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Large multimodal models have become central for solving sequential decision-making

tasks, enabling improved learning in diverse areas such as home robotics and automated

software development. However, leveraging these models for sequential decision-making

requires robust action reasoning capabilities, which remain a significant challenge. This

dissertation improves and evaluates action reasoning in large multimodal models. First, we

introduce a method to improve the parsing of instructional texts into action sequences by

integrating external symbolic planners and planning domains during autoregressive language

model decoding. Next, we develop a method that leverages the compositional structure

of language instructions to improve generalization and sample efficiency of acquiring new

tasks with reinforcement learning. We also construct a new benchmark to evaluate the

understanding of dependencies between actions described in instructional texts. Finally, we

evaluate the world modeling limitations of frontier models through multimodal entity state

tracking. Current models struggle to reason about the effects of actions in multimodal entity

state tracking tasks. We extend entity state tracking evaluations to a simulated embodied

environment and derive insights for improving the entity-state reasoning abilities of language

and vision-language models. Together these contributions enhance the understanding of how

models reason about actions and provide insights toward their improvement for real-world

sequential decision-making problems.
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Chapter 1: Introduction

The ability to reason about actions has been a longstanding challenge for building

artificial intelligence systems that interact with the world (McCarthy, 1959; Sampat et al.,

2022; Georgeff, 1987; Ginsberg and Smith, 1988). Action reasoning involves understanding

how actions change environment states, what constraints govern their valid execution, and

how actions relate to each other and the goals of sequential decision-making tasks. This

capability is critical for decision-making agents, as it enables them to plan and act effectively

even in unseen scenarios.

A large portion of important AI applications can be modeled using the sequential

decision-making framework. At each step in a sequence, the agent observes the state of the

environment, takes an action, and the environment transitions to a new state. The agent

continues to take actions until a problem-dependent termination criterion is met. The goal

of the agent is to produce a sequence of actions which maximizes some utility defined by

the domain. Progress in solving these tasks has accelerated in recent years; a key driver

is the integration of large multimodal models (LMMs) as pretrained representations for

decision-making agents (Yang et al., 2023; Cohen et al., 2024). These pretrained models

allow for more sample-efficient learning and improved generalization, and their abilities

are largely the product of training on web-scale corpora spanning diverse tasks, domains,

and modalities. In many sequential decision-making tasks, goals are specified using natural

language commands, and so the ability to reason about actions that derive from natural

language inputs is particularly important for practical decision-making agents.

In this dissertation, we seek to answer the following question: How can the action

reasoning abilities of large multimodal models be improved and evaluated to advance
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sequential decision making? We address this question from two complementary perspectives.

First, we develop methods that improve action reasoning by integrating external knowledge

and compositional structure into pretrained models, and by reinforcement learning reasoning

training (Chapters 3, 4, and 6 respectively). Second, we develop benchmarks that rigorously

evaluate the action reasoning abilities of frontier models, revealing both strengths and

significant limitations (Chapters 5 and 6).

1.1 Motivation
1.1.1 Improving Action Reasoning

A natural approach to improving action reasoning is to leverage the vast knowledge

encoded in large language models. However, using LLMs for action reasoning in sequential

decision-making presents two key challenges.

The first challenge concerns executability constraints. When parsing natural language

instructions to formal action sequences, the resulting plans must respect the preconditions

and effects defined by the environment. Pretrained language models, even when prompted

with in-context examples, do not inherently enforce these constraints and may generate

action sequences that are semantically plausible but physically inexecutable. A model might,

for instance, instruct an agent to “slice the tomato” before “picking up the knife.” We

address this challenge in Chapter 3 by augmenting pretrained models with external symbolic

planning knowledge, enabling them to generate action sequences that are both semantically

faithful to the input instructions and executable in the target environment.

The second challenge concerns sample efficiency and compositional generalization.

When goals are specified using language, the space of possible instructions grows combinato-

rially with the vocabulary of concepts. Training a separate policy for each possible instruction

is infeasible. We address this challenge in Chapter 4 by exploiting the shared compositional
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structure of language and actions. We represent task policies as logical compositions of

reusable skill components implemented as value functions, enabling zero-shot generalization

to novel compositions of tasks and substantially improved sample efficiency.

1.1.2 Evaluating Action Reasoning

While the methods above improve action reasoning, it is equally important to

understand the limitations of current models. Do frontier models truly understand the causal

and temporal relationships between actions? Can they track how actions change the state of

entities across modalities?

The first evaluation challenge concerns action dependencies. Actions in sequential

tasks are not independent. They have preconditions that must be satisfied and effects that

enable subsequent steps. Understanding these dependencies is critical for plan execution,

yet there has been no work specifically focused on evaluating whether LLMs can reason

about and explain dependencies between actions in instructional texts. We address this gap

in Chapter 5 by developing CaT-Bench, a benchmark that evaluates causal and temporal

dependency reasoning in plans. Our findings reveal that even frontier models struggle with

this form of reasoning, in many cases performing no better than random chance.

The second evaluation challenge concerns multimodal entity state tracking. Real-

world agents must reason about how actions change entity states across modalities, not just

text. A robot observing a kitchen must integrate visual observations of actions (e.g., seeing

a pot being placed on a stove) with textual state representations (e.g. user instructions) to

maintain a coherent world model. We address this in Chapter 6 by developing MET-Bench, a

multimodal benchmark that evaluates entity state tracking across text and image modalities,

and by investigating whether reinforcement learning can improve these abilities.
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1.2 Contributions and Dissertation Outline

Chapter 2 covers relevant background on sequential decision making, symbolic

planning, large multimodal models, and related work on action reasoning.

Chapters 3 through 6 cover the core technical contributions of this dissertation:

• Chapter 3: Using Planning to Improve Semantic Parsing of Instructional Texts. Pre-

sented at the Workshop on Natural Language Reasoning and Structured Explanations

(NLRSE), Association for Computational Linguistics (ACL) 2023.

– We propose a method for parsing long-form instructional texts to executable

formal action sequences by augmenting in-context learning with external symbolic

planners and planning domain definitions.

– We introduce a planning-augmented decoding procedure that ranks candidate

parses using planning domain knowledge and corrects plans to enforce executabil-

ity constraints while preserving semantic fidelity to the input instructions.

– We demonstrate substantial improvements in executability and plan quality on

two recipe semantic-parsing datasets.

• Chapter 4: Compositional Instruction Following with Language Models and Rein-

forcement Learning. Presented at the Reinforcement Learning Conference (RLC)

2025. Published in Transactions on Machine Learning Research (TMLR) 2024.

– We introduce CERLLA, a method in which policy representations for language-

conditioned RL tasks are composed from conjunctions, disjunctions, and nega-

tions of pretrained compositional value functions.

– We demonstrate a novel semantic parsing method using in-context learning with

feedback from environment rollouts.
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– We solve 162 unique tasks simultaneously in an augmented MiniGrid-BabyAI do-

main, at the time the largest collection of simultaneously learned vision-language-

RL tasks, and demonstrate substantial improvements in sample efficiency over

non-compositional baselines.

• Chapter 5: CaT-Bench: Benchmarking Language Model Understanding of Causal

and Temporal Dependencies in Plans. Presented at the Conference on Empirical

Methods in Natural Language Processing (EMNLP) 2024.

– We introduce CaT-Bench, a question-driven evaluation framework for assessing

whether LLMs can reason about causal and temporal dependencies between

actions in instructional texts.

– We curate a dataset of step-pair dependency annotations for cooking recipes

and develop question templates that probe different types of step-dependence

relationships.

– We show that frontier models lack the ability to robustly reason about action

dependencies, and in many cases perform no better than random chance.

• Chapter 6: MET-Bench: Multimodal Entity Tracking for Evaluating the Limitations

of Vision-Language and Reasoning Models. Presented at the International Conference

on Machine Learning (ICML) 2026.

– We introduce MET-Bench, a multimodal entity tracking benchmark that extends

entity state tracking evaluation from text-only settings to multimodal domains

with images and text.

– We evaluate frontier vision-language models on Chess, Shell Game, and Minecraft

tasks, revealing significant performance gaps, particularly when actions are
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conveyed through images rather than text, and demonstrating that even strong

models fail to maintain coherent entity representations under visual state updates.

We show these limitations primarily stem from deficits in visual reasoning rather

than perception.

– We investigate whether Group Relative Policy Optimization (GRPO) can improve

entity state tracking in open-source models, and find that while GRPO improves

in-domain performance, achieving robust cross-modal transfer remains an open

challenge.

Finally, Chapter 7 contains future work and Chapter 8 includes concluding remarks

that summarize the contributions of this dissertation.
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Chapter 2: Background and Related Work

We review background information on reinforcement learning and sequential decision

making, symbolic planning, and large multimodal models. We then introduce related work

on our methods for reasoning about actions.

