loss. For both
RESEED and TO, we initialize the transformer and language modeling head using HuggingFace’s [402]
pretrained gpt2-base [297]. The state modeling head is randomly initialized. We then finetune the model
on the datasets until convergence is reached on a validation set that is 12.5% (1/8"") the size of the training
set. We define convergence as having no improvement for more than 5 epochs. To enable evaluation context
lengths that are longer than those seen in the training dataset, we freeze the positions ids of the pre-trained
gpt2. We train the models using an AdamW optimizer [226] with an exponential learning rate decay. We
tuned the TO model using a grid search on the learning rate, batch size, decay rate, and warm up steps, and
used the same parameters for RESEED. We run each experiment using five random seeds, and report the
standard error across seeds. Additional details can be found in Appendix [C.4] We will open source all code at

the end of the anonymity period.

3.34 Research Questions

RQ1: Does the grounding provided by RESEED improve sample efficiency? As RESEED
has access to additional rich and unabstracted information during training in the form of environment
data, we hypothesize that RESEED will be more sample efficient than an LLM trained solely on text,
TO. To test this, for each dataset, we generate six different training sets, with number of samples €
{1024, 4096, 16384, 65536, 262144} respectively.

RQ2: Does the grounding provided by RESEED improve length generalization? RESEED’s
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generation of latent state representations, Z’, enables it to produce estimates of the true states at regular
intervals before decoding the final state, which we hypothesize will allow it to maintain a more consistent
interpretation of the environment even in longer time horizons. To test this, we compare the results of
RESEED and TO on the different length generalization evaluation sets we created when trained on the full
218 samples.

RQ3: Which alignment signal—contrastive, reconstructive, or mean square error—best grounds
language? A crucial step in our process is the alignment of the latent state representations produced by the
LLM with latent state produced from our auto-encoder. To this end, we compare RESEED (RS for short),
which uses all three losses, to variations that use one of the three alignment losses (RSc¢ont» RSyse, RSrek),
and a variation which uses no alignment loss (RSycne). This last variation is equivalent to providing the
refeeding mechanism to the TO baseline.

RQ4: Does providing alignment at each state improve grounding? One of the core differences with
[368] is the alignment of our model at each state compared to a single alignment per text/state sequence pair.
To understand the impact of this difference, we generate three variations of each dataset. The first uses the
existing setup, where [S] tokens are added for each state in the ground-truth trajectory. The second uses a [S]
token only for the first and last state in the true trajectory. The third, only uses a [S] token for the last state;
this final variation most closely resembles the token setup in [368]], albeit for a decoder transformer.

RQ5: How beneficial is explicit refeeding compared to implicit alignment? A second core difference
with [368]] is our method of explicitly refeeding the aligned representations before decoding. To ablate the

benefits of explicit refeeding, we compare RESEED with an implicitly aligned version that is trained using

all the same losses, but only performs a single forward pass.

3.3.5 Results & Discussion

RQ1: Does the grounding provided by RESEED improve sample efficiency? The graphs on the left
side of Figure|3.10|show the average results across all evaluation splits of the text-only baseline (in orange)
and of RESEED (in green). While there is a small benefit when using a small amount of data, the benefit

continues to grow larger after this point. Notably, once a minimum amount of data is reached, RESEED is
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able to leverage the environment data to improve upon text-only training. This leads to RESEED scaling
better than than text-only training, which is an extremely promising result.

RQ2: Does the grounding provided by RESEED improve length generalization? The graphs on the
right side of Figure show the results on each of the evaluation splits when using all training samples
(2'8) for both the text-only baseline (in orange) and of RESEED (in green). Once again, we see RESEED
outperforming the text-only baseline on every evaluation split. In addition to instruction length, the range
of the underlying atomic actions and low-level tasks in the HOUSE dataset directly impact the complexity
of the high-level tasks, adding an additional dimension to the evaluation splits. For this reason, we present
the results in a bar chart rather than the line chart used in ABCDs and CUBES. The varying complexity of

actions also explains the noisier trends seen in the HOUSE dataset results.

Model ABCDs CUBES | HOUSE
Text-Only | 243 401 | 37.9 409 | 56.1 450
RSNone 12.1 140 | 394 115 | 52.7 161
RScont 10.8 143 | 66.5 111 | 68.2 104
RSusk 99.7 103 | 334 113 | 60.7 141
RSkeE 81.0 £19.0 | 59.7 118 | 68.2 131
RSa113 100.0 90 | 65.0 199 | 75.7 +17

Table 3.16: Comparison of alignment losses used in RESEED (RS). 2113 indicates a combination of all

three alignment losses. Results are the avg. accuracy and std. error across 5 seeds.

RQ3: Which alignment signal—contrastive, reconstructive, or mean square error—best grounds
language? From Table we see that alignment is necessary; RS yone performs similarly to the TO
model. Interestingly, the alignment signal that is the most beneficial varies per dataset, but using all alignment
signals, RS 4553, provides competitive results in all three datasets. As such, this is the setup we use for all

other experiments.
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Model ABCDs CUBES HOUSE
TOrinal 24.6 402 | 373 409 | 699 411
TOtnitsrinal | 245401 | 36.6 411 | 68.7 411

TOper phrase | 24.3 101 | 37.9 109 | 56.1 450
RSrinal 242 100 | 6191411 | 68.1 129
RSinitsrinal | 33.0 486 | 62.7 119 | 71.9 134
RSper phrase | 100.0 oo | 65.0 109 | 75.7 +17

Table 3.17: Comparison of RESEED (RS) and a text-only (TO) baseline with varying [S] token frequencies.

Results are the average accuracy and standard error across 5 seeds.

RQ4: Does providing alignment at each state improve grounding? From Table for the text-only
baseline, including additional [S] tokens either has minimal impact, or, in the case of HOUSE, is deteriorates
performance. In this latter case, we hypothesize the additional token(s) can be used by the model to further
overfit to the training data. In contrast, for RESEED, we see a clear trend of improvement when including
additional state representations, with RSpe, pnrase providing the best result and lowest standard error in

each dataset.

Model ABCDs CUBES HOUSE
Text-Only 24.3 401 379 409 | 56.1 450

RSimplicit 245 401 | 343 431 | 59.1 143
RSExplicit 100.0 100 | 65.0 109 | 75.7 117

Table 3.18: Comparison of RESEED with and without explicit refeeding. Results are the average accuracy

and standard error across 5 seeds.

RQ5: How beneficial is explicit refeeding compared to implicit alignment? Table demonstrates
that explicitly refeeding the learned representations is core to the performance of RESEED. Unlike prior
work, implicit alignment provides little to no benefit in our experiments. As the system was tuned for explicit
refeeding, it is possible that implicit alignment could be improved if different subsets of losses or hyper
parameters are used, or if additional methods, such as [368]’s teacher-student distillation, are integrated.

However, given the more direct signal it provides and the results in Table [3.18] we believe explicit refeeding
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is a stronger mechanism to ground language. We note that refeeding does comes at the cost of a second
forward pass, increasing compute and training time. However, this is a relatively small cost for improved

generalizability of the model.

3.3.5.1 Comparison to State of the Art

The primary motivation of this paper was the inherent limitations of text-only training. To this end, we
evaluate several State-of-the-Art LLMs from the Qwen2.5 [408]] and GPT4o [267] family on our benchmarks.
In each instance, we provide a prompt describing the task and provide 10 in-context examples. The full
prompt can be found in Appendix We report the results in Table The results are in line with
other work [91}1379]], which demonstrate that current text-only LLMs struggle on tasks involving multi-step
reasoning. Notably RESEED outperforms every model on every dataset, while being orders of magnitudes

smaller.

Model Size ABCDs CUBES | HOUSE
RESEED 84M | 100.0 1o | 65.0 g9 | 75.7 117
Owen2.5 | 0.5B | 314 110 | 02402 1.8 1056
Qwen2.5 | 3B 428 116 | 06102 | 40405
Qwen2.5 | 7B 40.0 1209 | 04 104 | 264 104
GPT40 mini | 45.6 121 1.0 05 | 284 118

GPT4o 51.6 +2.5 9.0 +0.7 20.8 +1.4

Table 3.19: Comparison of RESEED (RS) to modern LLMs. Modern LLMs are provided 10 in-context
examples and are evaluated on a subset of 100 examples divided evenly across evaluation splits. Results are

the average accuracy and standard error across 5 seeds.

3.3.6 Conclusion

In this work, we introduce RESEED, a grounding mechanism that enhances sequential reason-
ing in LLMs by generating and refeeding latent state embeddings derived from environmental feedback.

Through evaluation on three newly developed benchmarks—ABCDs, CUBES, and HOUSE—we show that
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RESEEDsignificantly improves generalization to longer instruction sequences and outperforms text-only
baselines in both accuracy and scalability. These findings underscore the value of structured, grounded
signals in supporting robust generalization beyond the capabilities of text-only training. However, progress in
this area is currently constrained by the lack of high-quality, paired text-trajectory datasets. To advance the
development of models that reason effectively over actions and states in real-world contexts, we highlight the
urgent need for diverse, richly annotated datasets that reflect the structured and multimodal nature of human

experience.

3.3.7 Limitations

RESEED faces two primary limitations.

First, it introduces additional computational overhead due to the need for two forward passes. This
cost is most significant during training, as the longer gradient path requires more memory and the addtional
forward pass increase the time taken to complete one epoch. At inference time, no gradients are used used
and iterative generation is already standard. To mitigate memory requirements, we explored a two-stage
optimization procedure: one forward and backward pass to align latent states, followed by a second separate
forward and backward pass to train generation. As shown in Appendix this approach still outperforms
the baseline and only slightly underperforms the one-stage procedure, making a viable alternative is memory
constraints exist.

Second, RESEED requires access to paired text-trajectory data for training. While this limits applica-
bility in domains lacking such resources, our results demonstrate the substantial value of this supervision
signal. We hope this work encourages the development of more diverse and scalable text-trajectory datasets,
and we view this as a necessary step for progress in grounded language understanding.

Finally, we note an additional limitation of our evaluation benchmarks, which while diverse in structure,
are still limited in scope. All three are deterministic, template-based, and operate in relatively constrained
state and action spaces. In contrast, real-world environments often involve ambiguity, stochasticity, and varied

218

linguistic expression. Moreover, even our largest benchmark contains only examples—small relative to

modern pretraining corpora. Extending RESEED to broader, more complex, and non-deterministic domains
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is an important direction for future work. Doing so, however, will require scaling up dataset creation efforts

accordingly.

34 Eyes on the Game: Deciphering Implicit Human Signals to Infer Human Proficiency,

Trust, and Intent

The work described in this section has been published in ROMAN 2024 [159].

34.1 Introduction

With the continued advancement of artificial intelligence (AI) and robotics, it has become increasingly
important to develop autonomous agents that can effectively collaborate with humans. One promising
research direction focuses on endowing agents with a theory of mind [293]], involving the development of
mental models of teammates to improve adaptability [362]]. “Explicit” communication—which is direct,
unambiguous, and oftentimes verbal—can help form such mental models [313]]. However, in many real-world
teaming scenarios, only “implicit” communication—which is indirect, suggestive, and often non-verbal—may
be possible. This could be due to factors such as the need for rapid action execution or high levels of ambient
noise. In these scenarios, autonomous agents must rely on implicit signals to understand their teammates.
Two implicit signals have been identified in the literature as promising options for these scenarios: 1) a
teammate’s behavior in the environment [19], which informs about intent and can anticipate future behavior
and 2) a persons’s visual attention, which provides fine-grained, immediate signals about their focus [2].
While these signals have been leveraged independently to model and predict human behavior, few works
have sought to combine them. In this work, we hypothesize that by integrating these streams a more nuanced
and complete model of a teammate can be learned. It is worth noting that acquiring high-fidelity data of
complex cooperative tasks in sufficient quantities for deep learning models and comprehensive analysis is
still a challenge in the field. This paper not only provides such a dataset collected through a large user study,
but also provides a state-of-the-art (SotA) framework in the form of a causal transformer [298]] and analysis
comparing different implicit signals to predict a human’s: a) proficiency at a task; b) trust in an autonomous

teammate; and c) future intents. Prior work in human-robot interaction (HRI) and human-computer interaction
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Figure 3.11: In this work, collect a large dataset of paired eye gaze and gameplay data in the collaborative
game ~Overcooked.” Using this data, we train a causal transformer demonstrating state-of-the-art performance
in its ability to predict a collaborator’s task proficiency, trust in an autonomous teammate, and future intent.
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(HCI) have demonstrated the predictive power of implicit signals like eye gaze (422,230, 1306] and behavioral
data [[150} 154} 206]. Despite these advances, existing work still has limitations. First, most of these works
infer only a single data point about their human teammates rather than build a comprehensive model of their
behavior. Second, they are often applied to non-representative, turn-based environments where a single action
can span several seconds and the autonomous agent is limited compared to the human teammate. Third, when
eye gaze data is employed, it is often hand-crafted into a small set of features before being fed to predictive
models, degrading a rich source of information for cluing the agent into the users’ mental state. Finally, most
of these papers do not publicly release their datasets, hindering replication, comparison, and further research.

In contrast, this work not only leverages eye-tracking and behavioral data in parallel to accurately
predict multiple latent human factors, but also performs a comprehensive analysis of these inputs to deter-
mine the advantages of each data type. We collect this data in the fast-paced collaborative “Overcooked”
environment (cf. see Figure and [57]), which serves as an ideal testbed for human-Al teaming due to
its capacity to efficiently gather large amounts of behavioral data in the form of intricate and coordinated
gameplay at different levels of abstraction. We then leverage state-of-the-art deep learning models to predict
multiple mental and behavioral factors including the human’s intent (in the form of future attempted subtasks),
their trust in the autonomous teammate, and their proficiency at the game. Additionally, we compare several
methods to aggregate and represent eye gaze data, finding that gaze data provides salient information faster
than gameplay data, but that gameplay provides a stronger signal as the task progresses. Combining the
two consistently matches or outperforms the individual signals. Our results also show that gaze aggregation
across the temporal dimension only minimally impacts results in our tasks, while the spatial aggregation
method used in [387]] substantially worsens performance.

In conclusion, we present the following contributions: 1) a time-series model that can be conditioned
on both human eye gaze and gameplay data for accurate predictions of behavioral intents, skill level and
trust in the agent; 2) a thorough analysis comparing the predictive power of gameplay data, eye gaze data,
and the combination of the two, providing practical insights the contexts in which each type of data is most
effective; and, 3) a publicly released dataset of gameplay data paired with eye gaze data in a fast-paced

collaborative environment. We believe these insights derived will enable Al agents to better model human
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teammates, allowing faster and more specific adaptation to improve the team fluency and capability. By
equipping agents with the ability to process implicit signals, we introduce new modes of understanding and

expand the boundaries of human-agent interaction.

34.2 Related Work

Implicit human signals, such as EEG signals [[170], heart rate [373]], recent actions [150]], body language
cues [[133]], and eye gaze [2], have been studied as a means to improve the human-machine interaction [327]].

* Human behavior as a predictor Human behavior often contains informative action cues that hint at
future intent. For instance, reaching for a door handle suggests the intention to exit a room. Notably, past
sequences of behavior have been used to improve human-robot collaboration on assembly tasks [391}[247],
anticipate a human’s action in a herding game [19], enhance human performance in teleoperation tasks [15],
and predict a decision making in search and rescue [425]].

Other work has investigated how to predict an action based on an observed initial portion of it. Wearable
devices have been employed to collect arm movement data and improve prediction in handover tasks [393]].
Progress has also been made on predicting actions from RGB images and optical flow [206] or RGB images
alone [[176], as well as on breaking down human movement into granular “movemes” to improve behavioral
predictions [[195].

* Eye gaze as a predictor Eye gaze stands out as a salient signal, providing rich insights into a
person’s attention, information processing, and social interactions, enhancing human teaming [436]. It
has been used to anticipate intent in a robotic manipulation tasks [3]], as a substitute for wake-words for
smart-speakers [242], predict train routes in a turn-taking train board game [343]], and detect errors in robot
behavior [[18]. Interestingly, the predictive power of gaze has been also demonstrated on the other end of the
human-robot dyad: a robot equipped with a human-like binocular system and corresponding gaze controller
[316] improves the human’s ability to predict the robot’s intent [44].

Our work shares similarities to [S3]] and [387]]. Both works use implicit signals, including eye gaze,
to predict information about humans in a fast-paced collaborative environment. [55] explores the use of

gaze features, game data, survey data, and demographics to predict users’ preferences between early game
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assistance and late game assistance. However, unlike our study, this work does not compare the use of
gameplay data on its own to eye gaze data alone. [387]] uses eye gaze data to predict periods of human
confusion in the same environment we employ, however they do not consider the use of gameplay in any
form. Notably, both of these works aggregate gaze data over both time and space. Our research differs by
1) thoroughly comparing gaze data to gameplay data, 2) examining the effects of aggregating gaze data in
multiple different ways, and 3) exploring the predictive power of implicit communication across the three

differentdimensions of trust, proficiency, and intent.

343 Method
3.4.3.1 Data Collection

Environment
Due to its highly flexibly nature and its ability to capture a wide-range of human-agent teaming behaviors,

we focus our work on the collaborative cooking game “Overcooked” [57]. “Overcooked” requires a team
composed of a human and an Al-controlled chefs to cook and serve as many soups as possible within a set
time limit. To achieve this, players must execute a series of tasks ranging from collecting onions to placing
them in a pot and serving the finished soups. Successful service rewards the team with 20 points. At each
timestep, each player can choose one of the following base actions: up, down, left, right, interact with an
object (to pick up, place, or serve items), or stay in place. “Overcooked” requires players to coordinate both
on high-level strategic decision and on their underlying movements. At the strategic level, players should aim
to minimize redundancy and inefficiency—for instance, avoiding the situation where both players retrieve
a dish when only one soup is being prepared. On the movement level, careful navigation is essential to
prevent collisions between players. This combination of strategic planning and movement precision makes
“Overcooked” an especially suitable platform for studying human-agent collaboration.

Figure shows the three specific game layouts we use to gather data: 1) Coordination Ring, which
requires agents to focus heavily on their movement to avoid collisions 2) Asymmetric Advantages where
agents are fully separated and so cannot collide, but must instead focus on aligning their high-level strategy,

and 3) Counter Circuit that requires both movement and strategic alignment. Following previous work [[13]],
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(a) Asymmetric (b) Coord. (c) Counter Circuit
Advantages Ring

Figure 3.12: The three “Overcooked” layouts used. From [57]].

we ran the experiments for 400 in-game timesteps at 5 FPS, which equates to 80 seconds of gameplay.

3.4.3.2 Al Agents

To capture a thorough and wide range of human behaviors, we collected data using three different
agents of varying ability. The first agent is a random agent, which randomly selects one of the six base
actions. This represents a very low level of play and is intended to create situations where the human may be
confused about its teammate leading to low trust. The second agent is a self-play (SP) agent that is trained
using reinforcement learning (RL)—specifically proximal policy optimization (PPO) [328]—and, as the
name suggest, is trained being teamed with itself. This agent can be quite good at the game if the human
adapts to its play-style, but its training regime causes it to be very rigid in its behaviors. This agent is aimed
to create trials where the human can have moderate trust in their teammate, but must still pay attention to the
agent’s behavior to avoid frequent collisions and a lower final score. Lastly, we use a SotA HAHA agent
that has been shown to be a significantly more performant, trusted, and understandable teammate. This agent

was included to elicit situations where the humans have a high-level of trust in their teammate.

3.4.3.3  Trial Design

The primary objective in the dataset creation was to collect a wide range of human behaviors while
performing a collaborative task from which we could analyze and compare the predictive ability of gameplay
data and human eye gaze data. To this end, we ran an IRB-approved user study where we recorded participants

playing the collaborative cooking game Overcooked. After completing consent forms, participants were
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Figure 3.13: An overview of the processing method to create representations of eye gaze data, gameplay data,
and enable a combination of the two for a single timestep. The representations are designed to be easily fed
into modern neural networks.
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required to fill out a demographic survey, read instructions about the game, and complete a short tutorial
that required them to serve a completed soup before moving on. Each participant then played 18 rounds
of Overcooked, with each round being played with one of three different agents on one of three different
layouts. This led to each participant playing the nine different layout-agent combinations twice during the
full duration of the trial. In the next section, we provide a more in depth description of the Overcooked
environment and the specific layouts used, the set of different agents used, the number and recruitment

methods for participants, the data collected during each trial, and how the data was processed.