2.1 Sequential Decision Making

Many important artificial intelligence problems can be formulated in the sequential

decision making framework. At each step in a sequence, the agent model receives an

observation representing the state of the environment and decides on what action to take.

The action affects a transition in the state of the environment and the cycle repeats until

a problem-dependent termination criterion is met. The goal of the agent is to produce a

sequence of actions which maximizes some utility defined by the domain.

In this dissertation, we consider two standard frameworks for deciding what actions

the agent should take to maximize utility and thus solve sequential decision-making tasks:

symbolic task planning and reinforcement learning.

2.1.1 Symbolic Task Planning

A task planning domain defines an environment, actions that modify the environment,

and a transition function specifying the effect of actions on the environment (Ghallab et al.,

2016). The environment state is composed of a collection of Boolean values defining

the existence and state of objects and planning actions are implemented as STRIPS-style

operators (Fikes and Nilsson, 1971). Each action has logical preconditions that must be

satisfied for its execution. An action is said to be executable if its preconditions are met.
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For any state, the afforded or executable actions are all actions with satisfied preconditions.

Upon execution the action changes the values of the variables which define the environment.

A planning task is specified by an initial state and goal conditions, in a planning language

like PDDL (Fox and Long, 2003). The resulting plan (if it exists) comprises a sequence of

actions that can be taken to reach a goal state satisfying those conditions. These tasks are

solved by a planner which searches for this sequence of actions using implementations like

Fast Forward and Fast Downward (Hoffmann and Nebel, 2001; Helmert, 2006).

2.1.2 Reinforcement Learning (RL)

In reinforcement learning, the agent receives a learning signal from the environment

in the form of a scalar reward at each step. It must learn to maximize the utility represented

by the temporally-discounted cumulative reward over all steps (Sutton and Barto, 2018).

RL formalizes the environment as a Markov decision process (MDP) represented as a tuple

⟨S,A, p, r, γ⟩, where S is the state space of the environment and A are the actions available

to the agent. The transition function p(s′|s, a) specifies the probability of the environment

entering state s′ after action a in state s. The learning signal is provided by the reward

function r(s, a), which is the reward for executing a in s. γ ∈ [0, 1) is the temporal discount

factor, which ensures the infinite-horizon sum of rewards remains finite.

Acting in an MDP: There are two primary approaches to solving an MDP. The first is to

learn an optimal policy π∗ : S → A that directly maps states to actions. The optimal policy

π∗ is that which obtains the greatest expected return at each state: V π∗
(s) = maxπ V

π(s) for

all s ∈ S, where the value function of policy π is given by V π(s) = Eπ [
∑∞

t=0 γ
t r(st, at)]

and represents the expected return after executing π from s. The second approach is to learn

an optimal value function and derive a policy from these value estimates. Closely related to
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the state-value function is the action-value function, Qπ(s, a), which represents the expected

return obtained by executing a from s, and thereafter following π. The optimal action-value

function is given by Q∗(s, a) = maxπ Q
π(s, a) for all (s, a) ∈ S × A. Given the optimal

action-value function, an optimal policy can be recovered by acting greedily with respect to

it: π∗(s) = argmaxa Q
∗(s, a).

2.1.3 Compositional Action Representations

Many tasks have underlying compositional structure: each task can be represented

by its component subtasks and how these subtasks are combined (Szabó, 2020). Learning

representations which match this compositional structure enables better generalization and

more sample efficient learning (Andreas et al., 2016; Hu et al., 2018). In MDPs, high-level

actions can be implemented as low-level policies (Sutton et al., 1999). These low-level

policies can be implemented as compositional value functions (Todorov, 2007; Van Niekerk

et al., 2019; Haarnoja et al., 2018; Hunt et al., 2019) which enable the representation of

high-level actions as the composition of low-level value functions. Nangue Tasse et al.

(2020) extend these to provably zero-shot optimal compositions for logical operators in

stochastic shortest path problems. BabyAI (Chevalier-Boisvert et al., 2019) provides a large

number of language-RL tasks suitable for evaluating compositional action representations.

Another compositional RL benchmark, CompoSuite (Mendez et al., 2022), does not include

language and has fewer unique goal conditions. Kuo et al. (2021) demonstrate compositional

representations for policies, but depend on a pre-trained parser and demonstrations.

Recent works like SayCan use language models and pretrained language-conditioned

value functions to solve language-specified tasks using few-shot and zero-shot learning (Ahn

et al., 2023). Shridhar et al. (2021a) use pretrained image-text representations to perform

robotic pick-and-place tasks. Other work incorporates learning from demonstration and
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language with large-scale pretraining to solve robotics tasks (Driess et al., 2023; Brohan

et al., 2022). However, these works use learning from demonstration as opposed to RL,

do not support negations of pre-trained value functions, and are unsuitable for continual

learning settings where both RL value functions and language embeddings are improved

over time. Schick et al. (2023) use an LLM to learn a semantic parser in a weakly supervised

setting.

2.1.4 RL for Reasoning

Recent work demonstrates the effectiveness of reinforcement learning for improving

reasoning capabilities in language models (Lambert et al., 2024). DeepSeek-R1 (DeepSeek-

AI et al., 2025) shows that RL training with verifiable rewards can significantly enhance

mathematical and logical reasoning with Group Relative Policy Optimization (GRPO) (Shao

et al., 2024). This policy-gradient method samples a group of rollouts for the same prompt

and computes each rollout’s advantage relative to the group’s reward distribution, avoiding

the need for a separate value model. We apply GRPO to multimodal entity tracking in

Chapter 6.

2.2 Large Multimodal Models (LMMs)

Many recent advances in artificial intelligence have been enabled by training

transformer-based models with large parameter counts (Vaswani et al., 2017) on data scraped

from the internet (Radford et al., 2018; Devlin et al., 2019). These models learn general

purpose representations that are capable of solving diverse tasks across domains, even for

domains and tasks that are not explicitly represented in the training data (Radford et al., 2019).

Recent work has extended these text-based models to multimodal data which may combine

images, text, audio, video, and actions from sequential decision-making environments,
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among other modalities (Li et al., 2023a).

2.2.1 In-Context Learning

In-context learning allows pretrained models to perform tasks with a small number

of input-output pairs (Brown et al., 2020b). These examples are provided to condition the

language model to produce more performant outputs. Typically these examples are drawn

from the training split of a dataset and prepended to a test example to condition further

autoregressive generation.

2.3 Action Reasoning

Reasoning about actions is fundamental to artificial intelligence systems that interact

with and transform their environments. This involves understanding how actions change

environment states, what constraints govern their valid execution, and how actions relate to

each other and goals in sequential decision-making tasks. We focus on techniques which

utilize large multimodal models to implement these types of reasoning.

2.3.1 Mapping Language Instructions to Actions

There are a variety of techniques for learning a mapping from instructional texts to

symbolic action representations suitable for sequential decision-making tasks. These include

supervised machine translation (Wong and Mooney, 2006), reinforcement learning-based

methods (Branavan et al., 2009, 2010), deep-learning methods (Papadopoulos et al., 2022),

and recent few-shot semantic parsing (Shin et al., 2021; Shin and Van Durme, 2021; Chen

et al., 2021), among others (Cohen et al., 2024). Other recent work uses few-shot learning

and large language models to map single commands (Huang et al., 2022; Anderson et al.,

2018; Blukis et al., 2020; Chaplot et al., 2018) and short sequences of commands (Ahn et al.,
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2023) to actions. However, these works lack explicit compositionality and thus struggle to

generalize to novel commands. These methods also lack guarantees about the executability

of generated action sequences. Other approaches leverage compositionality by mapping to a

compositional symbolic representation and then planning over the symbols (Dzifcak et al.,

2009; Williams et al., 2018; Gopalan et al., 2018); however, these methods do not learn the

semantics of these symbols. Our work goes beyond these limitations by incorporating external

symbolic planning domains into the instruction-action mapping function to simultaneously

optimize the executability, and separately, by leveraging compositional high-level actions to

enable systematic generalization to novel instructions.

2.3.2 Understanding Action Dependencies and Effects

Early work in text understanding argued for the importance of understanding plans

and goals (Schank and Abelson, 1977a). Generating plans involves different types of

understanding such as temporal reasoning and entity state tracking. NaturalPlan (Zheng

et al., 2024) presents real-world tasks with natural language interaction, but is limited to

three tasks. PlanBench (Valmeekam et al., 2023) showed that LLMs were unable to generate

executable and effective plans, but focused on simulated worlds with restrictive PDDL syntax.

Prior work proposed the Goal-Oriented Script Construction task, where a model produces

a sequence of steps (or a plan) to accomplish a given goal. ChattyChef (Le et al., 2023)

uses the conversational setting to generate cooking instructions and iteratively refine its step

ordering. CoPlan (Brahman et al., 2023) collects conditions associated with a revised list of

steps for the task of plan revision to satisfy constraints. Other work studies the use of LLMs

for plan customization according to user requirements. LLMs have been shown to generate

plans well but it is unclear how well they truly understand all aspects of these plans.