3.4.3.4  Participants

In total, 83 participants were recruited across both the United States Air Force Academy (USAFA) and
the University of Colorado (CU) Boulder using newsletter announcements and an online recruiting software.
Nine participants were removed due to either technical difficulties with the system or poor eye tracking data
quality (> 40% of eye tracking data was missing on at least one trial), leaving 74 participants in the dataset,
for a total of 1332 total rounds of play or 29.6 hours of recorded play time. The age of participants ranged
from 18 to 52 with an average age of 21.43. 33 participants identified as male, 39 as female, 1 non-binary,
and 1 preferred not to disclose. When asked about their previous experience with Overcooked on a scale
of 1 to 7 (1 being no experience), participants reported an average of 1.45, indicating that the majority of
our participants had no or limited experience with the game. As our primary objective is to test predictive
ability with unseen humans, we randomly select 59 participants for our training set, 5 participants for our
validation set, and 10 participants for our test set. All participants were required to have normal vision
(20/40 or better) without contact lenses to ensure that the eye capture system would be effective. Prior to
participating, volunteers signed an informed consent document approved by the IRB at the Army Research

Laboratory (ARL 23-079) in accordance with the Declaration of Helsinki.

3.4.3.5  User Study

Participant were required to complete an online demographic survey prior to their in person session.

Upon arrival, participants signed a consent form, and were then positioned around 70cm away from a
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display and attached eye-tracking device (Tobii ProSpectrum), at which point a five-point calibration was
executed using the Tobii Eye Tracker Manager (2.6.0) Figure Subsequent to calibration, the accuracy of
eye tracking was confirmed via real-time gaze tracking, with mandatory recalibration for any validation point
discrepancies exceeding 1.5°.

Following this, a Lab Streaming Layer (LSL) stream was started that broadcasted the eye gaze data
(including, but not limited to, the right and left eye x and y coordinates relative to the display, as well
as pupil dilation collected at 300H z), the game data (including, but not limited to, the game states, team
actions, the reward, and instance of collisions), and the keyboard data and mouse data. All data was recorded
in xdf files. See Figure for depiction of the setup. Between each round, we additionally collected
the participants answers on five statements adapted from [144]] using a 7-point Likert scale [211]] ranging
from strong disagreement to strong agreement. These statements pertained to team fluency, perceived role

significance, trust in the agent, understanding of agent actions, and the agent’s cooperativeness.

3.43.6  Data Processing

To enable information to be readily fed into neural networks, we first clean and process collected data.
We use [157]]’s lossless state encoding function to encode the game states into a grid representation of shape
height x width x 27, where each of the 27 channels contains information about different in-game objects or
players. For the eye gaze data, we first average the = and y pixel coordinates of the two eyes. If the gaze data
for a single eye is null for a given sample, we use the data from the only valid single eye data. If the gaze data
is null for both eyes for a given sample, we exclude that sample. We then map the pixel coordinates to the
corresponding tile in the game’s grid environment. During this process, we filter out all eye gaze samples
where the participant is not looking within the boundaries of the game environment. Since the eye gaze data
is sampled at roughly 300Hz compared to the SHz (or FPS) of the gameplay data, we have approximately 60
eye gaze data points per gameplay timestep. To enable the combination of gameplay data and eye gaze data,
we create eye gaze heatmaps of the same shape as the underlying game grid, and populate the grid with the
ratio of gaze samples that fall within the boundaries of each tile. A visual representation of our method is

shown in Figure To compare our method to the method used in [387], we additionally map each eye
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gaze sample to a game grid tile and classify the sample as the human looking at their own agent, looking at
their teammate, or looking at the environment. For each game timestep, we calculate the ratio of samples in
each of these three bins.

After processing, we can readily use five input representations for a given number of timesteps. 1) a
lossless game state encoding per game timestep (Game Data), 2) an eye gaze heatmap per game timestep
(Eye Gaze Data), 3) a combined state encoding and the eye gaze heatmap per timestep (Game Data + Eye
Gaze Data), 4) the average heatmap across all twenty timesteps (Collapsed Eye Gaze), and 5) the average
ratio of eye gaze samples that map to the human’s agent, teammate, environment across all timesteps (Gaze
Object).

We use three different labels from our dataset. The first are the humans levels of agreement on the likert
question: I trusted the agent to do the right thing:”. This ranges from 0 (strongly disagree) to 6 (strongly
agree) with 3 being neutral. Second, for each agent-layout pair, we bin all scores in tertiles and label rounds
by the tertiles they scored in. Scores in the bottom tertile would be in bin 0 (beginners), the middle tertile in
bin 1 (intermediates), and the top tertile in bin 2 (experts). We use these score tertiles as a proxy for human
proficiency. Third, we calculate when the human player completes one of the eleven different subtasks by
identifying each time they perform an interact action and inspecting the change in state. We then back label
each timestep since the previous subtask completion with the completed subtask. We use these subtask labels
to predict a human’s future intents. We note here that for trust and proficiency, there is a single label for a
full 400 timestep round. For intent, there are many subtask labels in a single round, and the duration of a
subtask label is highly variable and dependent on which task is being performed, the current layout, and the
proficiency of the human.

As this data is collected from a human study and not hand curated, class distributions are not perfectly
balanced. Reporting accuracy in this case can over state the performance. Due to this, we use an F1 score as
our primary metric, as F1 scores incorporate both precision and recall in its final output. We additionally

include a baseline model that always predicts the majority class in all our results.
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Figure 3.14: F1 scores over time for different implicit human signals predicting human proficiency, trust, and
future intents starting at timestep O of each trial. The top row of graphs shows the per-timestep prediction
outputted by our transformer model that can handle time-series data. The bottom row shows the cumulative
prediction of all past timesteps. Dotted lines represent methods that aggregate over time and use the full 20

second window for their prediction.

344 Models

We train two types of models to predict our labels from the input data. For the input data types
that retain time-series information—game data, eye gaze data, game data + eye gaze data—we first flatten
the timestep representations, as in Figure [3.13] We then apply a linear layer to encode them into a token
embedding size and pass the first 20 timesteps through a transformer model [381]]. To capture the temporal
dependencies in the data, we employ a causal transformer architecture [298]]. Specifically, we generate a
causal attention mask that ensures each output token can only attend to the previous tokens in the sequence.
This masking mechanism is crucial for preventing information leakage from future timesteps and enabling
the model to learn meaningful temporal patterns. To prevent overfitting, techniques like dropout and layer
normalization are applied in positional encodings and transformer layers. Each output token is fed into a

linear layer to get the appropriate number of logits for the task at hand. We use a cross-entropy loss between
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the logits and ground truth labels at every timesteps and the RAdam optimizer [220] to train the model. We
use the same architecture parameters as the base model in [381]. We perform a grid search on learning rate:
Ir € {le — 5,3e — 5, le — 4}, batch size: bs € {32, 64,128}, warmup steps: ws € {500, 1000, 2000} and
found Ir = 3e — 5, bs = 128, and ws = 2000 provided the best results.

For the two representations that aggregate over timesteps—collapsed eye gaze and gaze object—we
average their representations over all 20 timesteps and then feed the aggregated input into a three layer
multi-layered perceptron with 128 hidden units. We use the same loss function and optimizer. We perform
the same grid search excluding warmup steps which are transformer specific and found ir = le — 4 and

bs = 128 provided the best results.

34.4.1 Data Release

An anonymized version of the collected data and the code used to process it can be found onlin
. The dataset contains XDF files that include all eye gaze data at 300Hz and all gameplay data at SHz.
Additionally, they include keyboard and mouse data that were not utilized in our analysis. In addition to the
XDF files, the datset contains the results of the likert scale questions, which can be mapped to the XDF files

using anonymized user and trial ids.

3.4.5  Experimental Design

With the collected data, we set out to answer the following three research questions. RQ1: How does
the predictive power of eye gaze data compare to the predictive power of gameplay data and to the
combination of both? Core to our contributions is a thorough analysis of the predictive power of gaze data
compared to gameplay data. To this end, we train a causal model per agent-layout combination on the first
20 timesteps of each round for each of our three prediction labels: trust, proficiency, and next subtask to be
completed.

RQ2: How does aggregating eye gaze data along spatial and temporal dimensions effect its

18 https://hiro-group.ronc.one/overcooked-eye-gazedataset hosts the dataset.

https://github.com/HIRO-group
/HAHA/tree/EyeGaze hosts the code used to process this data.


https://hiro-group.ronc.one/overcooked-eye-gaze-dataset
https://github.com/HIRO-group/HAHA/tree/EyeGaze
https://github.com/HIRO-group/HAHA/tree/EyeGaze
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predictive power? Recent work has often aggregated eye gaze data across different dimensions to simplify
the input space [387,155]]. This immediately poses the question of if and by how much these simplifying
aggregation techniques are impacting the predictive power of eye gaze data. To test this, we compare the
predictive power when using the full time series eye gaze data to two lossy methods. In the first method, we
average the heatmap across timesteps, which collapses the temporal dimension of the data and that we name
collapsed eye gaze. In the second, inspired by the approach used in [387]], we collapses the spatial dimension
and only looks at the ratios of eye focus on the user themselves, the teammate, and the environment. We
name this method gaze objects.

RQ3: Does the predictive power of eye gaze and gameplay data differ between the start of a
new task and during continuous execution? Lastly, we hypothesize that a human’s work flow may change
between the start of a new task and when they have been performing the same task for a while. If true, we
expect to see a difference in game play and gaze data patterns. To examine this, we compare the predictive
power of eye gaze and gameplay data on when focusing on the first 20 timesteps of gameplay compared to

focusing on timesteps 200 to 220.

3.4.6 Results

RQ1: Comparing eye gaze data to gameplay data. Section [3.4.3.6|depicts the predictive power of
eye gaze data, gameplay data, and their combination across multiple human mental and behavioral factors.
We first focus on the intent, or “next subtask™ prediction, shown in Section ¢). As this particular
analysis only considers the inital 20 time steps of the game, almost all participants will retrieve an onion as
their first subtask, leading to a very high f1 score early on. However, whereas the models that use game data
and the combination of game and gaze data maintain a high predictive ability, using ungrounded gaze data
on its own leads to a drop in performance at later stages. This is likely because the gaze data only provides
information on where the human is looking, but without the game data, there is no information on what the
human is looking at. While the model can memorize the location of fixed objects in the environment to
provide a better than random prediction, there is no way to know where either agent is situated or to model

the dynamic changes to the environment. In a situation where the human looks at the location where a pot is,
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for example, from ungrounded eye data alone it would be difficult to ascertain whether the human is going
to drop an onion into the pot, retrieve a completed soup from the pot, or perhaps check if their teammate is
performing either of these actions.

We next focus on the proficiency and trust predictions, shown in Section a) and b). For these,
since the labels are identical for an entire round, we provide two versions of the graph. The top row of
graphs show the individual predictions at each separate timestep, whereas the bottom row of graphs averages
all the probabilities up to and including the current timestep. These results show a clear trend where the
predictive power of gameplay data starts near majority class prediction, and consistently trends upwards. This
is expected because the game’s initial state is the same in all trials, and the model can refine its prediction as
trajectories deviate toward or away from optimal paths. Notably, game data achieves a high performance
within 20 timesteps.

Eye gaze data alone provides a strong predictive signal very early on, spiking around timestep 3 and
4 in both the trust and proficiency predictions. A qualitative analysis of the eye gaze and behavior at the
start of the game showed a trend where the participants would first look at their teammate, then switch their
focus to their agent before performing their first productive action. For more experienced players, this shift
would occur around this threshold of timestep 3 — 4, whereas for less experienced players, it would occur
later, usually between timesteps 7 and 15, aligning with the results we see here. Similarly to the subtask
prediction, as the players deviate away from the start state, the gaze data lacks necessary game information
and the models start to lose some of its predictive ability. However, as seen in the bottom row, this can be
significantly mitigated by using the cumulative probabilities of all predictions.

Lastly, using a combination of eye gaze data and gameplay data provides the best of both modalities,
requiring little data to get a good performance, and continuing to improve with more data. Unlike the
ungrounded gaze only models, the gaze here can be attributed to objects in the environment, and we see no

drop in performance. In all cases, using both modalities provides the best or tied for best performance.
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Figure 3.15: F1 scores starting at timestep 200. Refer to Section [3.4.3.6|for a full description of the figure

RQ2: The effect of gaze data representation. We next investigate different methods to represent
eye gaze data. Specifically, we compare the full time series representation utilized in the previous section
to the collapsed gaze and gaze object representations. We note the latter two approaches use all timesteps
in question for their prediction, and therefore are only comparable to the final timestep prediction. In the
cumulative F1 approach (bottom graphs), we see that the time series approach matches or outperforms the
other approaches. However, the collapsed eye gaze approach performs nearly as well using a simpler model.
In contrast, the gaze object approach of [387], which collapses the spatial dimension and only uses the
frequency at which humans look at different objects, drastically reduces performance. These results indicate
that the spatial dimension of gaze data is more useful for predicting proficiency and trust compared to the
temporal dimension.

RQ3: Task time We now examine how predictive power changes as humans move from starting a
new tasks to a phase of continuous execution of the task. Figure[3.15]show the predictions curves when we
start predicting at timestep 200. Compared to the previous results, there are two trends. First, gameplay data
is now strongly predictive from the first observed timestep, indicating that the state space itself contains
a significant amount of information about the quality of play up to that point. Second, we see that the

per-timestep prediction of the ungrounded gaze model no longer has the spike in prediction accuracy at the
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beginning, but rather consistently predicts trust and proficiency at a similar level to its predictions around
timesteps 20. Notably, even without this beneficial early bump, the cumulative prediction accuracy (bottom
graphs) increases over time and achieves a substantially higher F1 score than any single timestep, indicating

that even with no grounding, repeated measures of eye gaze data contain a rich signals about human behavior.

34.7 Discussion and Conclusion

In this work, we present a large-scale dataset of human gameplay and eye gaze collected during
collaboration with a variety of agents in the Overcooked environment. Using this dataset, we investigate
how implicit behavioral signals can be used to infer key human attributes relevant for effective human-agent
interaction. Our analysis yields several key findings: 1)both eye gaze and gameplay data serve as strong
predictors of human proficiency, trust, and intent; 2)eye gaze offers early predictive power, particularly at the
outset of a task when limited behavioral data is available, while gameplay becomes more informative as the
task unfolds; 3)combining gaze and gameplay yields the strongest overall inference performance; and 4) care
must be taken when aggregating eye gaze data, with temporal aggregation proving more robust than spatial
aggregation in our setting.

These results demonstrate that implicit signals—especially when integrated—are rich sources of
information for modeling human behavior, supporting rapid adaptation and effective teaming. This mirrors
how humans intuitively attend to behavioral cues and reinforces the broader thesis that identifying and
leveraging such human-aligned data streams is essential for building more general and collaborative Al

systems.

34.7.1 Future Work

Our findings underpin two key future research directions. First, we are interested in investigating the
potential for enhancing the adaptability and personalization of autonomous agents by conditioning them
on the information collected about their human teammates. Second, we intend to apply and extend these
findings to real-world human-robot collaboration. While we are confident that our general conclusions will

extend to these practical scenarios, a real-world domain raises number of interesting questions. These include
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how to adapt the systems to account for the movement of the human, how to classify the completion of a
human action, and determining an appropriate frequency to use when delineating timesteps. Additionally,
one potential limitation of this study is that our data was drawn from a participant pool relatively lacking
in terms of age, ethnic and cultural diversity. Considering evidence for the culturally contingent nature of
gaze patterns (e.g., [420])), future work should explore the cultural nuances of eye gaze as a communicative
signal. This is particularly relevant in diverse and multicultural settings where human-robot interactions may

be influenced by varying interpretations of gaze behavior.



Chapter 4

Generalization through Structures

In this chapter, I investigate how the use of structure supports generalization. As introduced in
Section structure refers to the organization of how information flows through a system. While many
deep learning systems rely on architectural inductive biases to implicitly structure learning, humans leverage
explicit conceptual structures—such as taxonomies, frameworks, and hierarchies—to flexibly generalize
and adapt to new settings. These structures enable efficient knowledge reuse, reduce the cognitive and
computational search space, and clarify relationships between concepts.

This role of structure is especially critical in the domain of zero-shot coordination, also known as
ad hoc teaming, in which agents must collaborate with previously unseen teammates without any prior
coordination or shared training. Generalization in this context is not merely beneficial—it is a prerequisite
for success. Human teamwork in such conditions relies heavily on shared task abstractions [348]] to align
behavior, coordinate roles, and adapt to dynamic contexts [401].

Motivated by these findings, I introduce Hierarchical Ad Hoc Agents (H A?), which leverage a human-
interpretable hierarchical task structure to support coordination in novel teaming scenarios. Empirical results,
corroborated by user studies, show that these explicit hierarchical structures significantly enhance an
agent’s ability to generalize to both new partners and shifts in the environment, ultimately enabling

more effective and human-like collaboration.
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Figure 4.1: Depicted is a scenario in the Overcooked game where an agent is working with a new teammate.
The agent could choose to play a coordinated strategy that is more efficient than an alternative individual
strategy, but runs the risk of failure if cooperation is not achieved. Successful ad hoc teaming requires not
only being able to perform multiple strategies, but also know when to apply the different strategies. Current
SotA approaches subsume these decisions into a single black-box; in contrast, we propose that a structured
approach to these decisions provides significant benefits.

4.1 Implicitly Aligning Humans and Autonomous Agents through Shared Task Abstrac-

tions

The work described in this section has been published as an extended abstract in AAMAS

2023[13]], and as a full paper in IJCAI 2025 [17].

4.1.1 Introduction

Successful collaboration requires individuals to efficiently adapt to new teammates. This capability,
often referred to as ad hoc teaming [24] or zero-shot coordination [152], is an area where humans consistently
outperform state-of-the-art autonomous agents. We argue that this disparity arises because humans have
access to shared task abstractions [348]], which provide a common foundation that facilitates seamless, implicit
coordination. In this paper, we argue that maximizing an agent’s ability to collaborate with humans requires
providing them with shared task structures and demonstrate the effectiveness of this approach through a
large-scale human study.

To elucidate the intricacies and challenges of zero-shot coordination between humans and agents, let’s

analyze a scenario in the collaborative game “Overcooked”, in which players serve as many soups as possible



82

within a time limit. In Figure 4.1} the ad hoc agent is playing with an unfamiliar tteammate and must decide
how to act next. One option, which we define as the ‘individual’ strategy, involves obtaining an onion and
placing it directly into the pot. This behavior is conservative but suboptimal: it can achieve a moderate
score with any player, but will never achieve a top score. Conversely, the agent could opt for a ‘coordinated’
strategy, where the blue agent passes onions on the middle counter, hoping their teammate moves them from
the counter to a pot. This strategy is more efficient since it eliminates the long walk around the kitchen, but it
carries risk as success hinges on both agents adhering to the strategy. This example illustrates a key challenge
in zero-shot teaming: an agent must not only acquire multiple distinct behaviors, it also needs to be able to
quickly identify which behavior is most suitable for its teammate’s skill level.