Plan understanding tasks involve multiple aspects such as tracking entity states
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(Bosselut et al., 2018; Henaff et al., 2017), linking actions (Pareti et al., 2014), next event

prediction, and more. OpenPI (Tandon et al., 2020) enables entity tracking in how-to

procedures. ProPara (Dalvi et al., 2018) focuses on describing and understanding scientific

processes. XPAD (Dalvi et al., 2019) extends ProPara by adding the task of explaining

actions by predicting their dependencies. Other work formalizes multiple-choice tasks

related to step- and goal-relations in procedures. Kiddon et al. (2015) explore predicting

dependencies in cooking recipes and related tasks. Similar work has been done on identifying

dependencies in multimodal instructions with images and text (Pan et al., 2020; Wu et al.,

2024). PizzaCommonsense (Diallo et al., 2024) is a dataset for learning commonsense about

intermediate and implicit steps for cooking recipes, and contains explicit input/output pairs

of each action with fine-grained annotations. Choice-75 (Hou et al., 2023) aims to study

decision branching in plans by generating user scenarios and choices for various steps within

the plan. CREPE (Zhang et al., 2023) measures how well LLMs understand the comparative

likelihood of two events occurring in a procedure. There are a variety of datasets evaluating

different aspects of plans, but there is a lack of one that clearly studies the prediction and

explanation of temporal ordering constraints on the steps of an instructional plan.

2.3.3 Multimodal Entity Tracking

Various works have directly and indirectly studied entity state tracking, including

in multimodal settings. MET-Bench differs from these by studying parallel multimodal

entity state tracking tasks in text and image, allowing for analysis of the unique challenges of

tracking entities over analogous tasks in both modalities.

Textual State Tracking Entity tracking has been extensively studied in textual domains,

with a focus on probing and improving LLMs’ abilities to maintain representations of entity
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states. Toshniwal et al. (2022) evaluate chess as an entity tracking domain, employing

finetuned models (Radford et al., 2019) to assess performance. Kim and Schuster (2023)

examine the impact of model size and finetuning on entity tracking in textual settings similar

to our Shell Game domain. Tandon et al. (2020) construct a benchmark for understanding

entity state changes in procedural texts.

Several studies explore the implicit representations of entity states in LLMs. Li et al.

(2025a) employ interpretability methods to understand how LLMs implement entity tracking.

Li et al. (2021) and Long et al. (2016) use semantic probing to reveal that Transformer-based

models (Vaswani et al., 2017) capture entity state representations implicitly during textual

reasoning. Building on this, Prakash et al. (2024) demonstrate that finetuning language

models for entity tracking tasks enhances pre-existing internal mechanisms rather than

learning entirely new representations. Li et al. (2023b) find that Transformers trained on

Othello games form internal representations of the game state.

Efforts to improve textual entity tracking beyond domain-specific finetuning include

Fagnou et al. (2024), which establishes theoretical limitations of the Transformer architecture

in tracking entities. They propose a novel attention mechanism for entity tracking in

Transformers. Gupta and Durrett (2019) train small Transformer-based models for tracking

entity state in instructional texts. Kim et al. (2024) investigate how code pretraining improves

language models’ abilities to track entities in text, while Yoneda et al. (2024) introduce Statler,

a prompting method designed to maintain accurate state representations in text-based robotics

planning. Concurrent work uses RL for text-state prediction for single-step transitions (Yu

et al., 2026); our work uses RL to train multi-step entity state tracking from images and text.

Multimodal Procedure Understanding Multimodal procedure understanding evaluates

the ability of models to properly sequence images depicting recipe states (Shirai et al., 2022)
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or to localize or describe object states (Nguyen et al., 2024; Xue et al., 2024). In contrast,

MET-Bench requires tracking state through sequential updates from actions specified in

parallel text and image modalities.

World Modeling Evaluation World modeling evaluations focus on video generation (He

et al., 2025; Li et al., 2025b) and prediction tasks (Gao et al., 2025; Bordes et al., 2025) that

lack the combination of parallel modalities, sequential tracking, and scalable difficulty in

MET-Bench.

Tracking and Segmentation Natural language and vision tracking and segmentation

benchmarks evaluate spatial acuity in bounding box placement and pixel-level segmentation

of objects and entities (Wang et al., 2021; Feng et al., 2023; Carion et al., 2025). MET-Bench

is a complementary task that requires predicting the world state after visual action sequences.

The Chess and Shell Game domains involve trivial localization of the relevant entities, yet

models fail to reason about sequential visual state updates.
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Chapter 3: Using Planning to Improve Semantic Parsing of
Instructional Texts

Presented at the Workshop on Natural Language Reasoning and Structured Explanations

(NLRSE), Association for Computational Linguistics (ACL) 2023.

3.1 Introduction

Action reasoning in sequential decision-making requires that generated action

sequences respect the preconditions and effects that govern valid execution. When a

pretrained language model parses natural language instructions into a formal plan, it may

produce an ordering that is semantically plausible but physically inexecutable: an action

whose preconditions have not yet been satisfied cannot be carried out, regardless of how

fluent the parse appears. Instructional texts such as recipes make this failure mode concrete

and frequent. This chapter addresses it by integrating external symbolic planning knowledge

into LLM-based semantic parsing, so that generated action sequences satisfy the executability

constraints of the target planning domain while remaining faithful to the input text. The

reliance on an explicit planning domain distinguishes this work from the chapters that follow:

Chapter 5 evaluates whether frontier models can reason about action dependencies without

external planning information. In Cohen and Mooney (2023), we propose a planning-

augmented semantic parsing method for mapping long-form instructional texts to formal

action sequences and validate it on two recipe datasets (Bollini et al., 2013; Tasse and Smith,

2008).
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3.2 Approach

Building on work from Shin et al. (2021), we investigate semantic parsing in the

few-shot setting using OpenAI’s Codex language and code LLM (Chen et al., 2021; Shin

and Van Durme, 2021). Learning occurs in-context, by prompting the LLM with a few

input-output task examples.

To address the highlighted challenges with long instructional-text parsing, we propose

Planning-Augmented Semantic Parsing. Our method leverages a formal symbolic planning

representation to rank and correct candidate plans. Plans are corrected by searching for

sequences of actions that satisfy the preconditions of all output actions. Ranking selects

plans which best meet the domain’s planning and syntactic constraints by ranking plans

highly if they have fewer inadmissible actions, require fewer additional actions to correct, and

have fewer steps with invalid syntax. After ranking, planning errors are fixed using symbolic

planning methods. The result is an effective neuro-symbolic approach that combines the

strengths of deep-learned LLMs and classical AI planning.

We use Davinci Codex (Chen et al., 2021) based on the GPT-3 architecture (Brown

et al., 2020b). Like GPT-3, the model was trained on a large web-sourced text corpus, but

also includes code in the dataset. While OpenAI does not publish the sizes of the Codex

models available through their API, Gao (2021) empirically estimates the size of text-only

Davinci at 175B parameters.

3.2.1 Datasets

We evaluate our method on two recipe semantic parsing datasets Tasse and Smith

(2008) and Bollini et al. (2013). Tasse and Smith (2008) contains 260 recipes with

corresponding semantic parses in the Minimal Instruction Language for the Kitchen (MILK)

syntax. Each statement in the language corresponds to a plan step with an action and
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arguments. Some plan steps produce new variables (ingredients or tools) which are

consumed by subsequent steps. The recipes in this dataset cover a wide range of cuisines,

ingredients, techniques, and tools. Each step also contains an optional human-readable

description of the step. The 60 recipes of Bollini et al. (2013) were selected to be executed

by a cooking robot. The recipes are mainly limited to baking and contain a small fixed set

of tools and actions. This dataset also contains planning domain definitions in the form of

STRIPS-style operator actions (Fikes and Nilsson, 1971).

3.2.2 Planning Domains

Bollini et al. (2013) contains planning domain definitions that specify the state of

the kitchen, ingredients, and tools used in each recipe. These were developed to facilitate

recipe execution on a real-world cooking robot. The Tasse and Smith (2008) dataset does

not provide planning definitions. We construct planning definitions where the existence of

ingredients and tools are the only predicates and transitions in the environment involve either

creating or destroying these objects. Actions are considered valid if their objects have been

instantiated by prior steps; otherwise, their preconditions are considered unsatisfied.
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Tasse and Smith (2008)
A Very Intense Fruit Smoothie

1 (10 ounce) package frozen mixed
berries
1 (15 ounce) can sliced peaches, drained
2 tablespoons honey
In a blender, combine frozen fruit,
canned fruit and honey.
Blend until smooth.

create_ing(“1 (10 ounce) package frozen
mixed berries”)
create_ing(“1 (15 ounce) can sliced
peaches, drained”)
create_ing(“2 tablespoons honey”)
create_tool(“blender”)
combine({“1 (10 ounce) package frozen
mixed berries”, “1 (15 ounce) can sliced
peaches, drained”, “2 tablespoons
honey”}, “fruit and honey”, “”)
put(“fruit and honey”, “blender”)
mix(“fruit and honey”, “blender”,
“smoothie”, “blend”)
chefcheck(“smoothie”, “smooth”)

Bollini et al. (2013)
Easy Cake Mix Cookies

1 (18 1/4 ounce) box chocolate cake mix
1/3 cup vegetable oil
2 eggs
Combine cake mix, oil and eggs.
Mix well.
Bake at 350F for about 10 minutes.
Remove from oven and let cool on pan
for several minutes before removing to
rack to finish cooling.

ingredient([“cake_mix”], “1 (18 1/4
ounce) box”, homogenous=True)
ingredient([“oil”], “1/3 cup”,
homogenous=True)
ingredient([“eggs”], “2”,
homogenous=True)
pour(cake_mix), pour(oil), pour(eggs),
mix()
mix()
scrape(), preheat(350), bake(10)
noop()

Table 3.1: Example recipes from the (Tasse and Smith, 2008) and (Bollini et al., 2013)
datasets. These examples are the second shortest and shortest for each dataset respectively.
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Bollini et al. (2013)
ingredient(contains : string, amount : string, homogenous : bool)
pour(ingredient : string)
scrape()
preheat(temperature : string)
bake(time : string)
noop()

Tasse and Smith (2008)
create_tool(name : string)
create_ing(name : string)
chefcheck(name : string, description : string)
cut(item : string, tool : string, result : string, description : string)
combine(item : string, tool : string, result : string, description : string)
cook(item : string, tool : string, result : string, description : string)
do(item : string, tool : string, result : string, description : string)
leave(item : string, description : string)
mix(item : string, tool : string, result : string, description : string)
put(item : string, tool : string)
remove(item : string, tool : string)
separate(item : string, result1 : string, result2 : string, description : string)
serve(item : string, description : string)
set(item : string, description : string)

Table 3.2: Action definitions for the cooking recipe domains. The actions of Bollini et al.
(2013) operate on a world-state definition that includes the state of the ingredients, a mixing
bowl, a baking pan, and the oven. In contrast Tasse and Smith (2008) provides no planning
domain definitions and employs qualitative descriptions of state transformations in the action
annotations. We built a simple planning domain where the state consisted only of the
existence of objects as state variables. The preconditions for an action were met if the items
used in the action had been instantiated.

3.2.3 Prompt Design

To generate a plan for a test example using few-shot learning, we prompt the model

with sample recipes and parses taken from the held-out examples. Following Liu et al. (2021),

prompt examples are selected using nearest-neighbor search using the cosine similarity
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between their embeddings as computed by a text embedding model, specifically the “all-

mpnet-base-v2” model from the SentenceTransformers library (Reimers and Gurevych,

2019) based on the MPNet model (Song et al., 2020). The selection of few-shot training

examples reduces to Equation 3.1, where a is a training example, X denotes the set of

held-out examples, and E represents the recipe embedding function.

P (a) = argmax
x∈X

{cos_sim(E(x), E(a))} (3.1)

3.2.4 Planning-Augmented Decoding

Due to utilization limits of the Codex API, our method samples a fixed number

of plan completions for each recipe. For sampling next tokens, we use nucleus sampling

introduced by Holtzman et al. (2020), which offers improvements over other sampling

methods. These are then ranked using a scoring function based on the generation probability

and a planning score which factors in the number of precondition errors and syntax errors in

the plan and the sequence probability of the plan.

The planning score is calculated by combining measures of plan executability: the

number of precondition errors, syntax errors, and additional planning steps. Precondition

errors occur when a plan step’s preconditions are not satisfied. For example, when the step

references non-existent ingredients or the world state does not allow the action to occur.

Syntax errors occur when the plan contains malformed steps that cannot be parsed by the plan

interpreter. The syntax error score (SE) is the number of plan steps which contain syntax

violations. The precondition error score (PE) is the number of plan steps which cannot be

executed because their preconditions are not satisfied. Finally, (AS) is the number of steps

added to the plan by planning in order to maximize the number of plan steps with valid

preconditions. Steps with errors are counted as opposed to counting all errors in each step.
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This allows for computation of a score in the interval [0, 1] to match the sequence probability

score. In general, identifying multiple syntax errors in a given step is not possible, as the

presence of even a single syntax error may result in an undefined grammatical context.

These counts are normalized by the plan length (N ) so as not to penalize longer

plans. The natural log is taken to re-scale the planning score for addition with the sequence

log-probability, adding ϵ to avoid taking the logarithm of zero in cases where the plan

contains no errors and requires no additional steps to be valid. The planning score is added to

the mean log-probability of the token sequence representing the plan. This scoring function

results in plans with a higher sequence probability and fewer planning errors being selected.

score = ln

(
1.0− SE + PE + AS

N
+ ϵ

)
+

1

T

T∑
t=1

lnPt (3.2)

The plan that maximizes the score function is passed to a planning module. For

each inadmissible step where the preconditions are not satisfied, it searches for sequences of

admissible actions to insert into the plan, such that those actions lead to valid preconditions

for that step. To limit the search space, the planning module only searches in the space of

plans that can be inserted before an existing inadmissible plan step.

3.2.5 Correcting Plans

While the ranking procedure ensures that high probability and low-error plans will be

surfaced, these plans may still contain precondition errors. The planning domain information

and a planning algorithm together form a planning module that can attempt to correct these

precondition errors. The ranking procedure incorporates this planning module to calculate

the additional steps AS that can be inserted into a plan to fix precondition errors. These

steps are also included in the total number of steps N . Therefore, fixable plans will receive a
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Algorithm 1: The planning algorithm inserts steps before actions with unmet
preconditions.

Input: A starting state S, desired action A, transition function T , and search
depth N .

Output: The shortest sequence of actions P which ends in action A or null if
none exists.

sequences = successors(S, T, depth=N);
best = null;
for s in sequences do

if A in s then
/* truncate the plan until the action A or false if no

such prefix exists */
plan = prefix(s, A);
if plan && length(plan) < length(best) then

best = plan;
end

end
end

better planning score.

Algorithm 1 describes the procedure for finding steps to insert into a plan to ensure

that each step’s preconditions are satisfied. As input, it takes the world state after executing

some number of plan steps, and computes the sequence of actions needed to ensure the

preconditions of the next plan step A are met. The algorithm returns the shortest number

of actions required to satisfy the step’s preconditions. Aside from producing more valid

plans, this method should produce plans which correspond more closely to the ground

truth semantic parse annotations. However, because the planning module only inserts steps

into a plan before an inadmissible step, and does not change the existing steps, it cannot

necessarily fix all precondition errors in a plan. Utilizing planning and likelihood-based

decoding balances the desire for plans with valid preconditions while ensuring that plans

contain relevant steps to the recipe. These two requirements may compete in some cases. In

the simplest case, an empty plan, there are no potential precondition errors, but the plan also
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contains no relevant plan steps. In practice there exists a trade-off between plan executability

and correctness of semantic parsing as noted by (Huang et al., 2022).

3.3 Experiments
3.3.1 Baselines

We evaluate baseline and ablated versions of our methods for ranking the generated

plans: Rank (Prob), and Rank. Our full ranking method with partial planning is denoted Plan

+ Rank. Rank (Prob) selects the plan with the lowest perplexity (Prob) (the highest sequence

probability), providing a baseline where no planning domain information is utilized. Rank

ranks the plans by the scoring function in Equation 3.2, but does not correct precondition

errors through planning like Plan + Rank.

3.3.2 Metrics

Longest Common Subsequence (LCS) Prior work evaluates plan correctness in terms

of the LCS between generated and ground truth plans (Puig et al., 2018). We normalized

LCS by the length of the longer plan. LCS evaluates the textual overlap between plans;

computing common subsequences which may contain interwoven unequal sequences. It does

not strongly penalize erroneous injected subsequences. This metric ranges from [0.0, 1.0]

where 0.0 indicates no sequence overlap and 1.0 indicates identical plans.

Plan Steps F1 LCS reflects the order and content of the generated plan steps compared to

the ground truth. We also report an F1 measure (the harmonic mean of precision and recall)

that quantifies the quality of the individual plan steps without regard to their sequencing.
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Precondition and Syntax Errors (PE & SE) The previous metrics assess similarity to the

ground truth plan and do not explicitly reflect the executability of generated plans. Therefore,

we also measured the frequency of precondition and syntax errors in plans. Errors were

counted on a per-step basis. If a step contained more than one error or more than one type of

error these were quantified as a single error and type for the step.