Recent works have tried to overcome the challenges of rapidly adapting to new teammates by leveraging
teammates of diverse capabilities. Agents have been trained with teammates that emulate human behavior
[S7] or with a population of teammates that varying levels of proficiency [354} 123111227, 210]. However, these
approaches sidestep a key factor for achieving genuinely collaborative interaction; as depicted in Figure 4.1}
current state-of-the-art systems consolidate high-level strategy decisions and low-level movement decision
into one black box model. In contrast, humans are known to leverage hierarchical frameworks for cognitive
processing [401]], task management [10, 431]], and human-human coordination [348]], and human-robot
collaboration 314, 238]]. Further, it has been proposed that structured hierarchies are a core component of
the human ability for fast generalization [372]. In this paper, we design autonomous agents equipped with
hierarchical structures that provide shared task abstractions that enable more efficient alignment with humans.
These structures enable agents to focus on the most relevant information for the respective level of abstraction,
prevent agents from overfitting to specific training patterns, and create task-oriented agents who may be
more understandable to humans. While the benefits of shared task hierarchies are well-established in certain
research domains [[161} 390, [10], state-of-the-art methods in human-agent interaction [227, 210] have yet to
capitalize on this critical concept. This paper addresses this significant gap and advocates that shared task
hierarchies should play a central role in human-agent interaction. Our findings show that leveraging shared

task hierarchies can provide greater improvements compared to increasing diversity of training agents (cf.

Section[4.1.5.3).
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In all, we present Hierarchical Ad Hoc Agents (HA?), a method that leverages hierarchical reinforce-
ment learning (HRL) to equip an agent with both low-level, efficient maneuvering behaviors and high-level,
team-oriented strategies for effective synchronization with human teammates (cf. Figure d.2). Importantly,
HAZ is agnostic to the underlying training algorithms, and serves as an augmentative layer that complements
state-of-the-art methods (SotA, e.g., [354, 157,227, 210l]), leading to statistically significant improvements.
Further, this is a deeply generalizable method, as humans have demonstrated the ability to create tasks
hierarchies across a broad range of human-human collaborative tasks [348]]. Through extensive evaluations,
we find that HA? offers statistically significant advantages with highlighted by the following contributions: 1)
HA? outperforms all baselines by over 18.0% when paired with a set of unseen agents, and 2) by over 18.3%
when paired with humans. Moreover, 3) HA? is significantly preferred by humans, and found to be more
fluent, trusted, and cooperative than baselines. To further test the generalizability provided by hierarchical
structures, we test the agents zero-shot on modified versions of the game layouts and show that 4) HA? is
more robust environmental changes, outperforming baselines by more than 10.5x on these layouts. Code is

available athttps://github.com/HIRO-group/HA2.

4.1.2 Related Works

Zero-Shot Coordination The fast-evolving landscape of deep RL agents that interact in the real world has
prompted increased investigation into how they can and should interact with humans [80, [253]]. A critical
challenge is the development of agents capable of zero-shot coordination with human partners [350].
Training partners Prior research identified the limitations of agents trained via self-play—most notably,
their behavioral rigidity. To address this, work has enhanced self-play through robust strategy discovery
152,781 1326], off-belief learning [[151], or training with a population of pretrained agents [241]. Notable
advances were made with the use of teammates trained via imitation learning [57], that vary in ability [354]],
or are specifically trained to be diverse [231) 1426, [232]]. More recent work has investigated ensembling
training partners to create a richer diversity without additional computational costs [227]]. Our work is directly
compatible with this body of work by augmenting the agents with human-aligned structures.

Intention Prediction and Planners A different line of research has focused on modeling the teammate’s
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intention prediction for collaborative tasks [248}, [260]. This work often leverages online planners, which have
nice properties for ad hoc agents within certain restrictions [404]. Although [405, 289] employ hierarchical
structures in their planners, they lack real-world applicability due to computational constraints for complex
environments and have not been tested with real human game-play. [57]] compared their models to planning-
based methods, but were only able to use planners in two of their five layouts. When playing any agent for
which they did not have an accurate model of (e.g., a human), performance dropped dramatically. Though
out-of-scope here, we believe that modeling would compliment our proposed method.

Type-based Agents Ad hoc teaming has also been investigated by using type-based agents that rely on
a pre-generated population of diverse teammates. The PLASTIC framework [24] offers two strategies:
PLASTIC-Model, which employs the most human-like teammate for action planning, and PLASTIC-Policy,
which first learns then selects the most appropriate complementary policy for each teammate. This latter
approach is paralleled in [204], albeit with a distinct similarity metric. Finally, [64] takes this further by
subsuming teammates into world models, and using them to learn respective policies.

Hierarchical Reinforcement Learning As breaking down complex tasks into sub-tasks is used in many facets
of life, HRL is a well-studied area [358] 186, 82| |384]. HRL has also been extended to multi-agent cooperation,
either by deploying a central manager to oversee multiple agents [4]], or by imbuing each agent with its own
hierarchical architecture [[118, 237/]]. Other work has ventured into learning the sub-tasks [409, 392[]. Most
similar to our work is HiPT [225]. However, the work differs in several critical ways: 1) Our motivation
stems from aligning structures between humans and agents; thus, our abstracted layer between Worker and
Manager is fully human interpretable. 2) Our method consistently outperform HiPT across all layouts. See
Section for comparative results. 3) We show that our architecture enables greater generalizeability to
shifts in the game layouts, a feature not shown in HiPT. 4) We show that HA? provides significant benefits

regardless of which training teammates are used.
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4.1.3 Method
4.1.3.1 Environment

Following prior work in zero-shot human-Al teaming [57, 1354, [13]], we study the use of hierarchical
structures using all five layouts in the Overcooked environment developed by [S7]. The goal of this collabora-
tive game is to serve as many soups as possible in the time limit. To accomplish this, players must perform a
sequence of task from retrieving onions and placing them in a pot to serving completed soups. Upon service,
the team is rewarded with 20 points.

At each timestep, each player can choose to move {up, down, left, right}, interact with an object
(for picking up/placing/serving objects), or stay still. To effectively play Overcooked, agents must both
coordinate on high-level sub-tasks and low-level movement patterns. At the sub-task level, players should
avoid redundant and inefficient sub-tasks such as each retrieving a dish if only one soup is cooking. At
a low-level, players must be cautious to avoid collisions. This layered complexity makes Overcooked a

particularly apt testbed for human-agent collaboration.

4.1.3.2 Sub-tasks

In human-human game-play, synchronization typically occurs at this sub-task level. In the Overcooked
environment, sub-task identification is facilitated by the interact action, which serves as a delineating event.
Utilizing it, we enumerate all possible outcomes resulting from the ’interact’ action to define our set of
sub-tasks: (1) Pick up onion from onion dispenser (2) Pick up onion from counter (3) Pick up dish from
dish dispenser (4) Pick up dish from counter (5) Place onion in pot (6) Place onion on counter (7) Get soup
from pot (8) Place dish on counter (9) Get soup from pot (10) Place soup on counter (11) Serve soup (12)

Unknown

4.1.3.3  HA?: Hierarchical Ad Hoc Agent

Inspired by the notion that cognitive and behavioral alignment between humans and agents enhances

human-AI Teaming, we adapt FuN [384] to introduce HA?: Hierarchical Ad Hoc Agents. HA? aims to
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Figure 4.2: An overview of the HA? architecture. Similar to human behavior, an observation is initially
processed by the Manager to decide on the next high-level sub-task. Subsequently, the Worker executes the
necessary low-level actions to complete the sub-task.

approach human-agent teaming as one would approach human-human teaming: by developing a shared and
mutually understandable task hierarchy. HA? (cf. Figure consists of two tiers of models: a Worker, that
focuses on the efficient execution of sub-tasks while avoiding collisions; and a Manager that focuses on high-
level-task synchronization with its teammate. This decoupled architecture not only facilitates collaboration
by allowing the models to focus on the information at their level of abstraction, but it additionally streamlines
both their learning processes.

The Worker is tasked with learning how to complete sub-tasks. With reference to Sectiond.1.3.2] this
consists of moving to a certain location with a specific orientation and interacting with the environment. With
this in mind, we add a layer to the lossless observation developed by [57] that indicates the end locations of
the current sub-task. For example, for the sub-task ‘put onion in pot’, each non-full pot would be marked
in this layer of the observation. We then create a modified versions of the original environment. In this
environment, each episode is associated with a sub-task and runs until the agent performs the interact action
or times out. If the agent completes the correct sub-task, they receive a reward of +1, otherwise they receive a
reward of -1. Certain sub-tasks offer additional small rewards for more optimal completion methods. For
tasks involving placing objects on or picking up object from counters, an additional reward is added for
the numbers of steps that can be saved by using that counter compared to moving from the agent’s current

location. For placing onions in pots there is an additional reward for placing onions in the pot that has
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more onions. When an episode ends, a new sub-task is sampled from the list of possible sub-tasks given
the current state. The sub-tasks are sampled inversely proportionally to how often that sub-task has been
used previously in training to get a more even coverage of sub-tasks during training. Once the horizon of the
original environment is reached, the environment resets the state to the standard start state and a new sub-task
is sampled. Due to its undefined nature, we omit the unknown sub-task at this stage.

The Manager is responsible for deciding which sub-task should be completed next. Specifically, it
is trained to output a distribution over sub-tasks. To train the Manager, we again create a modified version
of the original environment. In this environment, the action space is one of the 12 possible sub-tasks. If
the manager selects the undefined sub-task, the additional observation layer passed to the worker is empty.
Unlike the base environment, not all actions are possible for each state: for example, the agent cannot put an
onion in the pot if they are not carrying an onion. To address this, we mask out all sub-tasks which are not
possible at the current time-step. Once the sub-task has been chosen, the associated observation is passed
to the Worker, who selects the low-level action for that timestep. We found that having the Manager select
sub-tasks at each time-step improved sample efficiency and overall performance given the computational

budget. The reward structure is the same as the base environment with a reward of 20 for each soup served.

4.14 Experimental Design
4.1.4.1  Baselines and HA? models

We implement two baselines representative of the existing approaches in the field: Behavioral Cloning
Play (BCP), [57] and Fictitious Co-Play (FCP) [354]. BC was designed to have an RL agent learn how to
play with the movement patterns of a human. To do this, a behavioral cloning (BC) model is first trained
from human data, and then a RL agent is trained with the BC model as its teammate. FCP is designed to have
agents learn to play with a wide range of teammates. It first learns a population of self-play agents who vary
in architecture and seed. It then augments the population by using three versions of each agent: its random
initialization, roughly midway through training, and after completing training. It then trains the FCP agent to

play with the whole population of agents.

! BCP was originally named PPO g in [57]] and renamed by [354] to BCP. We use BCP in this paper for succinctness.
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We note that HA? serves as an architectural enhancement within the agent, and that the agent can be
trained using any type of teammate. To demonstrate the applicability of HA? to existing methods, we train
two versions of HA2. HA2 g p is trained using a BC teammate and is directly comparable to BCP. HA?pcop
is trained using a FCP population and is directly comparable to FCP. We train five iterations of each of the
four agents using different random seeds and report the mean and standard error across seeds.

To train the BC models, we closely follow the implementation in [S7], using their feature encoding
as observation as well as their provided data. We make two small changes which we found improves
performance. First, we remove all time-steps where both agents perform the stay action. Second, in the loss,
we weigh each action inversely proportional to their frequency in the dataset. Following [57], We divide the
data in half, and train two models. The better model is used as the human proxy, and the worse model as the
BC model. We note that these two agents are the only agents where we train one model per layout.

The RL agents train one model for all layouts and use the 7x7 egocentric view developed by [354].
However, instead of the convolutional neural network (CNN) used in [354]], we flatten the observation and
pass it through a two-layer multilayer perceptron (MLP) as we found it outperforms a CNN. We experiment
using recurrent networks, as in [354], but found they also underperform MLPs. We additionally experiment
with frame stacking, which we found outperforms a Recurrent PPO, but underperforms the standard PPO
approach.

The training population for the FCP agent and HA? ¢ p consists of eight self-play agents that vary
in seed, hidden dimension (64 and 256), and whether or not they use frame stacking. When training the
population, we found that agents learned on the different layouts at different rates. To maintain a good
balance of skill levels for each layout, we use different middle checkpoints for each population agent for each
layout, with the checkpoints corresponding to points closest to where the agent reaches half the highest score
for that layout.

Each population agent was trained for 10 million in-game steps and the BC agents were trained for 300
epochs. HA? and the baselines train at different rates with HA? taking the longest to train since it requires
two predictions — one from the manager, the other from the worker — at each timestep. To keep a fair

comparison, we train each agent for 48 hours using the same V100 GPU. For HAZ, we use 24 hours for the
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Worker and 24 hours for the Manager. The 48 hours equate to ~119 million timesteps for BCP, ~119 million
timesteps for FCP, and ~66 million timesteps for HA? (31 million for the Worker and 35 million for the
Manager). We note that all agents reached over 98% of their top performance within the first half of this

training.

4.1.4.2  Research Questions and Experiments

RQI: Does HA? improve performance with unseen agents? We hypothesize that the addition of
a hierarchical structure will help the agent’s models focus more closely to the salient information at their
respective level of abstraction. Further, we hypothesize that it learn more general game concepts by preventing
it from over-fitting to any specific training patterns. Since the reward is fully shared and because the agent
can impact its training teammate’s actions by influencing the observations, it follows that the agent will also
maximize its actions to promote its teammates’ high-scoring behaviors. When using low-level actions, this
can quickly lead to weird specificities that generalize poorly—e.g. waiting to put the onion in the pot until the
teammate is in a specific spot and facing a specific way. Enforcing a hierarchical structure should mitigates
this effect since the Worker is not rewarded by teammate behaviors and the Manager has no control over the
movement of the Worker.

To test this initial hypothesis, we compare the performance of HA? g p and HA? oo p to their respective
baselines when paired with three agents of varying capability: a self-play model (fully distinct from any in
the FCP population), the human proxy model, and an agent that performs random actions. See Section{4.1.5.1
for the results of this experiment.

RQ2: Does HA? create higher performing and more fluent human-agent teams? The primary
motivation for this work is to develop agents that are effective at collaborating with humans. Human
teammates present unique challenges to autonomous agents—prime among them the fact that humans have
a significantly higher ability to adapt. In turn, this requires agents paired with humans to not only being
able to adapt themselves, but also to make it easy for a teammate to adapt to them. Beyond the improved
generalizability we test for, we hypothesize that HA?’s structure will make them more task-focused and in

turn more understandable to humans.
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To this end, we conduct an IRB-approved online user study. We use a within-subjects design for the
study where each participant plays with two agents on each layout. To test our above hypothesis, we evaluate
both objective performance and subjective preferences between pairs of agents. Each participant was first
provided with an instruction page, before completing a short tutorial that required them to complete all the
steps to serve a soup to move on. Each participant then played an 80 second round (400 steps at 5SFPS) with
each agent on one of the layouts. Between each round, the participants had to answer eight questions adapted
from [143]] asking them how much they agreed or disagreed with statement on a 7-point likert scale. After
each pair, they were asked to rank which of the two agents they preferred. They then repeated this process
for the other four layouts. The order of the layouts and agent they played with first within each layout was
randomized. The chef that the agent and human controlled were consistent between the two comparative
agents, but randomized between layouts and participants.

For this research question, we run two pairwise comparisons: HAZ?gcp vs. BCP and HA? pop vs.
FCP. We recruit 50 participants for the BCP comparison and 25 participants for FCP comparison. We
filter out any participant that did not complete the full trial. We additionally filter out any pair of rounds
(i.e., comparing two agents on one layout) where the human performed fewer than five subtasks in either
round. This leaves us with 47 and 24 participants respectively. We recruit all participants from prolific.com.
Participants were compensated using a base rate of $3.00 plus a bonus incentive of $0.04 for each dish
served. The average participant compensation for these two studies was $15.79/hour. This human survey
was approved an Institutional Review Board, indicating that it presented minimal risk to participants. All
participants provided informed consent for the study. Results for these human studies are in Section

RQ3: Can HA? agents generalize better to changes in the layouts? Since the hierarchical structure
we are using is intrinsic to Overcooked at large, we posit that HA? should not only generalize better to
different agents, but also generalize better to shifts in the layouts. For this experiment, we create a modified
version of each layout by swapping two tiles in each layout. Since we do not have any trained unseen agents
on these layouts, we evaluate the HA?s and their respective baselines on these modified layouts by teaming

each agent with themselves. Section[d.1.5.4] shows results for this experiment.
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Figure 4.3: Average score of HA?s and the BCP and FCP baselines when paired with humans on each of
the layouts. Each round was 80 seconds long at 5 FPS (T=400 steps). Significance markers: *=p< 0.05,
**=p< 0.005, ***=p< 0.0005. The red line indicates the max human-human score achieved on that layout

from [57] normalized to 400 steps.

4.1.4.3  Significance Testing

For each pairwise comparison, we perform t-tests to measure significance. For the significance of team
performance, we compare the score achieved directly. For the ranking significance, we mapped every instance
where an agent was preferred over its counterpart to a score of 1 and every other instance to a score of 0. We
then used these scores to perform the t-tests. For the Likert questions, we mapped each agreement level to a
score between -3 (strong disagree) and 3 (strong agree), with the neutral score being 0. We normalize all

participants scores to have a mean of 0 and then use these score for perform the t-tests.



BCP | HA?gop FCP HA%pcp
AA | 199915 | 2783163 [210.8140.0 | 293.517.5
CoR | 792445 | 1333435 | 138.6405 | 147.6405
CC | 1714114 | 912450 | 7431193 | 99.910%
CrR [143.14138| 1777241 | 1839147 | 185593
FC | 73.1u56 | 77.6435 | 567441 | 584445
Avg. | 1025445 | 151.6494 | 133.0485 | 157041 3
~AA | 2365415 |157.24404| 7-61142 |208.04081
~COoR| 1164114 | 1528470 | 22.8164 |14324106
~CC | 20425 |700+158 | 924145 [110.01355
~CrR| 56499 (16241155 08116 |154.84363
~FC | 104459 | 1724315 | 32430 | 20.84317
~Avg.| 106495 [111.94134| 87494 | 1273474

92

Table 4.1: Mean. gg score across 5 random training seeds for HA?s and their respective baselines. The score
of each trained agent is the average across 10 trials of T=400 steps with each teammate. In the original
layouts, the teammates are an unseen self-play agent, the human proxy, and a random agent. In the modified

layouts (denoted with ~ ), the teammate is a copy of the acting agent.

4.1.5 Results

4.1.5.1 Zero-shot Coordination with Unseen Agents

We first compare HA? to the baselines—BCP and FCP—on their ability to generalize to new unseen
agents. The results in Table .T|clearly demonstrate the improvement provided by the hierarchical structure,
with the HA?s outperforming their respective baselines on every layout. Using HA? afforded an improvement
of 47.9% when using BCP, and an improvement of 18.0% when using FCP. HA2pcp performs best on forced
coordination, and HA? ¢ p performs best on all the other layouts and overall. We discuss a possible cause of
this in Section We additionally note that HA? is more robust to the random seed than the baselines,

with a lower standard error on each layout across the 5 random seeds.
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4.1.5.2 Zero-shot Coordination with Humans

We now present the findings of our human study comparing HA? and the baselines. Results in Fig-
ure demonstrate that in both HA? 5 p and HA2 o p significantly outperform their respective counterparts
on the overall score achieved, and on the asymmetric advantages, counter circuit, and forced coordination
layouts. We note that the scores of the baselines in cramped room and coordination ring are closer to the
maximum human—humanE] score achieved (dotted red line), leaving less room for improvement. As such,
we anticipated there would be a smaller variability on these layouts. Table further shows that HA? was
significantly preferred over their counterparts. In RQ3, we had hypothesized that HA%s would improve
human-agent teaming because they are easier to understand, and therefore easier to adapt to. Figure 4.4]
supports this hypothesis and shows that in both comparisons of HA? to the baselines, humans rated the HAZs
as significantly more understandable, intelligent, and cooperative. In the case of FCP and HA? ¢ p, humans
also found that HA? was significantly more fluent, trusted, and more helpful at helping the humans adapt to
the task. These results strongly support using shared task hierarchies for human-agent collaboration.