3.3.3 Implementation

We utilize Davinci Codex1 for all experiments due to its large context size of 8,000

tokens which is sufficient for all prompts and completions across both datasets. Our method

samples ten completions up to a fixed length of 1,500 tokens or until the special delimiter

sequence is reached. The decoding length is chosen to be longer than the longest recipe parse

in either of the datasets. We generate ten completions for each recipe to offer a diversity of

plans to rank and correct through planning. We also utilize a nucleus sampling top-p value

of 0.5. This value is selected because it maximizes the performance of the baseline with

respect to LCS. We perform ten trials to compute means and confidence intervals.

The full prompt was formed by concatenating the training example instructions with

their semantic parses, and the instructions for the test example. Each component of the

prompt was separated by new line characters, and a special delimiter “###” which was also

appended to the end of the prompt. Because of the in-context learning, the model learned to

append the delimiter to the end of the generated parse, which was used to identify the end of

the model’s sequence completion.

1The OpenAI API name for the model is “code-davinci-002”.
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3.3.4 Results

Models Bollini et al. (2013)
LCS↑ PE↓ SE↓ F1 ↑

Rank (Prob)
Davinci Codex, E=1 0.897± 0.008 0.962± 0.685 0.042± 0.008 0.784± 0.004
Davinci Codex, E=5 0.949± 0.005 0.198± 0.009 0.002± 0.004 0.863± 0.003

Rank
Davinci Codex, E=1 0.901± 0.008 0.382± 0.037 0.025± 0.008 0.798± 0.002
Davinci Codex, E=5 0.952± 0.005 0.120± 0.015 0.002± 0.004 0.868± 0.002

Plan + Rank
Davinci Codex, E=1 0.903± 0.008 0.143± 0.033 0.025± 0.008 0.807± 0.002
Davinci Codex, E=5 0.952± 0.005 0.033± 0.000 0.002± 0.004 0.870± 0.002

Table 3.3: Results and ablations for the Bollini et al. (2013) dataset, reported as means
over the leave-one-out cross validation. 95% confidence intervals are computed using a
t-distribution over ten trials. Results using one (E=1) and five (E=5) training examples in
each prompt are shown. All plans are generated using a nucleus sampling top-p value of 0.5.

Models Tasse and Smith (2008)
LCS↑ PE↓ SE↓ F1 ↑

Rank (Prob)
Davinci Codex, E=1 0.692± 0.003 0.827± 0.086 0.875± 0.199 0.443± 0.002

Rank
Davinci Codex, E=1 0.695± 0.004 0.293± 0.016 0.226± 0.024 0.446± 0.001

Plan + Rank
Davinci Codex, E=1 0.695± 0.003 0.000± 0.000 0.237± 0.018 0.446± 0.001

Table 3.4: Results and ablations for the Tasse and Smith (2008) dataset, reported as means
over the leave-one-out cross validation. 95% confidence intervals are computed using a
t-distribution over ten trials. Results using one (E=1) training example in each prompt are
shown. All plans are generated using a nucleus sampling top-p value of 0.5.

We report results for the Bollini et al. (2013) dataset in Table 3.3 and the Tasse and

Smith (2008) dataset in Table 3.4. Mean cross-validation results are reported with 95%

confidence intervals computed using a t-distribution for ten trials. For both datasets, the
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number of precondition errors is reduced by ranking using our scoring metric and corrective

planning. The Rank method results in a decrease in the precondition error rate, and by

adding corrective planning (Plan + Rank), the error rate is again reduced significantly. This

results in more valid, executable plans. Even as the precondition error rate is reduced, the

LCS remains constant for the Bollini et al. (2013) dataset and only slightly reduced for the

Tasse and Smith (2008) dataset. This indicates that the plans maintain high agreement with

the ground truth plans while steps are added. For the Bollini et al. (2013) dataset, the F1

score also improves through ranking and corrective planning indicating that highly ranked

plans contain more accurate selections of recipe steps. The F1 score does not improve for

the Tasse and Smith (2008) dataset and the Plan + Rank method results in no precondition

errors. However, these results are not surprising because for this dataset the planning module

can only insert ingredient and tool definitions into the plan. These inserted actions can result

in lower LCS by lengthening the generated plan and may not match ingredient definitions in

the ground truth plan. Because of the presence of free-text descriptions and specifications in

the Tasse and Smith (2008) dataset and the difficulty of parsing longer plans, both the LCS

and F1 are lower than for the Bollini et al. (2013) dataset. Finally, providing more in-context

examples for the Bollini et al. (2013) dataset improves performance for all measured metrics.
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3.3.5 Qualitative Examples

Bollini et al. (2013)
Rank Plan + Rank Ground Truth

pour(nuts)
mix()
scrape()
bake(25)

pour(nuts)
mix()
scrape()
preheat(350)
bake(25)

pour(nuts)
mix()
scrape()
preheat(350)
bake(25)

Tasse and Smith (2008)
Rank Plan + Rank Ground Truth

combine(“1/2 cup
all-purpose flour”, “1 egg”,
“1 tablespoon chopped fresh
parsley”, “1/2 teaspoon
salt”, “1/4 teaspoon freshly
ground nutmeg”, “mashed
potatoes”, “dough”, “stir
in”)

create_ing(“1/2 cup
all-purpose flour”)
...
combine(“1/2 cup
all-purpose flour”, “1
egg”, “1 tablespoon
chopped fresh parsley”,
“1/2 teaspoon salt”, “1/4
teaspoon freshly ground
nutmeg”, “mashed
potatoes”, “dough”, “stir
in”)

create_ing(“1/2 cup
all-purpose flour”)
...
combine(“1/2 cup
all-purpose flour”, “1
egg”, “1 tablespoon
chopped fresh parsley”,
“1/2 teaspoon salt”, “1/4
teaspoon freshly ground
nutmeg”, “mashed
potatoes”, “mashed potato
mixture”, “stir in”)

Table 3.5: Excerpted examples of improved parsing for recipes using the Plan + Rank
method. The parses were selected by randomly selecting a recipe where the Plan + Rank
method resulted in an improvement in the number of precondition errors over the baseline
methods. NO-OP actions are omitted for brevity.

Table 3.5 contains qualitative examples of the Plan + Rank performance. For

the example from the Bollini et al. (2013) dataset, in the generated plan the oven was

not preheated before baking. The corrected plan added a preheat() action to satisfy the

preconditions of the bake() action, which requires a heated oven. In the example from the

Tasse and Smith (2008) dataset, a recipe that uses certain ingredients to make dough. In

the generated plan these ingredients were not instantiated. However, the planning module
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inserted actions to instantiate the ingredients which improved the validity of the generated

plan. An additional example for the Bollini et al. (2013) dataset is included in Table 3.6

showing the addition of the scrape action which transfers the mixture to the baking sheet

before baking.

Bollini et al. (2013)
Rank Plan + Rank Ground Truth

pour(flour)
mix()
mix()
preheat(350)
bake(20)

pour(flour)
mix()
mix()
preheat(350)
scrape()
bake(20)

pour(flour)
mix()
scrape()
preheat(350)
bake(20)

Table 3.6: Additional excerpted generation examples for the Bollini et al. (2013) dataset.
The scrape action is required for this to be a valid plan, otherwise the dough would not be
transferred to the baking sheet and oven.

3.4 Discussion

Evaluations showed that our method improved plan validity as measured by the

mean number of precondition errors, syntax errors, and accuracy of steps returned (F1) in

each plan. LCS remained fairly constant across our evaluations and ablations. The LCS

metric reflects both the content of planning steps and their sequencing. By contrast, F1 only

assesses the accuracy of steps in the generated plans. There may exist a trade-off wherein the

process of inserting corrective plan steps reduces the amount of alignment of the generated

and ground truth plans (lowering LCS), but increases the accuracy of included steps (raising

F1). Of all the metrics considered, our method resulted in the largest reduction in the

number of precondition errors (PE). We achieved these improvements without significant

reductions in LCS and with an increase in F1. This is an important validation for our method,
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as Huang et al. (2022) found that there exists a trade-off between the executability and

semantic correctness (measured by LCS) of generated plans. It is straightforward to increase

executability (fewer precondition errors) by ignoring the instructional text content and only

outputting valid actions. For any downstream applications, plans must be executable while

also reflecting the content of the instructions. Therefore, it is important to reduce the number

of precondition errors while maintaining content similarity to ground-truth plans.

3.5 Conclusions

We develop an approach to semantic parsing for long-form instructional texts that

leverages planning domain information to generate more valid plans in a low-data, few-shot

setting. Our method significantly reduces the number of precondition errors present in

semantically parsed plans for two recipe datasets. These results highlight the benefit of a

neuro-symbolic approach that utilizes the code-generation LLM Codex to produce relevant

steps for recipe execution and refines these plans using classical symbolic planning. In

quantitative and qualitative evaluations, our approach generates plans that reflect the relevant

steps of the natural language recipe. The symbolic planning component corrects precondition

errors that arise from omitted or implied instructional steps and the challenges of learning

with long context-dependencies from limited examples.
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Chapter 4: Compositional Instruction Following with
Language Models and Reinforcement Learning

Presented at the Reinforcement Learning Conference (RLC) 2025. Published in Transactions

on Machine Learning Research (TMLR) 2024.

4.1 Introduction

Action reasoning in sequential decision-making often requires learning from in-

teraction rather than from a hand-specified domain. Chapter 3 addresses executability by

leveraging an explicit planning domain, but such formal specifications are unavailable in

many settings. Without them, an agent must discover how actions change environment states

through trial and error, and do so efficiently enough to scale to the combinatorially many

tasks expressible in natural language. This chapter tackles that sample-efficiency problem by

exploiting compositionality: because language and behavior share compositional structure,

task policies can be represented as logical compositions of reusable value-function primitives

rather than learned independently for each instruction. The result is a second method for

improving action reasoning, complementary to the planner-based approach in Chapter 3,

that enables zero-shot generalization to novel instructions.

An important goal of reinforcement learning (RL) is the creation of agents capable of

generalizing to novel tasks. Natural language provides an intuitive way to specify a variety of

tasks, and natural language has important properties: its structure is compositional and often

mirrors the compositional structure of the tasks being described. To address the challenge

of combining reinforcement learning with language grounding, in which the agent needs

to explore the environment while simultaneously learning multiple language-conditioned
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In-Context Examples
pick up a red object or a ball → Symbol_0 | Symbol_7


pick up a red ball → Symbol_0 & Symbol_7


pick up a green ball → Symbol_0 & Symbol_2

...

LLM

Composed
Value

Function

Mission

pick up a red object

that is not a ball

Boolean
Expressions


Symbol_0 & ~Symbol_7
Symbol_0 & ~Symbol_2

...


Environment
Rollouts

Success

Rate ≥ 92%?

Image Observation

WVF0

World Value Functions

Figure 4.1: Pipeline diagram of the learning process for the CERLLA agent. The agent takes
in a BabyAI language mission command and a set of 10 in-context examples that are selected
using the BM25 search retrieval algorithm (Robertson and Zaragoza, 2009). The agent
produces 10 candidate Boolean expressions. These expressions specify the composition of
the base compositional value functions. Each compositional value function is instantiated in
the environment and the policy it defines is evaluated over 100 rollouts. If the success rate
in reaching the goal is greater than 92%, the expression is considered a valid parse of the
language instruction and is added to the set of in-context examples.

tasks, we introduce a novel method: the compositionally-enabled reinforcement learning

language agent (CERLLA). Our method reduces the sample complexity of tasks specified

with language by leveraging compositional policy representations and a semantic parser

trained using reinforcement learning and in-context learning.

While previous works have attempted to use natural language to specify tasks for RL

agents (Ahn et al., 2023; Blukis et al., 2020), here we exploit the compositional nature of

language along with compositional policy representations to demonstrate improvements in

sample complexity and generalization in solving novel tasks.

Previous approaches to mapping language to behaviors use policies learned using

imitation learning (Silva et al., 2021; Ahn et al., 2023; Blukis et al., 2020). In this work, we

instead focus on the setting where the agent does not have access to supervised demonstrations

and instead learns to ground language to specified behaviors with RL. The challenge in

this approach is the significantly higher sample complexity of RL-based methods when
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grounding behaviors. Agents must map a variety of potential language instructions to

unknown corresponding behaviors. Pretraining and transfer learning offers one possible

solution. In natural language processing, pretraining language models such as BERT (Devlin

et al., 2019) and GPT-4 (OpenAI, 2023) have enabled substantial reductions in sample

complexity of solving novel NLP tasks. However, in RL there is a lack of pretrained policy

representations that can be fine-tuned using novel examples in few-shot settings.

In CERLLA, “pretraining” instead involves learning representations that can be

composed to solve novel tasks (Todorov, 2009; Nangue Tasse et al., 2020). For instance,

Nangue Tasse et al. (2020) demonstrate zero-shot task solving using compositional value

functions and Boolean task algebra. The value functions are composed using Boolean

operators to produce new complex behaviors. But these methods require manual specification

of the Boolean expressions that describe value function composition, thus limiting their

application to novel tasks. We overcome this and use RL to learn to compose the value

functions, given a task description in natural language.

Our method uses these compositional value functions and pretrained language models

to solve a large number of tasks using RL while not relying on curricula, demonstrations,

or other external aids to solve novel tasks. Leveraging compositionality is essential to

solving large numbers of tasks with shared structure. The sample complexity of learning a

large number of tasks using RL is often prohibitive unless methods leverage compositional

structure (Mendez-Mendez and Eaton, 2023).

This work builds on the Boolean compositional value function representations

of Nangue Tasse et al. (2020) to construct a system for learning compositional policies

for following language instructions. Our insight is that language commands reflect the

compositional structure of the environment, but without compositional RL representations,

this structure cannot be used effectively. Language, therefore, unlocks the utility of
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compositional RL, allowing us to not only compose base policies but also negate specific

behaviors to solve tasks such as “Don’t start the oven.” These language-conditioned

compositional RL policies can be used as pretrained general-purpose policies, and novel

behaviors can be added as needed when solving new tasks. Moreover, the composed

policies themselves are interpretable as we can inspect the base policies from which they are

composed.

4.2 Domain

Because we build on the compositional value function representations of Nangue Tasse

et al. (2020), our method is applicable to any environment with goal-reaching tasks, the

ability to learn value functions through RL, and language instructions. To evaluate our

method, we select the BabyAI MiniGrid domain (Chevalier-Boisvert et al., 2019), an easily

extensible test-bed for compositional language-RL tasks used in many recent language-RL

works including (Carta et al., 2022; Li et al., 2022). It has language commands, image-state

observations, a discrete action space, and objects with both color and type attributes. We

augment BabyAI with 162 compositional tasks specified using intersection, disjunction, and

negation. Table 4.1 provides a full list of task attributes available in the environment and the

grammar of the Boolean expressions. Table 4.2 provides examples of the types of tasks our

method learns. The environment is initialized with one or more goal objects and distractor

objects that are randomly placed.

For each episode in the BabyAI environment, the agent is provided with two forms

of input as observations: a task instruction formulated in natural language and a 56× 56× 3

RGB image representing the state of the environment at each time-step. The objective for

the agent is to correctly identify and pick up a specific goal object, which is described by

the task instruction. The goal objects are defined by their attributes: three shapes and six

50



Figure 4.2: Example of a task in the BabyAI domain (Chevalier-Boisvert et al., 2019). The
agent (red triangle) needs to complete the mission – “pick up the red key”. Solving this task
with compositional value functions requires using the conjunction of the pickup “red object”
and “key” value functions.

colors. The combination of these attributes results in 18 unique goal objects that the agent

can pick up. In each episode, the environment contains at least one correct goal object and

four additional “distractor” objects, which are sampled randomly.

We consider the case of an agent required to solve a series of related tasks. Each task

is formalized as a Markov decision process (MDP) ⟨S,A, p, r⟩, where S is the state space and

A is the set of actions available to the agent. The transition dynamics p(s′|s, a) specify the

probability of the agent entering state s′ after executing action a in state s, while r(s, a, s′)

is the reward for executing a in s. We further assume that r is bounded by [rMIN, rMAX]. We

focus here on goal-reaching tasks, where an agent is required to reach a set of terminal goal

states G ⊆ S.

Tasks are related in that they differ only in their reward functions. Specifically, we

first define a background MDP M0 = ⟨S0,A0, p0, r0⟩. Then, any new task τ is characterized

by a task-specific reward function rτ that is non-zero only for transitions entering g in G.

Consequently, the reward function for the resulting MDP is given by r0 + rτ .

We implement this reward function with a penalty of r0 = −0.1 for each step taken.
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If the agent chooses the pickup action upon reaching an object, it observes the picked

object, and the episode ends. If the selected object matches the correct goal as per the task

instruction, the agent receives a reward of rτ = +2.

The agent aims to learn an optimal policy π, which specifies the probability

of executing an action in a given state. The value function of policy π is given by

V π(s) = Eπ [
∑∞

t=0 r(st, at)] and represents the expected return after executing π from s.

Given this, the optimal policy π∗ is that which obtains the greatest expected return at each

state: V π∗
(s) = V ∗(s) = maxπ V

π(s) for all s ∈ S. Closely related is the action-value

function, Qπ(s, a), which represents the expected return obtained by executing a from

s, and thereafter following π. Similarly, the optimal action-value function is given by

Q∗(s, a) = maxπ Q
π(s, a) for all (s, a) ∈ S×A.

4.3 Approach

We propose a two-step process for training an RL agent to solve Boolean compositional

tasks with language. During an initial pretraining phase, a set of WVFs are learned which

can later be composed to solve new tasks in the environment. This set forms a task basis

that can express any task which can be written as a Boolean algebraic expression using the

WVFs.