In line with the results with unseen agents, forced coordination is the one layout where BCP and
HAZ? o p outperform their FCP counter parts. We hypothesize that this is due to it being the only layout
where having an untrained teammate blocks the agent’s ability to earn a reward. Since a third of FCP’s
training population are untrained agents, FCP and HA? ¢ p effectively lose a third of their training. The
results in the appendix of [354] support this hypothesis showing that forced coordination is least benefitted
by FCP. This can likely be remedied by excluding the untrained partners in layouts where coordination is

required to achieve a non-zero score.

% Preferred | p-value
HA2cp over BCP 57.68 0.0070
HA2 ¢ p over FCP 65.25 0.0000018

Table 4.2: Human preference between pairs of agents and their respective significance.

2 From [57]’s data normalized to 400 timesteps.
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Figure 4.4: Subset of results from the eight Likert-scale questions that participants answer after playing with
each agent for the comparison between HA? and their baselines. Bars that are more blue indicate that people
agree more strongly with the statement. Conversely, more red indicates that people disagreed more strongly
with the statement. Significance markers: *=p< 0.05, **=p< 0.005, ***=p< 0.0005. Legend: SD=Strongly
Disagree, D=Disagree, WD=Weakly Disagree, N=Neutral, WA=Weakly Agree, A=Agree, SA=Strongly
Agree.

Interestingly, when analyzing Figures [4.3] and [4.4] we noticed that even if their overall scores were
generally worse, BCP and HAZ g p were better perceived on every subjective metric relative to their FCP
and HA? o p. This does pose the question of whether utilizing human behavior in training does provide

a more human-like game-play, and in turn a more fluid experience for humans, which is supported by the
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results in [210]]. We leave a more thorough investigation of this question, as well as the relationship between

team performance and human perception, to future work.

4.1.5.3 Comparison to State-of-the-Art

In Table we compare HA? to results published in other peer-reviewed work that uses the same
overcooked environment. As each method employs a range of design decisions, this table should be viewed
as a comparison of systems. Notably, when paired with a human proxy, HA? is tied as the best performing
agent, whereas when HA? is paired with real humans, HA? outperforms all other work by more than 23%,
showcasing HA?’s adeptness at human collaboration. This is further emphasized when comparing to the most
similar work of HiPT. HA? outperforms HiPT by 17% when paired with a human proxy, and by 26% when
paired with real humans while using 15.1 times fewer timesteps (1 billion timesteps for HiPT vs ~66 million
timesteps for HA2). This highlights HA?’s greatest distinction from HiPT: using human-aligned structures
improves the training efficiency and performance of autonomous agents that collaborate with humans. Lastly,
we compare HA? to the most recent SotA method: GAMMA [210]. Even with a simpler training population,
HA? outperforms GAMMA by 25% with a proxy human. Further, when paired with real humans on counter
circuit, which is the only original layout on which they provide results with real humans, HA? outperforms
the best version of GAMMA with a score of 110 compared to 91. In all, we show that shared task structures

are a critical component when developing collaborative agents.

4.1.54 Generalization to Shifts in Layouts

We report our results on the generalization ability of HA? and the baselines on the altered layouts.
The latter half of Table shows that BCP and FCP overfit to the specific layouts and their performance
drops dramatically when the layouts are changed. In contrast, the HAZs are able to maintain a reasonable
performance, and are over 10.5x better on the modified layouts. Together with the results in Section|4.1.5.1],
these results provide strong support for our hypothesis that the hierarchical structure enables the model to

learn more generalizable concepts about collaboration and game-play.
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Training Steps | W. Proxy | W. Humans
FCP 1.0e9 157 119
MEP 5.5e7* 98 98
TrajeDi 5.5e7* 76 87
PECAN NR 105 134
HiPT 1.0e9 134 131
GAMMA 1.5e8 132 NR
HA%pcp 6.6¢7 157 165

Table 4.3: Results comparing HA? to other published results. All results are taken from the respective works
and adjusted to 400 timesteps, except for TrajeDi’s results which are taken from [426]. NR=not reported. *
indicates that separate agents are trained for each layout and that the cumulative step count across layouts is
presented. FCP [354]], MEP [426]], TrajeDi [232], PECAN [227], HiPT [225], GAMMA [210],

4.1.6 Discussion
4.1.6.1 Summary

In this work, we investigate how explicitly shared task abstractions can enhance generalization and
collaboration in zero-shot coordination settings. Through extensive experiments and user studies, we
demonstrate that Hierarchical Ad Hoc Agents (H A%)—which leverage human-interpretable hierarchical
structures—significantly outperform existing baselines across both quantitative performance metrics and
qualitative user evaluations. Human participants rated H A2 as more fluent, understandable, cooperative, and
intelligent, and teams paired with H A? consistently achieved higher task performance.

Notably, H A? exhibits strong generalization across novel agent types and environmental variations,
and even when trained with simpler partners, it surpasses all baselines when deployed with real human
teammates. These results underscore the critical role of explicit structure in supporting adaptive and robust
collaboration. By aligning with the kinds of shared abstractions humans rely on, H A? demonstrates how
structured representations can serve as a powerful mechanism for enabling more generalizable, resilient, and

human-compatible Al systems.

4.1.6.2 Limitations

We now discuss the limitations of our proposed method. The hierarchical structure in HA? necessitates

additional engineering effort, both in the development of the structure, and the adjustments to the environment
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required to train the different modules. We note that the method in which to break-down large tasks into
sub-tasks to create a hierarchy is not the focus of this work, and has been extensively explored in many
domains including human factors research [10,1348]], robotics [[161], and single-agent long-horizon tasks [390].
Rather, the focus of this work is demonstrating the importance of shared task hierarchies in human-agent

collaboration.

4.1.6.3 Future Work

We envision the following avenues for future work:

First, to incorporate explicit mental models of teammate sub-tasks into agent planning, similar to
[248) 260]. We envision that these mental models will synergize with the abstracted manager sub-tasks
allowing for more efficient computation of these models, and in turn providing the manager with an efficient
understanding of human team members’ capabilities and intentions.

Second, we believe HA? shows promise as a framework to investigate human-agent communication in

collaborative games; it is much easier to communicate at sub-task-level than at action-level.



Chapter 5

Generalization by Building Theories

In this chapter, I investigate mechanisms of adaptation, specifically how internal representations
can be updated based on limited data. While modern machine learning relies heavily on gradient-based
optimization over large datasets, humans are capable of rapidly adapting by forming and testing high-level
hypotheses about the causes of observed behavior. This hypothesis-driven learning process enables efficient
generalization, especially in low-data regimes.

This capacity is particularly important in the domain of few-shot behavioral cloning, where agents must
accurately mimic user behavior based on a small number of demonstrations. Rather than memorizing surface
patterns, humans adapt by leveraging prior knowledge and identifying the key factors that differentiate the
new situation from familiar ones [344,|116]. In the context of imitating others, this means constructing and
refining a mental model of the user, continuously updating it through observation and inference [[173} [128]].

Inspired by this human approach, I developed PROSE, a method for inferring and refining latent user
preferences in order to explain observed writing samples. These preferences are then used to guide a Large
Language Model (LLM) to better emulate a user’s writing style. This iterative refinement leads to more

accurate personalization and robust generalization in settings with minimal data.

5.1 Aligning LLMs by Predicting Preferences from User Writing Samples

The work described in this section has been published in ICML 2025 [14].
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5.1.1 Introduction

People increasingly rely on LLM-powered Al Assistants to complete tasks on their behalf, such as
creating written materials: “write a professional email about the following great idea” or “summarize this
new article for me to share share with my friends”. As the writing style learned by an LLM during pretraining
is generic, it may not match the user’s preferred writing style and voice [61} 1324], leading to outputs that feel
impersonal, misaligned, or requiring extensive editing.

Existing approaches to learn preferences rely on preference rankings (RLHF) [435] [299], demonstra-
tions [270} [332]], prompting [430], and user edits [109]. However, methods such as RLHF and SFT (on
user demonstrations) require a large number of samples, and do not learn the preferences in a form users
can interpret or interact with. In-context learning (ICL) from user demonstrations does learn from a small
number of user demonstrations, but lacks interpretability and offers limited control to the user, and prompting
approaches require the challenging task of identifying a high-quality prompt [412]]. Furthermore, methods
that learn from user edits ignore data about user preferences and style that are available from observing how
the user completes writing tasks on their own.

[109]] introduces CIPHER to establish the benefits of aligning a LLM through prompting by learning a
description of user preferences compared to ICL conditioned on user demonstrations (i.e., needing fewer
tokens, interpretable representation, and a modifiable representation). The preference description is learned
from user edits on the assistant’s generations. However, CIPHER does not enable the LLM to reflect on and
refine its inferred preference description, which limits the assistant’s ability to adapt to a user nuanced writing
style.

In this paper, we build on CIPHER and introduce PROSE (Preference Reasoning by Observing and
Synthesizing Examples), a novel approach that leverages two key innovations to enhance the precision
and efficacy of the preference description inferred from user demonstrations: (1) iteratively refining the
inferred description until the assistant’s generations closely align with the user, and (2) verifying the inferred
preferences across multiple user demonstrations. The inferred description is used to condition the LLM to

generate writing more aligned with the user.
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We evaluate PROSE on PRELUDE [109], the assistive writing benchmark accompanying CIPHER,
and identify several limitations. First, the ground truth preference sets often overlap, lack diversity, and
match the default LLM behavior. Second, edits are performed only if the assistant generation is inadequate,
meaning it is not possible to distinguish between good and excellent generations. Lastly, PRELUDE relies on
user edits as the learning signal, meaning the assistant’s initial draft can limit the quality of the final writing
sample. To address these limitations, we introduce a novel assistive writing benchmark, PLUME (Preference
Learning from User Emails and Memos).

We systematically evaluate the benefits of PROSE on PLUME using four LLMs ranging in size and
ability, and find that PROSE outperforms CIPHER by 33% [109]. Additionally, we demonstrate PROSE
can be combined with ICL to further improve over CIPHER by 47% and up to 9% over ICL. In all, our

contributions are:

* PROSE: A new method to infer user preferences.
* PLUME: An improved benchmark for preference inference from user writing demonstrations.
* An in-depth ablation study on PROSE’s iterative refinement and consistency verification steps

* An analysis comparing learning explicit preference descriptions and conditioning directly on in-

context examples

5.1.2 Related Work

Personalizing LL.Ms In natural language generation, prompting [297]] and in-context learning [S0]
have proven effective methods for controlling the generation of text, especially in a preference-driven context
[357, 1356].

Some prior approaches for adapting models to user preferences involve RLHF [349]] and fine-tuning
[366, 1433]], which can be compute-intensive and inaccessible to some practitioners without the budget or
scale of needed data. To reduce data requirements, [332] propose treating user demonstrations as implicitly
preferred over all model outputs, allowing for more efficient preference modeling. Another line of work aims
to minimize compute demands by identifying and selectively adjusting internal activations to steer model

behavior [205} 376, [217]]. While effective for promoting broad, predefined objectives—such as improving
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truthfulness or reducing toxicity—it remains unclear how such techniques can generalize to individual users
without explicit guidance. With the rise of LLMs with strong instruction-following capabilities, methods
like prompting to adapt to a user’s profile have become more popular [334} 322]]; however, these methods
too often rely on explicit user feedback to optimize prompts [214]. PROSE circumvents these issues by
learning from implicit user signals, breaking down preferences into sub-components to generate tailored
user-preferences, all without the need for fine-tuning.

Preference-Conditioned Agents Combined preference inference and conditioning has recently gained
traction, with the following three works most aligned with PROSE.

[277] explores preference learning in quadrupedal mobile manipulation using an object detection
module to map image observations to text. An LLM then infers preferences by comparing pairs of trajectories.
These preferences are in turn used to improve task alignment with user preferences. [333]] train a preference
inferring model that outputs a set of rules to use during generation, and demonstrate improved personalization
on a set of writing tasks. Lastly, [109] propose the PRELUDE environment, where an LLM learns writing
style preferences in a collaborative authoring task. We discuss this work in detail in Section[5.1.4]

These methods all rely on a single inference step, whereas our approach uses iterative refinement to

learn more precise preferences, and preference verification across several user examples for robustness.

5.1.3 PROSE

PROSE aligns an Al writing assistant with a user’s preferences p,, by learning a preference description
Ddesc that allows the assistant (an LLM) to mimic the user’s demonstrations w,,, which are determined by p,, .
For example, learning that articles should be summarized in the style of an old timey radio broadcast.

Each time the user gives the assistant a new task or provides a new task-description and demon-
stration pair (g, Wy ), following [109] PROSE retrieves up to three previously observed demonstrations
relevant to the given task along with the preferences inferred from those demonstrations from its interac-
tion memory. The retrieved preferences are then aggregated to form the preference description pgesc using
the prompt in Figure (Appendix [D.6.T)), which is used to condition the assistant during generation:

we = generate(llm, Tk, Pdesc)- If no demonstrations have been seen, the Al assistant is not conditioned
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on any preferences, w, = generate(llm, Tgk)-

If the Al assistant’s generation, w, does not match the user’s demonstration, w,,, the inferred preference
description f)gesc is updated via iterative refinement (Section steps and a preference consistency
verification (Section[5.1.3.2) step — PROSE’s contributions. Iterative refinement alternates between updating

the inferred preference description ﬁfljsi by comparing the agent’s generation, w,, to the user’s demonstration,

Wy, and rerunning generation conditioned on the updated ﬁg;g until either the maximum number of iterative
refinement steps (.5) is reached or no updates to the inferred preference description are made. Consistency
verification breaks the final pgesc into preference components and prunes components that are not supported
by previously seen demonstrations.

A visualization of PROSE (top) and the prompt summaries (bottom) for each of its preference inference

steps are provided in Figure The algorithm is provided in Appendix and the complete prompts are

in Figure (Appendix .

5.1.3.1 Iterative Refinement

To improve Pgesc, the LLM is prompted to compare and contrast w, and w,, and then modify pgesc such
that the modification reduces the difference between w,, and w,,: ﬁj:si = generate(11lm, Tupdates Deser Wur Wa),
where zypdae ="Preference Update Prompt™ in Figure The updated preference description is accumulated
in Paesc = [ﬁgesc, .-s Diesc)» Where s is the iterative refinement step.

PROSE then conditions the LLM on the updated preference description ﬁj;;i to generate a new writing
sample w3 *!. The process of generating Al assistant writing samples, comparing to the user demonstrations,
and updating the inferred preferences continues until either the candidate solutions exactly match the user’s

demonstrations, the preference description is unchanged between subsequent update steps, or a maximum

number of iteration steps is reached (.5). Qualitative examples of the consistency verification procedure are in

Appendix

! code coming soon!
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5.1.3.2 Consistency Verification

After the preference description is improved through iterative refinement, each component of each
preference description in Pgesc 1S verified against relevant, previously observed user demonstrations. The
verification step removes preference components that were incorrectly inferred or are overly specific to a
single demonstration.

Consistency verification operates on the component level (e.g. “use emojis”, “use alliterations”). There-
fore, the natural language preference descriptions (e.g. “write a tweet with emojis and alliterations”) produced
by iterative refinement are first broken into components by prompting the LLM to convert the preference
description into an ordered set of preference components. The preference components are aggregated over all
preference descriptions to help avoid over fitting: p. = U'sf:g“l (generate(11lm, Threakdown, Piesc))» Where
Tbreakdown = Breakdown Prompt” in Figure[5.1]

PROSE verifies each preference component in p. against each of the relevant user demonstrations by
prompting an LLM to assign a score v’ € [—2, 2] indicating how strongly the demonstration confirms the
preference: Vscore = ﬁ Zl‘;’g' (generate(l1lm, Tyerifications Wy Dijesc))» WHETE Tyerification 18 “Consistency
Verification Prompt” in Figure[5.1] If vgcore is below the specified threshold (v), the preference component is

removed. The task description, user demonstration, and final preference components (Zsk, Wy, Pe) are then

stored in PROSE’s interactive memory. Qualitative examples of the consistency verification procedure are in

Appendix

514 Assistive Writing Benchmark
5.14.1 PRELUDE

[109] propose PRELUDE (PREference Learning from User’s Direct Edits) to evaluate algorithms that
infer preferences for assistive writing tasks. Success is defined as: (1) maximizing the quality of the inferred
user’s preferences and (2) minimizing the amount of work required by a user to edit the generated text into an
acceptable form.

PRELUDE consists of two tasks: summarizing articles and writing emails from notes. Each task
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has a set of users, and each user has distinct preferences per summary and email topic (e.g., summarize an
encyclopedia article versus news article). The summarization and email writing tasks have five and four users
respectively. See Table [D.7]( Appendix [D.4)) for the mapping between users, topics, and preferences.

To solve a given task, the agent must write a summary or email using the provided article or notes along
with any preferences the agent has inferred. The user is then asked if the agent’s generation is satisfactory
based on the user’s true preference. If the agent’s generation is satisfactory, the agent accrues no penalty. If
the agent’s generation is not satisfactory, the user edits the agent’s generation, and the agent is penalized
based on the extent of the edits. The agent observes the user’s edits to improve its inferred preferences.

We analyze PRELUDE and find that the (1) chosen metrics, (2) the editing process, and (3) the ground
truth preferences are key limitations of the benchmark, that lead to a weak correlation between the quality of
the inferred preferences and the quality of the generated writing.

Metric Correlation As the goal is to infer user preferences, the measure of the agent’s generation
quality (i.e., the user-edit-based penalty) must be highly correlated the quality of inferred preference. We
measure the correlation between PRELUDE’s preference quality metric — preference accuracyE] — and
generation quality metric — Levenshtein distance [201] between the LLM generation and user edited
generation. For a each summary and email topic, we generate the powerset of PRELUDE’s ground truth
preferences and create a population of agents. Each agent is conditioned on a subset from the powerset
and completes its assigned task for five seeds. The quality of the inferred preferences and of the resulting
generations is measured according to PRELUDE’s performance metrics. We calculate the Pearson correlation

between each of PRELUDE’s preference quality and generation quality metrics:

where P denotes the measured preference quality and G denotes the measured generation quality. We report a
subset of the results in Table [5.1] (Full results in Appendix [D.3.T)).
The results, reported in Table show a weak correlation (< 0.5) between PRELUDE’s preference

accuracy and Levenshtein distance metrics. The accuracy metric relies on the “highest” BERTScore, and

% a preference is correct if its BERTScore [419]] with true preference set is greater than the BERTScore with any other preference
set.
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PRELUDE PLUME
Metric Acc. P .Sim. | Acc. P. Sim.
Levenshtein dist | -0.43  -0.39 | 0.01 -0.11
PPCM 0.42 0.42 0.39 0.73

Table 5.1: Subset of Pearson correlation (pp ;) between preference quality metrics and generation quality
metrics across both the summarization and email tasks. Best correlation in each framework is bold. P. Sim.
(Preference similarity) and PPCM (Per Preference-Component Match) are described in Section[5.1.4.2] Full

results in Appendix

therefore cannot differentiate partially correct preferences from perfectly correct preferences. Moreover, the
Levenshtein distance varies substantially between generations even when conditioned on the exact same
preferences (an illustrative example is in Appendix [D.5.1)). [109] allude to this as a motivation for their
two-stage editing process, and when we compare the results to a version of PRELUDE where the user always
generates summaries or emails directly from the article or notes instead of editing the agent’s summary or
email (PRELUDEN,g4it), we see a further drop in correlation. However, we propose addressing this issue
using improved metrics.

The Editing Procedure Relying on a binary label to indicate whether a generation matches the user’s
preferences is inherently ambiguous. It is not possible to distinguish between generations that align with 65%
versus 100% of preferences. Even if this ambiguity is resolved, generations not selected for editing incur no
cost and provide no incentive to further improve the quality of the inferred preferences. Lastly, the editing
process unduly influences the user’s writing, as demonstrated in Appendix [D.5.2]

Preference Sets We observe the following limitations with PRELUDE’s preference sets: (1) certain
preference components have minimal impact on the generated text, due to unclear definitions (e.g., “skillful
foreshadowing”) or similarity to default LLM behavior (e.g., “clear”); (2) preferences are repeated across
several task topics (e.g., “short”, “brief”, “concise” appear in four of five summarization preference sets);
and (3) there is a large variance in preference set complexities across users (e.g., “targeted to young
children, storytelling, short sentences, playful language, interactive, positive” vs.“question answering style”).
PRELUDE’s preferences are in Appendix [D.4] (Table

Knowledge of Topics Instead of treating each task topic as a distinct user, PRELUDE introduces

the additional challenge of context awareness; each user has different preferences based on the task’s topic.
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Therefore, prior to writing a summary or an email the agent must first identify the correct context, an

orthogonal challenge to inferring preferences.