In a second phase, an LLM learns to semantically parse language instructions into

the Boolean compositions of WVFs using RL and in-context learning. The parser learns this

mapping from abstract symbols to WVFs using RL by observing language instructions and

interacting with the environment. Notably, our method does not require the semantic parser

to have access to any knowledge of the underlying basis tasks that the WVFs represent,

and instead regards the WVFs as abstract symbols which can be composed to solve tasks.

Since the semantic parser does not have access to any information about what task a WVF
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represents, our method can be applied in principle to any basis of tasks.

Tasks like “pickup the red key” can be represented by taking the intersection of the

WVFs for picking up “red” objects and “key” objects: red∧ key. Our method also supports

negation and disjunction: we can specify tasks like “pick up a red object that is not a ball”:

red ∧ ¬ball. We augment this domain with additional tasks. For further examples of tasks,

see Table 4.2, which lists the complete set of tasks created using the attributes yellow and

key. We implement the model from Chevalier-Boisvert et al. (2019) as a non-compositional

baseline. This model does not have a pretraining phase for its RL representations, and in our

experiments we account for this discrepancy in training steps by penalizing our agent by the

number of training steps needed to learn the WVFs.

4.3.1 World Value Functions

4.3.1.1 Logical Composition of Tasks using World Value Functions (WVFs)

Recent work (Nangue Tasse et al., 2020, 2022) has demonstrated how logical

operators such as conjunction (∧), disjunction (∨) and negation (¬) can be applied to value

functions to solve semantically meaningful tasks compositionally with no further learning.

To achieve this, the reward function is extended to penalize the agent for attaining goals it

did not intend to:

r̄(s, g, a) =

{
r̄MIN if g ̸= s ∈ G

r(s, a) otherwise,
(4.1)

where r̄MIN is a large negative penalty. The agent receives the unmodified reward r(s, a)

for all steps except where it reaches a different goal state than intended: g ̸= s ∈ G.

Given r̄, the related value function, termed world value function (WVF), can be written as:

Q̄(s, g, a) = r̄(s, g, a) +
∫
S
V̄ π̄(s′, g)p(s′|s, a)ds′, where V̄ π̄(s, g) = Eπ̄ [

∑∞
t=0 r̄(st, g, at)].

These value functions are intrinsically compositional since if a task can be written as a

logical expression over previous tasks, then the optimal value function can be similarly derived
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by composing the learned WVFs. For example, consider the PickUpObject environment

shown in Figure 4.1. Assume the agent has separately learned the task of collecting red

objects (task R) and keys (task K). Using these value functions, the agent can immediately

solve the tasks defined by their union (R ∨K), intersection (R ∧K), and negation (¬R)

as follows: Q̄∗
R∨K = Q̄∗

R ∨ Q̄∗
K := max{Q̄∗

R, Q̄
∗
K}, Q̄∗

R∧K = Q̄∗
R ∧ Q̄∗

K := min{Q̄∗
R, Q̄

∗
K},

and Q̄∗
¬R = ¬Q̄∗

R :=
(
Q̄∗

MAX + Q̄∗
MIN

)
− Q̄∗

R, where Q̄∗
MAX and Q̄∗

MIN are the world value

functions for the maximum and minimum tasks respectively.1

4.3.1.2 Pretraining World Value Functions

During pretraining, a set of WVFs is learned which can later be composed to solve

any task in the BabyAI environment. Each WVF takes as input a 56× 56× 3 RGB image

observation of the environment and outputs |G| × |A| = 18× 7 values for accomplishing

one of the basis tasks (by maximizing over the goal-action values). As there are nine object

attributes (three object type attributes and six color attributes as listed in Table 4.1) we train

nine WVFs. Each WVF is a value function for the policy of picking up objects that match one

of the nine attributes. However, our method does not require knowledge of the underlying

semantics of the value functions (i.e. the names of the underlying task attributes). We

therefore assign each WVF a random identifier, denoted as Symbol_0 through Symbol_8.

While we refer to the WVFs by their color and object type in the paper, our model does not

have access to this information and only represents the WVFs by their unique identifiers.

Each WVF is implemented using |G| = 18 CNN-DQN (Mnih et al., 2015) archi-

tectures. The WVF pretraining takes nineteen million steps. This is done by first training

Q̄∗
MIN(s, g, a) for one million steps and Q̄∗

MAX(s, g, a) for eighteen million steps (one million

1The maximum task is defined by the reward function r = rMAX for all G. Similarly, the minimum task has
reward function r = rMIN for all G.
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steps per goal in the environment). Each basis WVF Q̄∗
B(s, g, a) is then generated from

Q̄∗
MIN(s, g, a) and Q̄∗

MAX(s, g, a) by computing Q̄∗
B(s, g, a) = Q̄∗

MAX(s, g, a) if rB(g, a) =

rMAX else Q̄∗
MIN(s, g, a). This yielded a 98% success rate for each basis WVF. For more

details on WVF pretraining see Section 4.3.1.1 and Nangue Tasse et al. (2022), and see

Tables 4.3 and 4.4 for a full list of hyperparameters used in WVF training.

Table 4.1: Task attributes and Boolean grammar. The symbols uniquely identify each
learned WVF.

Task Attributes Boolean Grammar
Colors Objects Symbols Operators

red, purple, grey key, ball, box Symbol_0, Symbol_1,. . . ,Symbol_8 AND: &
green, yellow, blue OR: |, NOT: ∼

Table 4.2: Example language instructions and corresponding Boolean expressions for the
yellow and box attributes.

Language Instruction Ground Truth Boolean Expression
pick up a yellow box yellow & box

pick up a box that is not yellow ∼ yellow & box
pick up a yellow object that is not a box yellow & ∼ box

pick up an object that is not yellow and not a box ∼ yellow & ∼ box
pick up a box or a yellow object yellow | box

pick up a box or an object that is not yellow ∼ yellow | box
pick up a yellow object or not a box yellow | ∼ box

pick up an object that is not yellow or not a box ∼ yellow | ∼ box
pick up a box box

pick up an object that is not a box ∼ box
pick up a yellow object yellow

pick up an object that is not yellow ∼ yellow

4.3.2 Compositionally Enabled RL Language Agent (CERLLA)

We assume the downstream tasks are distinct from the basis tasks. During downstream

task learning, the pretrained WVFs are composed to solve novel tasks specified in language.
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Table 4.3: Hyperparameters for the LLM Agent.

LLM Agent Hyperparameters

LLM GPT-4 and GPT-3.5
Beam Width 10
Rollouts 100 episodes
In-Context Examples 10
Training Temperature 1.0
Evaluation Temperature 0.0

Table 4.4: Hyperparameters for world value function pretraining. The Adam optimizer was
introduced by Kingma and Ba (2015).

WVF Learning Hyperparameters

Optimizer Adam
Learning rate 1e-4
Batch Size 32
Replay Buffer Size 1e3
ϵ init 0.5
ϵ final 0.1
ϵ decay steps 1e6

To solve BabyAI language-specified tasks, the agent must interpret the input language

command and pick up an object of an allowed type. To accomplish this, the semantic parser

maps from language to a Boolean expression specifying the composition of WVFs. These

Boolean expressions are then composed using a fixed pipeline that takes as input the set

of WVFs and the Boolean expression. This pipeline parses the Boolean expression and

returns a composed WVF. The agent then acts in the environment under the policy of the

WVF by taking the action with the greatest value at each step. If the Boolean expression

is not syntactically correct, it cannot be instantiated as a WVF and the episode terminates

unsuccessfully.

56



Table 4.5: The prompting strategy for the CERLLA semantic parsing module.

Role Content

System “We are going to map sentences to Boolean expressions. The Boolean
expression variable Symbols are numbered 0 to 8, e.g. Symbol_0,Symbol_1...
The operators are and : &, or : |, not : ~. I will now give a new sentence and
you will come up with an expression. Now wait for a new sentence command.
Respond with a list of 10 candidate Boolean expressions. Respond only with
the list of Boolean expressions. Never say anything else.”

User (Example) “pick up a red ball”
Assistant “Symbol_0 &Symbol_7”

[Additional in-context examples]

User (Command) “pick up a red object that is not a ball”
Assistant “Symbol_0 & Symbol_1 & ∼ Symbol_2”

“Symbol_3 & ∼ Symbol_4”
“Symbol_5 & Symbol_6 & ∼ Symbol_7”
[Additional candidate expressions]

4.3.2.1 In-Context Semantic Parsing with RL

To implement the semantic parser, we utilize the large language models GPT-4

(OpenAI, 2023) and GPT-3.5.2 Our method builds on the work of Shin et al. (2021), which

builds a semantic parser using LLMs and few-shot learning, and Toolformer (Schick et al.,

2023), which learns an LLM semantic parser from weak supervision. Our method is distinct

from these approaches in that it utilizes in-context examples combined with an environment

rollout RL signal. At the start of learning, the agent has no in-context examples of valid

mappings from language to Boolean expressions (see Figure 4.1). At each episode, our agent

is prompted with general instructions defining the semantic parsing task, the input language

command, and up to 10 previously-acquired in-context examples selected using the BM25

retrieval algorithm (Robertson and Zaragoza, 2009).