5.14.2 PLUME

To address PRELUDE’s limitations, we develop a new environment PLUME (Preference Learning
from User Memos and Emails) based on same underlying tasks and topics as PRELUDE. As in [109]],
PLUME uses GPT—4o0 as a proxy human user. In the following sections, we provide a detailed description of
how PLUME addresses each of PRELUDE’s limitation.

Metric Correlation We investigate and compare new preference and generation-quality metrics. For
the preference quality metric, we evaluate an LLM-as-a-Judge [427]] metric that prompts an LLM to identify
how similar the inferred preference description is to the true preference description on a 5-point Likert
scale, which we call Preference-Similarity. For the generation quality metric, we evaluate length-normalized
Levenshtein distance (In-L-dist), BERTScore, and an LLM-as-a-Judge [427]] metric inspired from the editing
procedure in PRELUDE. The LLM-as-a-Judge evaluation is a per preference-component match (PPCM) that
asks an LLM how much a component of a the ground truth preference is exhibited in a piece of writing on
a five point Likert scale from “clearly contradicts” (score of -2) to “clearly exhibits” (score of +2). This is
repeated for each component of the true preference set, and we compute the mean score across components.
The full prompts used for both of the LLM-as-a-Judge metrics are shown in Appendix (Figure
and Figure |D.2).

The results in Table (Appendix show that Preference-Similarity has a stronger correlation
with each writing generation metric than PRELUDE’s accuracy metric. Looking at the generation quality
metrics, Levenshtein distance consistently has the weakest correlation and PPCM the strongest. Notably, the
pairing of Preference-Similarity (preference quality) and PPCM (generation quality) provides the highest
correlation in every situation and are the primary metrics we report in PLUME.

The Editing Procedure In place of the editing, PLUME has the agent and user independently solve
each task to (1) enable the agent to learn from every user example, unless the agent’s generation exactly

matches the user’s; (2) remove ambiguity about whether a generation should be edited and incur a cost;
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(3) provides a smoother curve along which to evaluate different methods; and (4) prevents agents from

influencing users.

Summarization Emails Tasks Mean

Method Pref. Sim. PPCM Pref. Sim. PPCM Pref. Sim. PPCM

| No Learning Baselines |
Oracle 3.86i0,07 1-71i0.04 3-89i0.06 1-95i0.01 3.87i0.05 1.83i0,02

| Learning Baselines |
ICL 0.0040.00 1.354+0.08 | 0.00+0.00 1.3940.07 0.00+0.00 1.37+0.05
CIPHER-1 1214004 —0.0540.06 | 1.67+0.07 0.33+0.05 1.4440.04 0.1449.04
CIPHER-5 12441907 —0.0840.09 | 1.6940.07 0.2540.07 1.4640.05 0.09-+0.06

| PROSE Ablations |
PROSE,, 1.30+0.11 0.4740.10 1.3440.10 0.8440.11 1.3240.07 0.65+0.07
PROSE,, , 1.3540.10 0.4940.11 1.5840.09 1.0440.06 1.4740.07 0.76-+0.06
PROSE, , 5>1 | 1.374011  0.7540.09 | 1.50+008  1.214008 | 1.434007  0.9810.06
PROSENy 1.4740.06 0.87+0.10 1.3840.10 1.1840.08 1.4340.06 1.0240.06
PROSEF1 1.5140.09 0904007 | 1.471008 12443007 | 1.4940.06 1.07+0.05
PROSEgusicr | 1.3440.00  1.3440.07 1.3940.00 1.6540.05 | 1.37+006 1.4940.04

Table 5.2: PROSE’s performance on the two tasks measured by the quality of inferred preferences (Pref. Sim.)
and preference compliance (PPCM) compared against no preference conditioning (NPC), true preference
generation (Oracle), in-context learning (ICL), CIPHER [109], and ablations over PROSE’s components.
Results are the mean and pooled standard error across the four LLMs and five seeds. Best results are bolded,
second best are underlined.

Preference Sets PLUME reworks the preferences according to the following criteria: (1) each
preference set contains an equal number of components; (2) within each task, preference sets have a shared
structure; (3) as much as possible, preferences components are orthogonal to each other, avoiding overlapping
preferences (e.g., “write in the style of old-timey radio” and “use archaic language™) or contradictory
preferences (e.g., “use emojis” and “use a formal tone”); and (4) preferences components do not follow the
LLMs default behavior — i.e., generating an output conditioned on no preference should lead to a lower score
than when generating on the preference component. PLUME’s preferences are in Appendix [D.4] (Table [D.7).
We encourage future researchers to use PLUME with different preference sets to adjust difficulty or examine
specific concepts.

Knowledge of Topics As this work focuses on how to infer preferences, the version of PLUME used

in all experiments assumes a distinct known user per topic. We note that PLUME is easily adaptable to use
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hidden topics if desired.

5.1.5 Experimental Set Up

All experiments consist of three phases. First, the user provides a demonstration using their true
preferences. Second, the agent completes the user’s task using its currently inferred preferences (if any).
Finally, the agent compares its generation with the user’s example to infer new preferences to use going
forward.

All Al assistants are evaluated on their ability to complete email writing and article summarization tasks
on behalf of the user. Each task has different types (e.g., email to your boss versus email to a family member),
and each user’s preferences differ based on the task type. The assistants are evaluated along two dimensions:
preference quality to measure the similarity between true and inferred preferences (see Appendix [D.2.1)),
and generation quality to evaluate how well an agent’s writing aligns with the user’s true preferences
(see Appendix [D.2.2)). Both performance measures use LLM-as-a-Judge to assess the similarity between the
true and inferred preferences, and between the true preferences and the agent’s generations.

The agent aligns itself with four (email) or five (summarization) users with five demonstrations per
user. Performance is evaluated per task as the mean across all demonstrations, users, and task type. Each task
is run over five seeds (standard error is reported over the seeds). The ground truth user preferences by task
and task type are in Appendix (Table[D.7). The performance of four LLMs is reported and compared:
Qwen?2.5-7B-Instruct, Qwen2.5-72B-Instruct, GPT-4o0-mini, and GPT-40[408,[267]. For
all LLMs, S and v are determined via a hyper-parameter sweep over v € 0,0.25,0.5,0.75,1and S € 2, 3,4, 5.
In our experiments S = 5 for all LLMs, and v = 0.25 for Qwen2.5-7B-Instruct, v = (0.5 for both
GPT-4omodels, and v = 0.75 for Qwen2.5-72B-Instruct. For all experiments GPT-40 is used as a

synthetic human. The synthetic human prompts can be found in Appendix

5.1.5.1 Research Questions

RQ1: Does iterative refinement improve performance?

We consider three variants of PROSE: (1) PROSE,, infers pgesc given only the user’s demonstration w,,;
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(2) PROSE,, , infers pgesc given the user’s demonstration w,, and the initial assistant generation wjzo; and
(3) PROSE,, 4,51 refines pyesc over < S inference steps given the user’s demonstration w,, and the initial
assistant generation wZZO. PROSE ; refines pgesc over < S inference steps given the user’s demonstration
w,, and the iteratively refined assistant generations wZG[O’S]. Comparing PROSE,, and PROSE,, , measures
the effect of comparing assistant generations to the user demonstration when inferring preferences. The
differences between the PROSE, , and PROSE, , s~1 quantifies the role of increasing the number of
refinement steps. Lastly, comparing PROSE,, , s~1 and the the complete PROSE algorithm PROSEg,;
clarifies the effects of comparing the user demonstration to the assistant’s generation conditioned on the latest
inferred preference description.

RQ2: Does filtering preferences that are not relevant to multiple user demonstrations improve
performance?

To answer this question, we evaluate a variant, PROSEyy, that does not use the preference consistency
verification step Section

RQ3: Is conditioning on preferences better than conditioning on demonstrations?

To answer this question, we compare PROSE, CIPHER [109], and ICL on all tasks, task types,

and user profiles. We additionally combine the PROSE and ICL to measure the extent to which they are

complementary.

5.1.5.2 Baselines

In addition to the PROSE baselines outlined Section we implement the following models.

We implement CIPHER-1 and CIPHER-5 [109]], and an in-context learning (ICL) agent using pre-
viously observed user demonstrations. The CIPHER baselines are adapted to learn from PLUME’s user
demonstrations instead of user edits.

We then implement three additional baselines. An agent that solves the task with no preference
conditioning (NPC), providing a lower-bound of performance. An oracle agent (Oracle) that receives access
to the user’s true preference, providing an upper bound of performance, and a variation of PROSE that is

conceptually equivalent to CIPHER, PROSE(g, but uses PROSE’s improved prompt templates. PROSEcg
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uses a single LLM generation, a single inference step, and uses no preference consistency verification.

5.1.6 Results and Discussion

We present our main PLUME results in Table [5.2] Results on PRELUDE can be found in Ap-
pendix [D.3.3] To compare tasks on generation quality with metrics on different scales, we use a percentile
score, where 0% corresponds to the no preference conditioning baseline (NPC) and 100% to the Oracle
baseline. Percent improvements are reported as the difference in scores on this scale. Overall, PROSEgy
outperforms PROSEcg by 12%, and CIPHER by 33%.

RQ1. In our first question, we set out to verify whether generating iterative candidate trajectories
is beneficial to inferring preferences. Comparing PROSE to its ablated versions on the action/generation
quality metric (PPCM), shows that each component of the iterative refinement process improves performance.
Comparing PROSE with no comparison generation — PROSE,, — to PROSE with a single LLM-generated
comparison generation — PROSE,, , — we observe that providing the comparison generations is beneficial
when inferring preferences (3.8% mean improvement). This result supports the algorithmic decisions in
[109} 277]]. Allowing for multiple refinement steps provides a further increase in performance (Table
PROSE, , vs. PROSE, , 5~1, 7.8% mean improvement). This can be explained by the LLM having more
chances to infer correct preferences. Lastly, when comparing PROSE,, , 5~1 to PROSEE,; we see another
3.2% improvement. This highlights the benefits of updating candidates after each inference step using the
newly inferred preferences. In all, iterative refinement provides a mean improvement of 14.8%.

RQ2. We investigate the benefit of verifying preferences by comparing PROSE to PROSEyy. Here, we
see a modest but consistent of 1.5% and 1.7% for Pref. Sim. and PPCM respectively when using preference
consistency verification.

RQ3. While on average across LLMs PROSE outperforms CIPHER and all PROSE ablations, ICL
outperforms PROSE. However, Figure shows that PROSE’s performance scales better with the quality
of the underlying LLM (e.g., Qwen2.5-72B-Instruct vs. GPT—40) than all baselines except Oracle.
Notably, when using GPT-40, PROSE outperforms ICL (1.35 vs 1.32 task mean Appendix [D.3.2). We

further investigate the benefits and limitations of PROSE and the learning baselines by comparing the
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performance across preference sets (Figure[5.3)), and find that ICL excels on sets with the strongest structural
preferences (e.g., Chat Forum Posts which includes “write in the style of a tweet”). In contrast, PROSE
excels on the preference sets requiring a more nuanced understanding of tone (e.g., Paper Review, which
includes “be sharply critical””). From examining logs, we notice that the LL.Ms are less adept at inferring
encompassing structural preferences and often try to capture these preferences using multiple relevant, but
imperfect preferences (e.g., “use emojis for emphasis”, “use 1-2 specific hashtags”) As PROSE and ICL seem
to have complementary strengths, we combine the two (PROSEg,j41c1) for a gain of 7.8%, 8.9%, and 51.1%
over PROSE, ICL, and CIPHER when using GPT—-4o0 as the agent’s LLM.

Human Evaluation To further validate the effectiveness of PROSE, we ran human evaluation with 16
participants (3 are ML researchers; 9 women and 7 men; age in [19, 58]). Participants completed a within
subjects AB test comparing PLUME+ICL generations to ICL generations and PLUME+ICL generations to
CIPHER generations. Participants evaluated the final LLM generations (i.e. the generation after seeing all
previous demonstrations) across all five seeds for two different preference sets for the email task and two
different preference sets for the summarization task. This leads to a total of 20 survey items per method
comparison. We used the responses to compute a win rate for PLUME+ICL compared to each of ICL and
CIPHER. For PLUME+ICL versus ICL, we see an average win rate of 69.4%. For PLUME+ICL versus
CIPHER, we see an average win rate of 91.8%. The human evaluation results are in line with our synthetic
evaluation results and support the effectiveness of the synthetic evaluation.

Discussion. Our results demonstrate that using iterative refinement and consistency verification
improves over CIPHER in terms of preference description quality, generation quality, and performance
stability (i.e., performance increases with the number of demonstrations, see Figure[D.3)). Additionally the
performance difference between CIPHER and PROSEcg highlights the impact of our prompt-tuning efforts.
In this regard, PLUME’s prompts (Appendix [D.6) can serve as a valuable starting point for extensions to
other tasks, however, task-specific adaptations should be made.

Our results suggest that consistency verification provides only a modest improvement to PROSE.
Therefore, to better understand its impact, we examine the learning logs and find that consistency verification

effectively prunes irrelevant preferences—e.g.,”‘be concise and direct”— and preferences that overfit to
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specific passages— e.g., ““ include personal details about characters”. However, the pruned preferences
typically have minimal impact on the performance metrics as they rarely contradict the true preferences.
Moreover, the pruned preferences do not drastically alter the generations as the orthogonal preferences often
match the LLM’s default behavior while the overfit preferences become irrelevant and ignored. As such,
the current metrics have difficulty measuring the presence of these irrelevant preferences. Nevertheless, we
believe it is valuable to prune the irrelevant preferences, as they reduce the number of tokens required.

We find PROSE is competitive with and complementary to ICL while providing several advantages:
(1) preferences are easier to interact with than a dataset of in-context examples as a user can view and modify
the inferred preferences, (2) at inference time, PROSE requires approximately % of the prompt tokens, and
(3) the inferred preference description can benefit a wider range of tasks (e.g. human-agent collaboration
[219]], sample efficient imitation/reinforcement learning, and generating personalized preference pairs for
RLAIF [356]).

Lastly, while developing PROSE, we learned the importance of phrasing the preference description
in the LLM’s “own words”. We initially sorted the preference components by length before aggregation,
however, this led to an average performance drop of 11% across tasks relative to keeping the LLM’s order for
the preference components. This finding is inline with other work that shows that LLMs are sensitive to the
order of list items [284] [15]. We believe future work investigating the impact of the ordering may yield useful

insights.

5.1.6.1 Limitations and Future Work

While PROSE and PLUME provide a number improvements, their limitations and challenges provide
interesting avenues for future work. First, in this paper we focus on learning with the fewest user demon-
strations possible. However another aspect of efficiency is the total number of tokens, and adding more
refinement and preference consistency verification steps increases the number of tokens used. In our experi-
ments, PROSEgy; used 5.87x (prompt) and 6.07x (generated) more tokens on average than PROSEcg. Given
the monetary and environmental cost of LLMs, reducing the number of tokens while retaining performance is

an important area for improvement. Lastly, a full-scale human trial would provide a greater understanding of
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the benefits and limitations of the proposed method. We look forward to investigating this more closely in

future work.

5.1.7 Conclusion

In this work, we introduce PROSE, a novel algorithm for preference inference and refinement, along
with a new benchmark, PLUME, designed to evaluate few-shot alignment of language models to individual
users. PROSE draws inspiration from human hypothesis-driven learning: it iteratively refines a model’s
internal representation of user preferences by conditioning on updated preference descriptions and observing
their effects, and it decomposes these preferences into interpretable components that are individually verified
against demonstrations. This approach enables more accurate emulation of user behavior with minimal data,
leading to improvements in alignment performance of up to 33

These results highlight how refinement mechanisms grounded in limited but informative observations
can significantly enhance generalization in few-shot behavioral cloning. By modeling preference inference as
a process of iterative hypothesis formation and testing, PROSE offers a path toward more personalized and

adaptive Al systems that better reflect the human approach to learning from sparse data.
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Figure 5.1: Overview of PROSE. (top) The user provides a task description and demonstration to PROSE,
which executes iterative refinement and then a consistency verification step. Iterative refinement updates
the inferred preference description by generating a writing sample conditioned on the current preference
description, comparing the sample to the user’s demonstration, and updating the preference description to
better describe the user’s demonstration until the LLM’s generations match the demonstration or a maximum
number of iterations .S is reached. The description is then broken into a set of component parts, and each
component’s consistency with prior demonstrations is verified with LLM-as-a-Judge. (bottom) Example
PROSE prompts (for full prompts see Appendix [D.6.1).
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Figure 5.2: Preference compliance performance (PPCM) for CIPHER-1, in-context learning (ICL), PROSE,
Oracle, and no preferences (NPC) for different preference-inferring LLMs. The LLMs are sorted by MMLU
performance: Qwen2.5-7B-Instruct = 74.2, GPT-40o-mini = 82,Qwen2.5-72B-Instruct =
86.1, and GPT-40 = 88.7. GPT—-4o0 is the proxy human with mean and standard error reported over 5 seeds.
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Figure 5.3: Generation quality (PPCM) for PROSE, CIPHER-1, in-context learning (ICL), and PROSE+ICL
by Email (top) and Summary (bottom). GPT—4o0 is the agent’s LLM with mean and standard error reported
over 5 seeds.



Chapter 6

Discussion and Conclusion

6.1 Discussion

Throughout this thesis, I have explored strategies for enhancing Al generalization by taking inspiration
from the current gold standard in adaptive intelligence: human cognition. I argue that generalization critically
depends on three core elements: (1) the data used for learning, (2) the structure governing the flow of
information, and (3) the mechanisms for updating the system. Humans excel at using their prior knowledge to
identify salient streams of data, build sparse and causally linked structures to process this data, and leverage
this world model to build and test hypotheses. By developing Al systems that emulate these core human
strategies, we can achieve more robust and meaningful generalization.

In Chapter 3] I examine how the nature and composition of data shape AI generalization across two
pivotal domains: natural language understanding and human-agent interaction. Inspired by the intrinsic
relationship between language and embodied interaction in humans, I argue and empirically show that
integrating multimodal data significantly enhances LLM capabilities. I first demonstrate the limitations of
purely text-based training when reasoning about the physical world (Section [3.1). I then highlight reporting
bias as a limiting factor in text-only training and illustrate how incorporating multimodal data mitigates
these limitations (Section [3.2). Finally, I show how incorporating environmental context data in training
substantially improves models’ length generalization in sequential reasoning tasks (Section [3.3). Using
similar insights on the importance of human data usage in the domain of human-age interaction, I illustrate
how combining gameplay with eye gaze data enables faster and more accurate inference of critical teammate

attributes such as proficiency, trust, and intent (Section [3.4).
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Chapter 4] focuses on structural abstractions and their crucial role in generalization. Structures provide
benefits through feature reuse and sparsity, which significantly reduces the search space. I highlight the
particular importance of shared structures in collaborative settings. Inspired by how humans naturally employ
structured task decompositions to create a common framework, I develop HA?, a hierarchical reinforcement
learning framework designed for human-agent collaboration. Results confirm that agents utilizing shared task
abstractions generalize more effectively across varying environments and adapt more swiftly to both new
human and artificial teammates (Section {.1)).

In Chapter[5] I explore hypothesis-driven learning mechanisms. Drawing inspiration from how humans
build, test, and refine causal theories about the world, I introduce PROSE, a method designed to iteratively
infer and refine latent user preferences from observed differences between expected and actual user outputs.
PROSE significantly improves upon previous state-of-the-art methods by introducing iterative refinement
and consistency verification, aligning system outputs more accurately and robustly with user preferences

(Section [5.1)).

6.2 Future Work

The insights presented in this thesis highlight promising avenues for developing more integrated,
human-inspired Al systems. However, considerable work remains toward combining these strategies into
cohesive frameworks.

Expanding on RESEED, future work could incorporate discrete latent representations to impose
structural sparsity, as successfully demonstrated by methods such as DreamerV2 [136]]. Furthermore,
integrating explicit world models on top of LLM architectures could provide more structured predictions
of sequential states that better resembles humans. Currently, RESEED tasks the LLM to both encode
and apply sequential actions described in text. While the initial state is described in text, the remainder
of the text, as is often the case, only describes actions. Introducing a world model that processes action
representations generated by the LLM to predict subsequent states could further disentangle the problem and
build even more on the concepts of hierarchy and abstraction [30]. Extending this approach to predict the

necessary actions for achieving desired outcomes could further enable grounded, structured planning and
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type-2 reasoning capabilities [[198]. Additionally, developing mechanisms to proactively identify and gather
data addressing known uncertainties would offer another powerful strategy for improving system robustness
and generalization.

With HA? we demonstrated how structure enables a strong foundation for generalizing to teammates.
However, it still lacks a mechanism to learn new information about teammates. Combining H A? with our
work on rapidly predicting salient teammate attributes from eye gaze and gameplay data is a clear next step
toward targeted adaptations to new teammates within minimal interactions. Another interesting extension
would be the inclusion of hypothesis-driven exploration to resolve ambiguities regarding teammate intentions,
preferences, and capabilities. For example, if a teammate frequently engages in a specific task, targeted
experimentation, such as temporarily shifting task responsibilities or directly querying the teammate, could
clarify their motivations and preferences. This combined approach, drawing on both implicit observational
data and explicit experimental interactions, aligns more closely with human adaptive strategies and could
significantly enhance human-agent collaboration.

For PROSE, extending the hypothesis-driven learning framework beyond purely linguistic modalities
to incorporate multimodal inputs, such as spatial reasoning or sensory-motor data, could greatly broaden
its applicability and flexibility. Additionally, humans typically internalize explicit knowledge over time,
converting it into habits and implicit knowledge to free cognitive resources. Similarly, employing methods
such as Reinforcement Learning with Al Feedback (RLAIF) [21]] could enable the gradual internalization of
explicit insights directly into model parameters, thereby enhancing model efficiency and freeing computational

resources to accommodate further learning and adaptation.

6.3 Conclusion

In this thesis, I demonstrate that human cognitive strategies—careful data selection, structured causal
abstractions, and iterative hypothesis-driven learning—offer powerful templates for enhancing Al generaliza-
tion. Across diverse domains including natural language understanding, sequential reasoning, human-agent
collaboration, and behavioral cloning, I empirically validate the benefits of incorporating multimodal data,

structured representations, and causal learning mechanisms into Al frameworks. These human-inspired ap-
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proaches not only bolster generalization but also facilitate greater adaptability, interpretability, and alignment
with human expectations and norms.

While the individual strategies presented demonstrate substantial improvements, the most significant
potential lies in their integration. Future research should prioritize synthesizing sparse, hierarchical world
models, targeted multimodal data strategies, and causal hypothesis-testing frameworks into unified systems.
Ultimately, by closely modeling Al development on human cognitive principles, we pave the way toward
creating artificial agents capable of the hallmark human intelligence: the flexible and robust generalization of

knowledge across ever-changing contexts.
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Appendix A

Author Contributions for Presented Papers

Al PROST

Each author’s contributions for “PROST: Physical Reasoning about Objects through Space and Time” [[15]

can be summarized as follows:

Cory Paik contributed to code development, ran baseline experiments, generated result graphs and

tables, and provided edits.

» Katharina von der Wense supported ideation, gave narrative feedback, and helped edit the manuscript.

Alessandro Roncone contributed to paper editing.

Stéphane Aroca-Ouellette conceived the core ideas, implemented the codebase, conducted experi-

ments, developed the framing, created remaining figures, and authored the paper.

A2 The World of an Octopus

Each author’s contributions for “The World of an Octopus: How Reporting Bias Influences a Language

Model’s Perception of Color” [271]] can be summarized as follows:

* Cory Paik co-led ideation, implemented the entire codebase, collected the data, ran baseline experi-
ments, generated result graphs and tables, authored the related work and method sections, and edited

all other sections.

» Katharina von der Wense co-led ideation, provided narrative guidance, and helped edit the writing.
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* Alessandro Roncone contributed to paper editing.

» Stéphane Aroca-Ouellette co-led ideation, scoped and framed the paper—including the narrative
and experimental design—authored the introduction, discussion, and conclusion, and edited other

sections of the paper.

A3 RESEED

Each author’s contributions for “ReSeeding Latent States for Sequential Language Understanding” [11]] can

be summarized as follows:

» Katharina von der Wense supported ideation, provided narrative feedback, and contributed to editing.

* Alessandro Roncone supported ideation, provided narrative feedback, and contributed to editing.

» Stéphane Aroca-Ouellette conceived the core ideas, developed the codebase, ran experiments, created

figures and tables, framed the paper, and authored the paper.

A4 Eyes on the Game

Each author’s contributions for “Eyes on the Game: Deciphering Implicit Human Signals to Infer Human

Proficiency, Trust, and Intent” [[159] can be summarized as follows:

Nikhil Hulle developed the majority of the codebase, created tables and figures, and authored

portions of the manuscript.

Anthony J. Ries conducted all IRB-related tasks, co-designed and set up the data collection protocol,

collected the data, and contributed to the writing.

Katharina von der Wense served in a supervisory role.

Alessandro Roncone contributed to ideation, provided narrative feedback, and helped edit the

manuscript.
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» Stéphane Aroca-Ouellette conceived the core ideas, co-designed the data collection protocol, guided

code development and debugging, developed the framing of the paper, and authored key sections.

A5 HA2

Each author’s contributions for “Implicitly Aligning Humans and Autonomous Agents through Shared Task

Abstractions” [17] can be summarized as follows:

» Katharina von der Wense provided narrative feedback.

Miguel Aroca-Ouellette implemented the code to generate egocentric observations and produced

Section [3.4.3.6|and Figure 4.4

Alessandro Roncone provided feedback and edits to improve the paper’s framing.

Stéphane Aroca-Ouellette conceived the core ideas, developed the codebase (including agent training
and the user experiment platform), ran all experiments, established the initial framing, generated

remaining figures, and authored the paper.

A.6 PROSE

Each author’s contributions for “Aligning LLMs by Predicting Preferences from User Writing Samples” [14]]

can be summarized as follows:

* Rin Susa Metcalf played a major role in project scoping and design, implemented code to ag-
gregate and visualize results, substantially reworked Figure 5.1} generated all appendix template

documentation, and provided extensive edits to all sections of the paper.

» Natalie Mackraz contributed to project ideation, edited the paper for clarity and grammar, and

provided moral support.

* Barry-John Theobald served in a supervisory role and supported project ideation.
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» Stéphane Aroca-Ouellette conceived the core ideas, developed the codebase, conducted experiments,
led the initial paper framing, generated other figures, drafted the manuscript, and collaboratively

revised all sections with Rin.



Appendix B

Appendix for The World of an Octopus

B.1 Dataset Construction

B.2 Analysis of Annotator Biases

A potential side-effect of crowd-sourcing annotations is that annotators might be biased toward
choosing fewer colors faster, as this would equate to higher monetary incentives. We observe a small
correlation (Kendall’s Tau=0.154, p=0.026) between the total time and number of colors selected. However,
this is to be expected as selecting the colors takes time.

All models we evaluate were predominately trained on English text. To accommodate this domain and
minimize dataset variance, we recruit only annotators from the United States. This may induce cultural or
geographic biases: e.g., the color diversity of carrots is much smaller in the United States than in some Asian
countries. Other geographic biases are more fine-grained; for example, the color of fire hydrants in the U.S.
depends on where you live and the water source.

Additionally, our choice of colors is not as universal as, for example, the 6 color terms defined by The
World Color Survey [[172]. The latter may be more suitable for multilingual studies, though we leave such

investigations for future work.

B.3 Experimental Details

For all experiments, we implement the CoDa dataset using the Huggingface Datasets Library. We use

Huggingface’s [402] pretrained models for evaluating all text-only models, and the official CLIP implementa-
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tion by [295] for all CLIP models We run all experiments on a single machine with one Nvidia Titan RTX

GPU.

B.3.1 Representation Probing

Our representation probing implementation is derived from the efficient JAX version provided by
[4001 2]

We split the training set into 10 subsets spaced logarithmically from 1 to 311 objects, and report
averages over 5 seeds. Note that for each seed, any additional points along the curve represent additional
objects to the previous subset, however, different seeds have different object sets and thus a different number
of samples per subset. For our dataset, we found the difference in samples to be far less impactful on
performance than the number of objects.

All probes are 2-layer MLPs with ReLU activation functions and are trained using the Adam Optimizer
[180] with a learning rate of 10~*. All probes are trained for 4000 steps. More details on how to reproduce

the experiments are provided in our GitHub repository

B4 Zero Shot Results

The zero-shot results for all evaluated LMs are provided in Table

! github.com/openai/CLIP
2 github.com/willwhitney/reprieve
3 \github.com/nala-cub/coda


https://github.com/openai/CLIP
https://github.com/willwhitney/reprieve
https://github.com/nala-cub/coda
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Model Group Spearmanp{ Kendall’s771 Acc@11 Djs | Ap 1t AT 1
B Single 34.9 + 25.7 28.8 +21.2 26.8 0.39 £ 0.07 —6.86 —6.60
Multi 40.7 £ 22.9 32.9+18.5 23.6 0.25 £ 0.06 —6.77 —5.46

Any 45.7 +25.0 36.9 + 20.9 339 0.09 + 0.04 2.17 2.64

M Single 34.2 +26.4 28.5 4+ 21.8 35.9 0.39 £ 0.07 —6.94 —6.30
Multi 36.0 +26.0 29.5 4+ 20.8 25.5 0.25+0.06 —10.87 —8.51

S Any 43.2 +26.5 34.8 +21.2 35.7 0.09 + 0.04 0.09 0.74
% L Single 39.9+24.4 32.8+19.7 33.8 0.39 +0.07 —1.10 —-1.91
Multi 44.8 +20.9 36.5+16.8 29.8 0.26 + 0.06 —1.49 —1.05

Any 47.3 +26.9 37.9 +21.8 38.3 0.09 + 0.04 4.35 3.95

XL Single 40.3 £ 26.6 33.6 +22.1 40.4 0.39 £ 0.07 —0.55 —1.01
Multi 41.7 +£24.3 34.1+£194 28.8 0.25 £ 0.06 —4.66 —3.42

Any 48.1 +25.1 38.2 +20.2 40.0 0.09 + 0.04 5.29 4.46

B Single 41.5 £+ 23.9 34.4+19.6 323 0.32+0.13 0.58 —0.21

< Multi 47.0 £ 21.9 37.7+ 18.0 23.1 0.21 £ 0.09 0.44 —0.03
E Any 51.9 +22.7 41.3 +18.9 29.6 0.11 £+ 0.07 8.64 7.27
Q9 L Single 47.8 +24.7 40.1 £20.8 42.9 0.28 +£0.11 7.17 5.69
~ Multi 50.2 + 23.8 41.0£19.5 33.2 0.19+0.08 4.57 4.01
Any 52.5+23.5 42.0 +19.5 36.5 0.10 £ 0.06 9.97 8.26

B Single 27.8 £25.0 23.2 +20.3 16.2 0.38+0.10 —14.08 —12.30
Multi 31.4+24.2 25.1 +18.8 13.0 0.27+0.09 —15.27 —12.60

Any 42.8 +26.4 33.7 + 214 18.3 0.14 + 0.06 -0.70 -0.63

L Single 29.4 +27.0 24.3+21.9 31.8 0.35+0.13 —11.67 —10.62

= Multi 32.7+22.6 26.7 + 18.0 23.1 0.25+0.09 —13.50 —10.78
E Any 41.2 +25.7 33.6 +20.5 38.3 0.13 + 0.06 -2.37 -0.58
E.ﬂ XL Single 36.4 +24.5 29.7 + 20.0 26.3 0.35+0.11 —4.73 —4.99
é Multi 44.6 £19.1 36.1£15.5 26.9 0.22 +£0.07 —1.53 —1.27
Any 48.2 + 214 382 +17.2 35.7 0.11 £ 0.05 5.07 4.22

XXL  Single 39.9 £+ 25.6 33.1+£21.1 31.3 0.31 £0.12 —1.38 —1.80
Multi 41.3 £ 26.1 33.2 +21.0 23.6 0.21 £ 0.08 —5.23 —4.48

Any 41.9 +24.3 32.8+18.4 383 0.11 4 0.05 -0.87 -1.03

B Single 22.3 £29.7 18.9 +24.2 20.7 0.36 £0.11 —19.54 —16.46
Multi 22.2 +26.8 18.0 £21.3 18.3 0.26 £0.07 —23.57 —19.11

Any 25.8 +26.9 20.8 £ 20.6 26.1 0.12 + 0.05 -18.38 -13.98

L Single 39.2£27.1 32.5£224 30.3 0.32£0.11 -2.14 —2.50

g Multi 41.9 +24.9 33.9 +204 25.0 0.21 £0.07 —3.73 -3.10
£ Any 40.0 +22.9 32.44+18.1 33.0 0.10 + 0.05 —3.70 -2.05
EE XL Single 25.2 + 26.6 20.5+21.5 26.3 0.35+0.12 —-16.14 —14.53
j Multi 25.4+23.4 20.7+18.4 23.6 0.25+0.08 —20.51 —16.59
Any 29.6 +27.1 23.1 +20.8 26.1 0.12 4+ 0.05 -12.48 -10.04

XXL  Single 43.7+24.4 36.4 1 20.6 34.3 0.30 £ 0.11 2.69 1.55
Multi 45.2 +23.7 36.1 +19.5 25.5 0.20 £ 0.07 —1.08 —1.40

Any 43.7+24.9 34.5+19.6 39.1 0.10 + 0.05 0.95 0.70

Average Single 35.9 + 25.8 29.8 +21.2 30.7 0.35+£0.10 —5.33 —5.14
Multi 38.9 £+ 23.6 31.5+19.0 24.5 0.24 £ 0.07 —7.37 —5.99

Any 43.0 +25.0 343 +19.9 335 0.11 4 0.05 -0.14 0.28

Table B.1: LM results when probed in a zero-shot setting. Single, Multi, and Any indicate sets of objects that
are frequently a singe color, between two to four colors, or could be any color, respectively. All corr. coeff.

(p, 7) are multiplied by 100. Means and std.s are calculated over objects of the respective group.
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Appendix C

Appendix for RESEED

Atomic Actions

Low-Level Tasks

High-Level Tasks

PickupObject
PutObject
OpenObject
CloseObject
ToggleObjectOn
ToggleObjectOff
PourFromObject
SliceObject
WipeObject

put_X_on.Y
put_X.in.Y
heat_X

fill_ X

brew_X
clean_X
slice_ X
pour_X_onin_Y
wipe_X_dry

wipe_X _clean

stack 3

stack 4
water_plants_using_X
make _iced_coffee_in_X
brew_tea_in_X

toast_X

cook_X
cook_and_remove_X
clean_and_dry_X

clean_large X

Table C.1: List of atomic actions, low-level tasks, and high-level tasks.
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State Feature Related Affordance
ObjectName (100) -

isWet (2) wettable

isCooked (2) cookable

isClean (2) cleanable
isFilledWithLiquid (2) fillable

isOpen (2) openable
isPickedUp (2) pickupable
isSliced (2) sliceable
isToggled (2) toggleable
objectTemperature (3) canChangeTemp
mass_change (3) fillable (indirectly)
parentReceptaclesOn (6) | receptacleOn
parentReceptaclesln (6) | receptacleln

Table C.2: Mapping of state features to their related affordances. Number in (parentheses) denote the range

of values the feature can take on.

HOUSE is a dataset inspired by the PigPen dataset used in [416]. We made the decision to adapt
PigPen, rather than using the original dataset, for three primary reasons: 1) PigPen divides each full high-level
task trajectory into a single (s¢, at, S¢+1) transition tuple, whereas we are interested in outcome of multiple
sequential steps. 2) We found a range of inconsistencies and non-deterministic outcomes within the PigPen
dataset (e.g. toast getting hot when turning ON the toaster in one instance, and the toast getting hot when
turning OFF the toaster in one instance). 3) We wanted more control over the compositionality of tasks. A full
list of actions and tasks is shown in Table

To this end, we manually crafted a deterministic transition function for each low-level action based
on the affordances of each object and used it to create trajectories our trajectories. Matching ABCDs and
CUBES, we use templates to create the language description of the trajectory. A full list of state features
(used to encode the state) and affordances (unchangeable properties of objects which are not visible, but

effect the outcome of the transition function) are shown in Table[C.2]
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C.2 ICL prompt
Figure outlines the full prompt used for in context learning. j; denote placeholder values. All

examples came from the same distribution as the training set. For HOUSE, we ensured that a representative

example for each of the 10 low-level tasks were used.



system >>>
You are tasked to solve sequential reasoning problems in which you
will be given an initial state and a sequence of actions. Your job is
to predict the final state after the sequence of actions is applied to
the initial state. You will be given a list of examples that you can
use to learn how to solve the problem. You must match the output
format of the final state exactly. You will be graded on the exact

accuracy of your predictions.

Expected output format:
<dataset specific formatting>.
Where terms enclosed in <> should be replaced with the actual output

values.

user >>>
—-——Example 1---
Initial State and Actions:

<example 1 initial state & actions>

assistant >>>
Final State:

<example 1 final state>

user >>>
—-——Example 10---
Initial State and Actions:

<example 10 initial state & actions>

assistant >>>
Final State:

<example 10 final state>
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C3 Two-Step Training

To explore a more computationally friendly approach, we test a variation of RESEED, named that
fully separates the alignment step from the generation step. Specifically, on alternating batches, we either
perform a forward and backwards pass using the alignment losses, or we perform a forward pass with no
gradients to generate Z’ and then use those for the forward pass with gradients which decodes the final state
description. A comparison of results between these two approaches is shown in Table While separating
the alignment and generation steps does slightly reduce the performance of RESEED, it still outperforms the

TOmodel, and does so with no additional memory requirements.

Model ABCDs CUBES HOUSE
Text-Only 243 101 | 379 109 | 56.1 159
RSSingle Pass 100.0 +0.0 65.0 +0.9 75.7 +1.7
RSSeparate Passes 99.8 +0.2 64.6 +1.5 70.5 +2.9

Table C.3: Comparison of RESEED (RS) with and without separate backward passes. Results are the average
accuracy and standard error across 5 seeds.

C4 Additional Implementation Details

C4.1 Hyper parameters

To tune the TO, we performed a grid search on the learning rate (Ir € {le — 5,3e — 5, 1le — 4}, batch
size (bs € {32,64,128}), decay rate (per update step) (dr € {0.9999,0.99995,0.99999}, and warm up
steps (ws € {400, 1000, 2000}). We found that across datasets, a batch size of 64 and 1000 warm up steps
consistently provided the best results. For learning rate, we found le — 4 performed best on CUBES and
HOUSE, while a learning rate of 3e — 5 performed best on ABCDs. For decary rate, we found 0.99995
performed best on CUBES and HOUSE, while a decay rate of 0.99999 performed best on ABCDs.

We used the same above hyper parameters for RESEED, only tuning hg;,,, € {16, 32,64, 128, 256,512}
for each dataset. We found hg;,, = 16, hgim = 128, and hg;,, = 256 performed best ABCDs, CUBES, and
HOUSE respectively.

For the in-context learning LLMs used, all in-context learning examples came from the training
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set and were manually verified to be representative examples. The GPT-4o0-mini checkpoint used was:
gpt-40-mini-2024-07-18, and the GPT-40 checkpoint used was gpt-40-2024-08-06.

The five random seeds used were: [9590, 1282, 5742, 4674, 2921].

C4.2 Computational Budget

All experiments were run using a single A100 (all experiments fit on a 40GB A100, although 80GB
A100s were used as well). To reach convergence on a single run took between 10 minutes (1024 samples)
and 16 hours (262144 samples). Compared to the TO model, RESEED took between 1.1x and 2x the amount
of time to reach convergence. The additional cost is primarily due to the two forward passes, although
on the ABCDs dataset, RESEED reached convergence much faster, mitigating the cost substantially. The
experiments in this paper involved 20 runs per seed per dataset (with 5 seeds and 3 datasets), for a total of

300 runs.

C.s5s Al assistant use

Claude-3.7-Sonnet-Thinking [[12] was used to develop small portions of the code base. GPT-40 [267]
was used as to edit the text at a paragraph level. All code and writing output from Al assistants were manually

verified and edited as necessary by a human before use.

C.6 Additional Attributions and Attribution Info

The seed icon used in Figure 4.2]is from Flaticon.com. All artifacts were used in a manner consistent

with their intended use.



Appendix D

Appendix for PROSE

D.1 Algorithm

Algorithm 1 Assistant Task Completion

Require: xq {Task instance}
1: Initialize empty preference set: P«

Retrieve relevant examples:

E < get_relevant_examples(interaction memory)
for eache € E' do

]5C — ]5c U e.pe

end for
Aggregate condense preferences: R

Ddesc < generate (11m, Taggregate s P.)
Sample agent generation:

0

w, < generate (11m, Ty, Ddesc)

. Return Completed generation w(), preference description pgesc, and relevant examples £

D A o

—_
=
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Algorithm 2 PROSE: Preference Reasoning by Observing and Synthesizing Examples

Require: xq {Task instance}
Require: w, {User demonstration}
Require: w! {Agent generation}
Require: p,.s. {Preference description}
Require: E {relevant Examples}
1: Initialize P. + generate(llm, xbreakdown,ﬁgesc)
2: for each s € [0, 5] do
3. ifw] = w, then
4 Stop refinement
5:  else
6 Refine preferences:
7 ﬁg;}: = generate(11lm, Tupdates Dieser Wus Wy )
8 Decompose preference:
9 P, < P, Ugenerate(11lm, Tpreakdown: Pljesc)

10: Generate new candidate generation:

11: wS < generate (11m, Tusk, Pdesc)
12:  end if

13: end for

14: Initialize empty verification score list:

15: Uscores ¢ &

16: for each p. in 15c do
17:  foreache € E do

18: Verify preference against demonstration:

19: Vscores € Uscores J gene rate(llm, Terification €- Wy, ﬁﬁesc)
20:  end for

21:  ifmean(vseores) < v then

22: Discard p. from 150

23:  end if

24: end for

25: Add (zaek, W, Pc) to interaction memory
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D.2 Metric Definitions

D.2.1 Preference Inference Quality

Preference Description Length As conditioning on unnecessary tokens when generating responses
aligned with user preferences is undesirable, we measure the number of tokens in the preference description.
The preference length (Pref Len) is the number of characters used to describe a user’s preferences, which is
highly correlated with the number of tokens required.

Preference Similarity To assess the similarity between the inferred preferences and the ground truth
preferences, the human proxy (GPT—-4o0 in this paper) is prompted to evaluate how similar each inferred

preference is to each ground truth preference following:
Preference Similarity = 1lm_judge(true, inferred), (D.1)

where true is the true preferences (see Appendix[D.4] Table[D.7), inferred is the inferred preference description,
and Illm_judge is a function that prompts the human proxy LLM to evaluate how well a given inferred

preference aligns with the true preference on a scale of 0 to +4 (see Appendix Figure [D.1).

D.2.2 Generation Quality

To assess the quality of the preference conditioned LLM’s generations, the human proxy (GPT-40 in
this paper) is prompted to evaluate how well the given generation complies with the each of the ground truth
user preferences. The generation quality is then compute as the mean score over ground truth user preference
components following:

PPCM — Z?rud Ilm_judge(true;, assistant_attempt)

D.2
|true| ’ 0-2)

where true is the set of true preferences (see Appendix Table |D.7)), assistant_attempt is the assistant’s
summary or email, and llm_judge is a function that prompts the human proxy LLM to evaluate how well a

given assistant solution aligns with the true preference on a scale of -2 to +2 (see Figure [D.2).
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The prompt used by the LLM-as-a-Judge for generation quality evaluation are shown in Appendix Fig-

ure
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System Prompt

You are an experienced editor that is evaluating how similar writing preferences are.

User Prompt

You received the following description of a user’s writing preferences:

1311313

Inferred preference: <inferred preference_i>

”How similar are the inferred preferences to the true writing preferences below?

True preference: <true_preference_i>?

Analyze how the preferences would impact a user’s writing. After reasoning, select one of the
following options:

extremely similar, very similar, moderately similar, slightly similar, not at all similar

Your final selection should be on a new line prefaced with “Verdict:”

\. J

Figure D.1: LLM-as-a-Judge prompts to assess the similarity between the true and inferred preferences.
The system prompt is prepended to the user prompt following the LLM’s chat template. “<. . . >” indicates
that the text is formatted from a variable. inferred_preference_i one of the inferred preferences.
true_preference_i refers to one of the k true preferences that the user has.

System Prompt

You are an experienced editor that is evaluating writing samples.

User Prompt

You received the following { summary | email}:

1311313

<agent_completion>

Does the above { summary | email} exhibit the following preference: <t rue_preference_i>?
Identify, analyze, and reason about specific excerpts that show similarities or contradictions of
underlying preferences. After reasoning, select one of the following options:

clearly exhibits, somewhat exhibits, neither exhibits nor contradicts, somewhat contradicts, clearly
contradicts

Your final selection should be on a new line prefaced with “Verdict:”

\. J

Figure D.2: LLM-as-a-Judge prompts for the per preference-component match metric (PPCM) used in
the PLUME environment. The system prompt is prepended to the user prompt following the LLLM’s chat
template. “<. . .>" indicates that the text is formatted from a variable. agent _completion refers to the
agent’s article summary or email, depending on the sub-task. t rue_preference_i refers to one of the k
true preferences that the user has.
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D.3.1

Extended Results

Additional results tables and figures discussed in the main body of the paper.

The metric correlation results for the assistive writing tasks (Table [D.T).

Metric Correlation
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PRELUDE PRELUDE y, g4t PLUME
Metric Acc. B.Score P Len. P.Sim. | Acc. B.Score P.Len. P.Sim. | Acc. B.Score P.Len. P.Sim
I Summarization
L-dist -0.47 -0.53 -0.43 -0.46 | -0.08 -0.14 0.01 -0.18 0.02 -0.13 -0.21 -0.10
In-L-dist | -0.50 -0.57 -0.48 -0.51 | -0.22 -0.36 -0.23 -042 | -0.08 -0.33 -0.40 -0.36
PPCM 0.49 0.63 0.53 0.54 0.51 0.65 0.54 0.58 0.34 0.65 0.71 0.71
| Emails
L-dist -0.26 -0.32 -0.27 -0.26 [ -0.10 -0.31 -0.36 -0.27 1-0.11 -0.19 -0.25 -0.19
In-L-dist | -0.23 -0.31 -0.27 -0.26 | -0.08 -0.34 -0.42 -0.28 | -0.12 -0.34 -0.41 -0.38
PPCM 0.18 0.30 0.43 0.18 0.20 0.32 0.45 0.19 0.48 0.79 0.74 0.79
[ Across Both Tasks
L-dist -043 -043 -0.31 -0.39 [ -0.09 -0.17 -0.03 -0.20 0.01 -0.15 -0.21 -0.11
In-L-dist | -0.45 -0.45 -0.32 -042 | -0.18 -0.27 -0.08 -0.32 | -0.09 -0.32 -0.39 -0.35
PPCM 0.42 0.48 0.37 0.42 0.45 0.52 0.39 0.46 0.39 0.68 0.71 0.73

Table D.1: Pearson R correlation between preference similarity metrics and generated writing similarity
metrics broken down by task (summarization vs email). For Levenshtein distance (L-dist) and length-
normalized Levenshtein distance (In-L-dist) lower is better, so inverse correlation is expected. For PPCM,
Acc. (Accuracy), B.SCore (BertScore), P. Len (Preference Description Length), and P. Sim. (Preference
Description Similarity) higher is better. Best correlation in each framework is bold. Best overall correlation
is underlined. See Appendix @for a full description of each metric.
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The baseline and PROSE ablation results for Qwen?2 . 5-7b—Instruct, Qwen2.5-72b—-Instruct,

Baselines and Ablations per LLM
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GPT-40-mini, and GPT-4o. The results in Table [5.2] are averaged across these four LLMs and results

reported in this section.

Summarization Emails

Method Pref Len Pref. Sim. PPCM Pref Len Pref. Sim. PPCM

[ No Learning Baselines ]
NPC 0.00+0.00 0.00+0.00 —1.1240.04 0.00-+0.00 0.00+0.00 —0.9740.04
Oracle 120.80:|:0_00 3.88;&0_05 1.75:|:0.04 118.50:‘:0,00 3-9010.06 1.95:|:0.01

[ Learning Baselines |
CIPHER-1 50.4041 68 0.904004 —0.3340.04 51.5540.93 1.324010 —0.0140.04
CIPHER-5 49.7811 .86 1.0419.05 —0.114007 49.04 42 46 1.6619.05 —0.0140.06

[ PROSE Ablations ]
PROSEcg 306.05415.72 0.5940.03 0.07+0.06 390.29490. 64 0.994005 0.62+0.06
PROSE,, 274.05490.33 0.4540.08 —0.0240.05 353.774+33.87 0.8440.05 0.1640.15
PROSE,, 291.45415.41 0.6140.11 03+0.15 301.27496.19 1.00+0.09 0.4540.04
PROSEy 4,551 | 574.73+27.75 0.77+0.06  0.40+0.11 6119243287  1.141006  0.83+0.05
PROSEru1 604.69431 19 0.8940.10 0.56-0.09 698.34 444 98 0.9140.09 0.78+0.10
PROSErunsicL | 6829.38+1159.00  0.7640.07  1.2340.08 | 7435.394080.26  0.9640.06  1.5240.04

Table D.2: Qwen2.5-7b-Instruct + PROSE’s performance on the two tasks measured by the quality
of inferred preferences (Pref. Sim.) and preference compliance (PPCM) compared against no preference
generation (NPC), true preference generation (Oracle), in-context learning (ICL), CIPHER [109], and
ablations over PROSE’s components. Results are the mean and standard error across five seeds. Best
non-Oracle results per task are bolded.
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Summarization Emails
Method Pref Len Pref. Sim. PPCM Pref Len Pref. Sim. PPCM
| No Learning Baselines
NPC 0.00+0.00 0.00+0.00 —I.1140.02 0.00-+0.00 0.0040.00 —0.86+0.04
Oracle 120'80i0.00 3.88i0,08 1.68i0‘03 118.50i0_00 3-85i0.06 1-95i0.01
[ Learning Baselines
ICL 6237.5411163.61 0.00+9 .00 1.4219.10 6754.73+975 36 0.00+0.00 1.37+10.05
CIPHER-1 88.36:&1,91 1.26i0,04 0-03i0.06 83.01:&2,03 1.82i0_07 .56i0,07
CIPHER-5 141.23 1664 1.2240.05 —0.0640.06 141.4515 35 1.604+¢.08 0.34+0.05
| PROSE Ablations
PROSEcg 359.01493 18 1.2540.09 0.6240.10 375.7646.64 1.564+0.10 1.0610.05
PROSE,, 333.35413.53 1.3540.13 0.65+0.09 369.00421 15 1.2940.07 8740.09
PROSE,, , 304.55416.14 1.4140.07 0.5240.09 352.71418.17 1.7540.09 1.1710.04
PROSE, ; 5>1 | 635.88439.19 1424004  0.8440,05 829.244 37 09 1.5640.10 1.3940.08
PROSEny 937372750 1571005 0.974011 | 1004.2143000 1361013  1.324011
PROSEFE11 628.28436.94  1.6040.11  0.9940.07 880.984.92 95 1.5540.06 1.3840.03
PROSErusicr, | 6912.2811171.86 1.4149.10 1.3840.05 7624.14+973.68  1.4540.13 1.7010.07

Table D.3: Qwen2.5-72b-Instruct + PROSE’s performance on the two tasks measured by the quality
of inferred preferences (Pref. Sim.) and preference compliance (PPCM) compared against no preference
conditioning (NPC), true preference conditioning (Oracle), in-context learning (ICL), CIPHER [109], and
ablations over PROSE’s components. Results are the mean and standard error across five seeds. Best
non-Oracle results per task are bolded.

Summarization Emails

Method Pref Len Pref. Sim. PPCM Pref Len Pref. Sim. PPCM

[ No Learning Baselines ]
NPC 0.00+0.00 0.00+0.00 —1.05+0.02 0.00+0.00 0.00+0.00 —0.91+0.02
Oracle 120.80:|:0_00 3-84:t0.08 1.70:|:0.04 118.50:5),00 3-95:t0.05 1.93:|:0.01

[ Learning Baselines |
CIPHER-1 138.91 1367 1.441 003 0.24410.07 148.6941 51 1.7940.03 0.37+0.05
CIPHER-5 74.93 1242 1.264010 —0.0540.08 78.0912.17 1.7410.08 0.30+0.10

[ PROSE Ablations
PROSEcg 384.12412.65 1.441 007 0.67+0.05 412.09412 57 1.5710.03 1.0310.08
PROSEU 254.8]&;15.59 1.55:&:0.12 0.4710.11 364.86:|:13_18 1.40:‘:0_10 1.01:|:0.10
PROSEuﬂ 321-09:|:8.23 1-76i0,11 0.7010.07 375.89124_73 1-75:t0.08 1.24:|:0.05
PROSEy 4,551 | 551.56116.27 1.464011  0.8240.13 745.58+29.95 1.5040.08  1.30+0.13
PROSENy 699.89499 g7 1.4840.07 0.9440.05 798.89437.11 1.3040.10 1.1640.07
PROSEru1 575.88420.20 1.5850.08 0.9110.06 699.25433 49 1.6010.07 1.2510.09
PROSErunsicL | 6795.69+1167.68  1.4240.08  1.2740.09 | 7942.9540977.92 1.524008  1.7040.04

Table D.4: GPT-40-mini PROSE’s performance on the two tasks measured by the quality of inferred
preferences (Pref. Sim.) and preference compliance (PPCM) compared against no preference conditioned
(NPC), true preference generation (Oracle), in-context learning (ICL), CIPHER [109]], and ablations over
PROSE’s components. Results are the mean and standard error across five seeds. Best non-Oracle results per

task are bolded.
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Summarization Emails

Method Pref Len Pref. Sim. PPCM Pref Len Pref. Sim. PPCM

| No Learning Baselines |
NPC 0.00+0.00 0.00+0.00 —1.06+0.04 0.00+0.00 0.0010.00 —0.88+0.04
Oracle 120.80i0.00 3-84i0.08 1.69i0.04 118.50i0.00 3-85i0.06 1'97i0.01

| Learning Baselines |
ICL 6237.541163.61  0.00+0.00 1.241909 | 6754. 73197536 0.0040.00 1.4040.04
CIPHER-1 60.8041.94 1.234004 —0.1441007 67.6241 37 1.7540.07 0.4140.06
CIPHER-5 56.03:|:1,52 1-43i0.07 _0-11i0.13 56.81:|:2.00 1.76i0,05 0'38i0‘06

| PROSE Ablations
PROSEcg 31411519 75 1.6350.05 0.6610.11 342.27119.98 T.7150.08 1.1850.10
PROSE,, 228 1141747 1.841010 0.77+0.14 303.7447 39 1.844014 1.3040.06
PROSE, , 249.26111.70 1.624019 0.70+0.10 317.5446.48 1.8240.09 1.294010
PROSE, ; 5>1 | 428.30418.53 1.8340.17  0.9240.08 534.29418.92 1.794006  1.33+0.01
PROSEE; 446.7341071 1.9840.06 1.1540.07 532.34 1778 1.8310.08  1.99+0.03
PROSEfuiicL | 6719.9811164.23  1.774010  1.4640.05 | 7297.621980.54  1.6440.05 1.6740.04

Table D.5: GPT-40 + PROSE’s performance on the two writing tasks measured by the correctness of inferred
preferences (Pref. Sim.) and preference compliance (PPCM) compared against no-preference conditioning
(NPC), true preference generation (Oracle), in-context learning (ICL), CIPHER [109]], and ablations over
PROSE’s components. Results are the mean and standard error across five seeds. Best non-Oracle results per

task are bolded.
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D.3.3 PRELUDE Results

Results on PRELUDE [109]] for PROSE and baselines: a no-preference conditioning (NPC), an oracle
preference baseline, in-context learning (ICL), CIPHER-1, and CIPHER-5 [[109] (Table . To directly
evaluate the ability to infer preferences, we provide all models with ground-truth knowledge of the source of
the documents. On the summarization task, PROSE outperforms all baselines on action/generation quality.
On the email writing task, PROSE outperforms all baselines on the PPCM metric, but slightly underperforms
CIPHER-1 on the poorly correlated Levenshtein distance metric (see Section[5.1.4tMetric Correlation for
issues with Levenshtein distance).

Results in this table further support issues with the current preference-quality metrics. In the email
writing task, the no-learning baseline (which always uses an empty preference), has a higher accuracy than
any learning method, which may be due to the significant overlap between preference sets in the task. Further,
in both tasks, the highest preference-quality scores do not lead to the highest action-quality scores. We
encourage future work to look into alternative preference-quality metrics.

We lastly note that PRELUDE has substantially smaller range between the no-preference conditioned
(NPC) and oracle preference baselines relative to PLUME. On PPCM, PRELUDE has a range 2.45 and 0.62
for summarization and email writing respectively, while PLUME has ranges of 3.17 and 2.91 for the two

tasks. This further supports PLUME as the primary evaluation environment.
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Summarization
Method Accuracy BScore Levenshtein PPCM
No Learning Baselines
NPC 0.2000.00 —0.431000 107801604 —0.T410.10
Oracle 1.00:‘:0.00 1.00:&0.00 1.08:|:1.48 1.62:‘:0.09
Learning Baselines
ICL 0.2000.00 —0.431000 104.24:585 —0.T11g.19
CIPHER-1 0.611006 0.131003 48.01+1076 0.7410.24
CIPHER-5 0.46i0.02 0.0240.01 3.86+19.89 0.8240.50
PROSE 0.6810.12 0.011003 9.30+8.70 1.1840.16
Emails
Method Accuracy BScore Levenshtein PPCM
No Learning Baselines
NPC 0.2540.00 —0.37+0.00 481241144  0.8640.08
Oracle 1~00:t0.00 1.00:|:0_()0 1.02:|:2_03 1.57:|:[),13
Learning Baselines

ICL 0.254000 —0.371000 53.38+1346 0.87+0.13
CIPHER-1 0.031006 —0.164004 12.0611504 1.0410.12
CIPHER-5 0.251000 —0.084004 13.341957 1.0940.08
PROSE 0.01003 —0.2210902 14.0516.14 1.10419.06

Table D.6: PRELUDE Results. PROSE’s ability to infer the correct preference set and generation quality
across the two PRELUDE tasks compared against a no-preference conditioning baseline (NPC), a method
with access to the true preferences (Oracle), in-context learning (ICL), and CIPHER [109]. Results are
reported as the mean and standard error across five seeds. Accuracy and Bscore (BERTScore) [419] are
preference-quality metrics, while Levenshtein distance and PPCM (per preference-component match) are

action-quality metrics.



185

D.3.4  Preference Inference and Conditioning Performance by Number of User Samples

In Figure [D.3| we show the impact of the number of samples for a given user according to the measures

for inferred-preference and generation quality metrics.

Summarization Emails
2.5
—— PREDICT
—— CIPHER-1 2.01
2.0 IcL
—— Full+ICL 1.5
£ 151 £
[} 7}
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Figure D.3: Performance for PROSE, CIPHER-1, in-context learning (ICL), and PROSE+ICL given different
numbers of user samples to learn from. Mean and standard error over five seeds for preference quality (Pref.
Sim.) and preference-conditioned generation quality (PPCM). GPT-4o0 is the LLM.
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D.4 PRELUDE vs. PLUME Preference Sets

The preference sets used for each document source and environment (PRELUDE vs. PLUME) are

given in Table
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Document Source

Task Version

User Preferences

Summarization

interactive, playful language, positive, short sentences, story-

PRELUDE _ .
News Articles telling, style targeted to young children
PLUME adopt a step-by-step structure, include a simile, use ampersands
(&) instead of “and”s, write in the style of a children’s book
PRELUDE brief, immersive, invoke personal reflection, second person narra-
Chat Forum Posts tive, show emotions
PLUME adopt a header and sub-header structure, include rhetorical ques-
tions, use ALLCAPS to emphasize words, write in the style of a
tweet
] PRELUDE brief, bullet points, parallel structure
Encylopedia Pages PLUME adopt a thyming structure, include modern slang, use semicolons
(;) when possible, write in the style of a screenplay
PRELUDE inquisitive, simple English, skillful foreshadowing, tweet style,
Paper Abstract with emojis
PLUME adopt a question-answering style structure, include personifica-
tions, use archaic language, write in the style of a podcast
PRELUDE question answering style
Movie Review PLUME adopt a stream-of-consciousness structure, include ono-
matopoeias, use imagery, write in the style of old timey radio
Email Writing
PRELUDE conversational, informal, no closing
Personal Problem PLUME be intensely emotional, include alliterations, use a formal tone,
write in a second person narrative
_ PRELUDE call to action, casual tone, clear, positive
Paper Review PLUME be sharply critical, include several short and punchy sentences,
use parenthetical asides, write using assertive expressions
PRELUDE engaging, personalized, professional tone, thankful closing
Paper Tweet PLUME be blatantly sarcastic, include hyperboles, use an informal tone,
write in a third person perspective
PRELUDE professional greeting and closing, respectful, straight to the points,
Paper Summary structured
PLUME be highly inquisitive, include several long and flowing sentences,

use emojis, write using conditional expressions

Table D.7: The user preferences for each assistive writing task (summarization vs. email writing), task topic,
and benchmark version.
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D.5 Ilustrative Examples of Issues with PRELUDE

D.5.1 Levenshtein Distance and Multiple Generations

We present here an inherent issue with Levenshtein distance. For all three generations, we prompt
gpt-4o to summarize the encyclopedia article on hotdogs. The first two generations (A. and B.) use identical
prompts, in which we ask it to use the preference: “use a haiku”. In the third generation, we ask it to use
the preference “use a single short sentence”. We then calculate the Levenshtein distance between each pair,
reported in Table Notably, the Levenshtein distance and length normalized Levenshtein distance, in
which a lower score represents higher similarity, would both indicate that generation A and C are more
similar to generation A and B, even though generation A and B share the same exact same prompt while
generation C uses a entirely different preference. BERTScore does a better job of identifying the most similar
texts, however the PPCM scores, which compares writing directly to the true preferences, clearly labels both
Generation A. and Generation B. as “strongly exhibiting” the preference “use a haiku”, and Generation C. as
“strongly contradicting” the preference.

Generation A.

A sausage in bun,
Toppings vary near and far,
Hot dog, rich in roots.

Generation B.

Grilled or steamed sausage,
In a bun with cheese or spice,
Street food’s warm embrace.

Generation C.

A hot dog is a sausage in a bun with various toppings such as mustard, ketchup, and relish
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Pairing | Levenshtein Dist. | Norm. Levenshtein Dist. | BERTScore | PPCM per generation
A-B 17 0.85 0.27 (2,2)
A-C 16 0.76 0.20 (2,-2)
B-C 17 0.81 0.10 (2,-2)

Table D.8: Levenshtein distance between each pair of generations.
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D.5.2 Editing Influences the User

In this next example, we demonstrate how the editing procedure can influence the output of the user.
We again ask an LLLM to summarize the encyclopedia article on hot dog. Let’s assume, an inferring agent
has incorrectly inferred the preference ”question answering style”. Using this preference, the preference-

conditioned agent writes:

What is a hot dog?

A hot dog is a dish made of a sausage (typically a wiener or frankfurter) served in a partially
sliced bun. It can refer to the sausage itself, which is grilled, steamed, or boiled.

How is a hot dog typically prepared?

Hot dog preparation varies, but common condiments include mustard, ketchup, relish, and
onions. Some toppings can also include cheese sauce, sauerkraut, chili, bacon, or jalapefios.

Where did hot dogs originate?

The sausages used in hot dogs were culturally imported from Germany, and the dish became
popular in the U.S. as a working-class street food. Over time, hot dogs became closely
associated with American culture, particularly baseball.

Where are hot dogs most popular?

While they are especially associated with New York City, hot dogs became widespread
across the United States throughout the 20th century, becoming an integral part of American
cuisine.

We ask the user if the above is satisfactory for it’s true preference of: “style targeted to young children”.
It does not, so we then ask the user to edit the above for it true preference “style targeted to young children”,

and the user writes:

What is a hot dog?

A hot dog is a yuammy snack made of a sausage (like a wiener or frankfurter) inside a soft
bun. Sometimes people call the sausage itself a hot dog, and it can be cooked by grilling,
steaming, or boiling.

How is a hot dog usually made?

Hot dogs can be made in different ways, but they often have yummy toppings like mustard,
ketchup, relish, and onions. Some people like to add even more fun stuff like cheese,
sauerkraut, chili, bacon, or spicy jalapefos.

Where did hot dogs come from?

The sausages in hot dogs came from Germany, and a long time ago, they became super
popular in the U.S. as a quick and tasty street food for busy people. Now, hot dogs are a big
part of American culture, especially at baseball games!
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Where are hot dogs the most popular?

Even though hot dogs are popular all over, they are especially loved in New York. Over the

years, hot dogs have become a favorite food all across the United States!
While the above summary does correctly follow the true preference, it is still formatted in a question answering
style, which is not part of the user’s preferences. l.e., the preference-inferring agent’s error has directly
impacted the user’s writing. This is another reason why PLUME removes the editing procedure.

For reference, if the user is directly asked to summmarize the encyclopedia article on hot dogs using

it’s true preference of “style targeted to young children”, it outputs:

A hot dog is a yuammy food that’s made with a sausage, like a wiener or frankfurter, inside

a soft bun. You can cook the sausage in different ways, like grilling or boiling. People love
to put tasty toppings on their hot dogs, such as ketchup, mustard, cheese, and even onions!

Hot dogs came from Germany, but they became super popular in the US, especially at
baseball games. Now, you can find hot dogs all over the country, and in some places, like
Chicago, people have special ways of making them!
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D.6 Prompts

D.6.1 Preference Inference and Preference-Conditioned Agent Prompts

The prompts used by PROSE for writing sample generation and task completion in the PLUME
environment are in Appendix Figure[D.4] The prompts used by PROSE to infer the user preferences from

user examples are provided in Appendix Figure for the PLUME environment.
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System Prompt

You are an experienced writer. Adapt your writing to heavily emphasize the provided preferences.

You have the following preferences: <preference_description>

Using these preferences, write a short { summary | email} about {this |these} {article |
notes}:

[START OF {ARTICLE | NOTES}]
<task_content>
[END OF {ARTICLE | NOTES}]

Encapsulate the { summary | email} in triple quotes

1311313

<{summary | email}>

999999

Figure D.4: LLM prompts for the preference-conditioned agent and for task completion on the PLUME’s
summarization and e-mail writing tasks. The system prompt is prepended to the user prompt following the
LLM’s chat template. “{...|...}"” means that of the two options is selected based on the task and “<. . .>”
indicates that the text is formatted from a variable. inferred_preference_i refers to one of the inferred
user preferences.
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System Prompt

A user is completing writing tasks. The user has an underlying set of preferences that explains why
they write the way they do.

Aggregation Task

We are tasked to curate a prompt to guide a specific style of writing. We currently have the
following list of preferences related to writing styles:

[<preference_description,..., <inferred_preference_[>]

Unfortunately, these preferences may overlap or contain redundancies. Please review the list
and condense it by combining similar or overlapping preferences, ensuring that the distinct
intent behind each one remains clear so that a writer can easily follow them. Ensure the
condensed list is concise, non-redundant, and preserves the original level of specificity. When
applicable, preserve the exact wording. Return the revised preferences in the same format as
the original list.

.

J

Figure D.5: LLM prompts for preference inference on PLUME’s summarization and e-mail writing tasks.
The system prompt is prepended to each user prompt following the LLM’s chat template. “{...|...}”” means
that of the two options is selected based on the task and “<. . . >" indicates that the text is formatted from a
variable. user_output refers to how the user completes the task, assistant_output how the assistant
completes the task, and inferred_preference_i to one of the inferred user preferences. Continued on
next page.
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Inference Task

We received a new task. The task is to {summarize |write an email about} the following:
<article | notes>

We have previously identified the following preferences: <preference description>
Based on these preferences, we wrote this { summary | email}:
<assistant_output>

However, this differs from the user’s {summary | email}. The user wrote this {summary |
email}:
<user_output>

Refine the list of preferences by adding, removing, or updating preferences in order to better imitate
the user.

While refining the preference set, you should:

- Identify and reason about differences between our writing and the user’s writing.

- Consider writing traits from distinct quirks to broader stylistic tendencies.

- Provide a concise set of preferences in the imperative form.

- Be precise; make the fewest possible changes to the preference set.

- Do not qualify, dilute, or soften existing preferences.

- Refine only the preferences if a clear difference exists. Otherwise, preserve the current preferences.

Provide a concise set of specific preferences in the imperative form. After reasoning, , output the
refined set of preferences on a single new line and prefaced with “Preferences:”.

\.

J

Figure D.5: LLM prompts for preference inference on the PLUME’s summarization and e-mail writing

tasks. The system prompt is prepended to each user prompt following the LLM’s chat template. “{...|...}

ER]

means that of the two options is selected based on the task and “<. . .>" indicates that the text is formatted
from a variable. user_output refers to how the user completes the task, assistant_output how the

assistant completes the task, and inferred preference_i to one of the inferred user preferences.
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Preference Breakdown Task

You inferred the following preference string:
<inferred._preference_description>

Format this preference into a concise set of preferences. Format the final set of preferences as
a JSON list on a single line and prefaced with Preferences:”. Each element in the JSON list
should be a string.The final output should look like:

Preferences: [<preference 1>,..., <preference i>, ...]

Consistency Verification Task

Validate the following preference: “<inferred preference_i>" against the following
writing:

<user_output>

Does the writing confirm or contradict the preference? Select one of the following: strongly
confirms the preference, somewhat confirms the preference, is neutral toward the preference,
somewhat contradicts the preference, strongly contradicts the preference. Your final decision
should be output on a separate line prefaced with “Verdict:”.

Figure D.5: LLM prompts for preference inference on the PLUME’s summarization and e-mail writing
tasks. The system prompt is prepended to each user prompt following the LLM’s chat template. “{...|...}"”
means that of the two options is selected based on the task and “<. . .>” indicates that the text is formatted
from a variable. user_output refers to how the user completes the task, assistant_output how the
assistant completes the task, and inferred_preference_i to one of the inferred user preferences.
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D.6.2 Synthetic Human Prompts
The prompts used to have GPT-40 play the role of our synthetic human for PROSE are given in

Appendix Figure The “human” is instructed to complete the task in the same way as the preference-

conditioned agent when completing the writing tasks (see Appendix Figure [D.4)).
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System Prompt

You are an experienced writer. Adapt your writing to heavily emphasize the provided preferences.

You have the following preferences: <ground_truth preference_description>

Using these preferences, write a short { summary | email} about {this | these} {article |
notes}:

[START OF {ARTICLE | NOTES}]
<task_content>
[END OF {ARTICLE | NOTES}]

Encapsulate the {summary | email} in triple quotes

1311313

<{summary | email}>

999999

Figure D.6: LLM prompts for the synthetic human on the PLUME’s summarization and e-mail writing
tasks. The system prompt is prepended to the user prompt following the LLM’s chat template. “{...|...}"
means that of the two options is selected based on the task and “<. . .>” indicates that the text is formatted
from a variable. inferred_preference_i refers to one of the inferred user preferences.
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D.6.3  Preference-Conditioned Agent Baseline Prompts
The prompts used in the no-preference baseline are in Appendix Figure [D.7] and for the in-context

learning baseline are in Appendix Figure|[D.8] For the in-context learning baseline, the number of exam-

ples [ matches the number of examples used when coalescing prevoiusly inferred prompts (see Appendix
Figure[D.5).
System Prompt

You are an experienced writer.

Write a short {summary | email} about {this | these} {article|notes}:

[START OF {ARTICLE | NOTES}]
<task_content>
[END OF {ARTICLE | NOTES}]

Figure D.7: LLM prompts for the no preference baseline in the PLUME environment. The system prompt
is prepended to the user prompt following the LLM’s chat template. “<. . .>" indicates that the text is
formatted from a variable. task_content refers to the content of either the article to be summarized or the
notes to include in the email, depending on the sub-task.
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System Prompt

You are an experienced writer. Adapt your writing to heavily emphasize the provided preferences.

User Prompt

You have previously observed the following examples:

Example 0:

{Article |Notes}:

[START OF {ARTICLE | NOTES}]
<task_content>

[END OF {ARTICLE | NOTES}]

{Article |Notes}:

ceeeee

<completion_0>

999933

Example {:

{Article |Notes}:

[START OF {ARTICLE | NOTES}]
<task_content>

[END OF {ARTICLE | NOTES}]

{Article |Notes}:

ceeeee

<completion.>

999933

Using the same style as these examples, write a short { summary | email} about {this |these} {article |notes}:

[START OF {ARTICLE | NOTES}]
<task_content>
[END OF {ARTICLE | NOTES}]

Encapsulate the {summary | email} in triple quotes

ceeeee

<{summary | email}>

999933

\. J

Figure D.8: LLM prompts for the in-context learning baseline in the PLUME environment. The system
prompt is prepended to the user prompt following the LLM’s chat template. “<. . .>” indicates that the text
is formatted from a variable, and complet ion_{ refers to an example completion provided for in-context
learning. task_content refers to the content of either the article to be summarized or the notes to include
in the email, depending on the sub-task.
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D.6.4 Qualitative Verification Consistency Examples
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Preference components after refinement

Most relevant true preference OR Notes

Write in a whimsical, playful, and narrative style using vivid and
childlike imagery

Maintain a hopeful, conversational, and informal tone

Focus on the sequence of events with explicitly numbered steps
labeled as ’first,” next,” "then,” ’after that,” and ’finally’

Use simple and metaphorical language for emotional aspects
Inelude personal-details-about-characters

Use ampersands for conjunctions

Conclude with a practical reminder or lesson emphasizing support
and teamwork

Write in the style of a children’s book

Write in the style of a children’s book
Opvertit to a specific example

Adopt a step-by-step structure

Include a simile
Overfit to a specific example
(&)
Write in the style of a children’s book

Use ampersands instead of ‘‘and’’s

Use shetorical.auests —

Capitalize key traits/actions for emphasis

Use third-person perspective

Use emojis strategically

Use informal and playful language

Use hashtags to encapsulate themes

Use direct questions

Focus on emotional impact and highlight key themes

Highlight internal conflict

Discarded because they were used more than sparingly
Use ALLCAPS to emphasize certain words
Adopt

Write

a third-person narrative
in the style of a tweet
Write

Write

in the style of a tweet

in the style of a tweet

Irrelevant

Include rhetorical questions

Irrelevant

Incorrect, but related to the content of many chat forum posts

Incorrect, but related to the content of many chat forum posts

use direct address with a casual and contemporary tone

include character interactions with informal dialogue and consis-
tent thyming couplets

employ a simplified screenplay format focusing on dialogue and
voiceover

incorporate slang and playful language
highlight excitement and stakes dynamically

use thematic transitions between sections

el ‘c oraf it

Include modern slang

Adopt a rhyming structure

write in the style of a screenplay

Include modern slang
Loosely related to screenplay
Write in the style of a screenplay

Overtit to a specific example

Table D.9: Qualitative examples of Verification. Strikethreugh indicates the preference component was
pruned. Verification successfully removes overfit of irrelevant preferences. On occasion, it discards relevant,
but misqualified components.
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D.6.5 Qualitative Iterative Refinement Examples
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Refinement step  Inferred preference descriptions
True preferences  adopt a third person narrative, include rhetorical questions, use ALLCAPS to emphasize certain

words, write in the style of a tweet

1 Use rhetorical questions, capitalize for emphasis, be concise, include symbols or emojis,
focus on emotional impact.

2 Use rhetorical questions, capitalize for emphasis, be concise, include symbols or emojis, focus
on emotional impact, use hashtags, use symbols for brevity.

3 Use rhetorical questions strategically, capitalize for emphasis, be concise, limit symbols or
emojis, focus on emotional impact, use 1-2 hashtags, use symbols for brevity.

4 Use rhetorical questions strategically, capitalize for emphasis, be concise, limit symbols, focus on
emotional impact, use 1-2 hashtags, use symbols for brevity, incorporate emojis for emphasis.

5 Use rhetorical questions strategically, capitalize for emphasis, be concise, use ”’&’’ for brevity,
focus on emotional impact, use 1-2 hashtags, use fewer emojis for emphasis, highlight key
themes.

True preferences  adopt a question-answering style structure, include personifications, use archaic language, write

in the style of a podcast
1 Use a poetic and narrative style with vivid imagery and metaphor; employ archaic language

and a conversational tone; structure writing like a narrative or script; directly address the

audience to enhance engagement.
2 Use a podcast or broadcast format with vivid storytelling imagery and metaphor; employ

slightly modern archaic language and a conversational tone; structure writing as a continuous

narrative; directly address the audience to enhance engagement.
3 Use a podcast or broadcast format with named episodes; employ consistently archaic language

with varied vocabulary; use thematic and specific metaphors; enhance audience engagement
with direct questions and conversational elements; structure writing with a clear narrative

arc and defined sections.
4 Use a podcast or broadcast format with creatively thematic episode titles; employ consistently

archaic and poetic language with varied vocabulary; use vivid and personified metaphors;
enhance audience engagement with rhetorical style and subtle questions; structure writing

with a clear narrative arc and poetic conclusions.
5 Use a podcast or broadcast format with creatively thematic episode titles evoking transformation

and mystery; employ consistently archaic language throughout; use vivid and personified
metaphors; enhance audience engagement with frequent rhetorical questions; structure writing

with a clear narrative arc and conclude with harmony and enlightenment.
True preferences  adopt a second person narrative, include onomatopoeias, use imagery, write in the style of old

timey radio

1 Use vivid imagery and metaphor, adopt a narrative style, address the reader directly, and
create an immersive experience.

2 Use vivid imagery and metaphor, adopt a narrative style, address the reader directly with a
conversational and auditory tone, create an immersive and nostalgic experience.

3 Use vivid imagery and metaphor, adopt a narrative style, address the reader directly with a

conversational and auditory tone, create an immersive experience with a focus on auditory

imagery and live storytelling.
4 Use vivid auditory imagery and metaphor, adopt a narrative style reminiscent of a radio broad-

cast, address the reader directly with a conversational and auditory tone, create an immersive

experience with a focus on auditory storytelling.
5 Use vivid auditory imagery and metaphor with a nostalgic and whimsical tone, adopt a narrative

style reminiscent of a classic radio broadcast, address the reader directly with a conversational
and auditory tone, create an immersive experience with a focus on auditory storytelling.

Table D.10: Qualitative examples of Iterative Refinement. Bold indicates modifications performed by the
refinement step. Note: the true preferences are for reference only, the initial refinement step is conditioned on
an empty preference description.
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