2https://platform.openai.com/docs/models/gpt-3-5
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During training, the LLM is sampled with a temperature of 1.0 and produces a beam

of 10 semantic parses (Boolean expressions) of the input language command. Together the

temperature and beam width control the exploitation-exploration trade-off of the semantic

parsing model. Each candidate Boolean expression is parsed using a fixed pipeline and

instantiated as a WVF. The policy defined by the WVF is evaluated in the environment over

100 episode rollouts. If the success rate across these episodes in reaching the specified goals

is greater than or equal to 92%, the language instruction and Boolean expression are added

to the list of in-context examples. Multiple Boolean expressions may attain high reward

for any given task. To counter this we add a form of length-based regularization. If the

agent already has an in-context example with the same language instruction, the length of

the Boolean expressions is compared and only the shorter of the two expressions is retained

as an in-context example. We thereby favor shorter Boolean expressions that attain high

reward in the environment. For more details of the prompting strategy, see Table 4.5.

4.3.3 Baselines

The baseline is a joint language and vision model which learns a single action-

value function for all tasks based on the architecture used in the original BabyAI paper

(Chevalier-Boisvert et al., 2019). We explore two baseline models: an LM Baseline that

utilizes pretrained language representations for embedding mission commands from a frozen

“all-mpnet-base-v2” model from the SentenceTransformers library (Reimers and Gurevych,

2019) based on the MPNet model (Song et al., 2020) and an ablated Baseline which does

not use pretrained language representations. This pretrained sentence embedding model is

trained on diverse corpora of sentence embedding tasks.
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4.4 Experiments

We conduct experiments across four agent types and two settings. The first experiment

evaluates sample complexity (Figure 4.3). We learn all 162 tasks simultaneously and plot

the mean success rate against the number of environment steps. The second experiment

divides the task set in half, and measures the ability of the agents to generalize to held-out

novel tasks while learning from a fixed set of tasks (Figure 4.5).

We evaluate our method implemented using both GPT-4 and GPT-3.5. We compare

our method to the baseline agents, but penalize our method by the number of environment

steps required to learn the pretrained WVFs. As an upper limit on the performance of our

method, we compare to an Oracle Agent which has a perfect semantic parsing module. It

has access to the ground-truth mappings from language to Boolean expressions and its

performance is limited only by the accuracy of the pretrained policies and randomness in the

environment.

4.4.1 Simultaneous Learning of 162 Tasks

In this experiment, at each episode a random task is sampled from the set of 162

language tasks. The baseline agents learn for 21 million steps, and CERLLA learns for 2

million steps. Because our agent pretrains the WVFs, we penalize our agent by starting

it at 19 million steps (Figure 4.3). Note that this disadvantages our method, as the WVF

pretraining phase does not include language information and its only exposure to language-

task data is over the following two million steps. Our method therefore has access to less

information about the task structure than the baseline agents during the first 19 million steps.

For CERLLA, due to the latency and cost of invoking the LLM, we only evaluate on one

randomly selected task every 5,000 environment steps, computing the average performance

over 100 episodes. For the baseline agents we evaluate all 162 tasks every 50,000 timesteps.
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Figure 4.3: Results for learning all 162 tasks simultaneously. The mean episode success
rate is plotted against the number of environment steps. Learning curves are presented
for CERLLA and the non-compositional baseline agents. The Oracle agent is given the
ground-truth Boolean expressions and upper bounds the attainable success rate in the
environment, denoted by the dashed line at 92%. Our method is initialized at 19 million
steps to reflect the number of training steps used in pretraining the compositional value
functions. Note the change in steps scale at 19 million steps. Means and 95% confidence
intervals are reported over 10 trials, 5 trials for the LM Baseline.

This results in higher variance for our method in the plots.

We also plot the number of in-context training examples added to CERLLA’s set in

Figure 4.4. This is equivalent to the number of training tasks successfully solved at that step.

The Oracle Agent solves the overwhelming majority of tasks during their first occurrence

and is limited only by the small amount of noise in the policies and environment.

4.4.2 Held-out Task Generalization

This experiment (Figure 4.5) measures the generalization performance of each

method on held-out tasks. We compare the performance of CERLLA to the baseline agents.

In this setting, the set of tasks is randomly split into two halves at the start of training. At

each episode, a random task from the first set is selected. During evaluation of our agent,

one random task from each set is selected and the agent is evaluated over 100 episodes. The

baseline agents are evaluated over all 81 tasks in each set.
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Figure 4.4: The mean number of tasks solved is plotted against the number of environment
steps. This quantity is equal to the total number of in-context examples present in CERLLA’s
in-context example set at that step. Because the Oracle Agent has access to the ground truth
Boolean expressions for each task, it solves tasks immediately. The population of tasks
remains constant, so the number of unsolved tasks decreases over time, leading to a logistic
learning curve and an exponential decay in the rate at which new tasks are solved for the
Oracle Agent. Means and 95% confidence intervals are reported over 10 trials.

Figure 4.5: Generalization performance for learning on 81 randomly selected tasks (train)
and evaluating on the held-out 81 tasks (test). Learning curves are presented for our method
and the baseline agents. The dashed and solid lines represent performance on the training and
test sets respectively. The x-axis represents the fraction of the total training steps completed:
1 million for the CERLLA and 21 million for the LM Baseline agent. The dashed line
denotes the success rate for considering the environment solved at 92%. Means and 95%
confidence intervals are reported over 15 trials, 5 trials for the LM Baseline.
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4.5 Discussion

In both experiments CERLLA attains a significantly higher success rate in fewer

total samples than the baselines. Figure 4.3 shows our method attains a 92% success rate

(matching the performance upper bound of the Oracle Agent) after only 600k environment

steps, a small fraction of the steps of the baseline. The baseline agents are not able to

generalize to all 162 tasks and only reach a success rate of ≈ 80% after 21 million steps.

Note that while the WVF pretraining for our method requires 19 million steps, the pretraining

objective does not include any language instructions and is distinct from the downstream

task objective. The baseline learns the downstream tasks and language for its first 19 million

training steps and still does not solve the 162 tasks. Even though the baseline agent is

given access to the language commands and reward structure for the entire duration of its

training, the compositional agent is still able to outperform the baseline. These results show

the necessity of compositional representations for being able to learn large numbers of

compositional tasks in a sample efficient manner.

Figure 4.5 demonstrates that our method is able to generalize well to held-out tasks.

The performance of the agent on training tasks and held-out tasks is very similar. This is

expected given the ability to generalize compositionally in both the policy and language

spaces. The LM Baseline agent cannot generalize well between the training and held-out

tasks as it lacks the necessary compositional representations. Note that this experiment

trains the CERLLA and LM Baseline agent for fewer steps than the 162 task experiment: one

million and 21 million steps respectively. There is a significant generalization gap for this

agent even after 21 million steps, significantly more steps than our method, even accounting

for WVF pretraining steps.

In the 162 task learning experiment, CERLLA using GPT-3.5 does not exceed the

performance of the baselines even after two million steps indicating poor compositional
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generalization. Confirming this, Figure 4.4 shows the mean number of tasks solved, which is

the same as the total number of potential in-context examples that can be selected from during

inference. Despite a weaker version of CERLLA solving most of the tasks, this does not

transfer to a high evaluation success rate in Figure 4.3. The variance of the CERLLA agent

using GPT-3.5 is higher than with GPT-4. This is caused by relatively worse generalization

from available in-context examples than GPT-4. This indicates that more powerful language

models are likely to improve the performance of CERLLA, up to the limit of the oracle

agent. Highlighting the interpretability of our language-RL learning framework, we provide

a qualitative analysis of the cause of the GPT-3.5 agent’s lower performance in Table 4.6.

Language Instruction Boolean Expression
pick up a ball or a grey object Symbol_0 | Symbol_4
pick up a box that is not grey ∼ Symbol_4 & Symbol_2

pick up a grey ball Symbol_0 & Symbol_4
pick up a ball or an object that is not grey (Symbol_0 | Symbol_1) | ∼ Symbol_4

pick up a ball that is not grey Symbol_0 & ∼ Symbol_4
pick up a grey object or not a ball (Symbol_0 & Symbol_4) | ∼ Symbol_0

pick up a grey object that is not a ball ∼ Symbol_0 & Symbol_4

pick up a grey object or not a key (Symbol_0 & Symbol_1) |
(∼ Symbol_2 & Symbol_4) | ∼ Symbol_5

pick up an object that is not grey (Symbol_0 & Symbol_1) | ∼ Symbol_4
pick up an object that is not grey and not a ball ∼ Symbol_4 & ∼ Symbol_0

Table 4.6: Subset of the in-context examples that the GPT-3.5 agent has accumulated at the
end of 2 million steps of learning the 162 tasks. As shown, many of these expressions are not
consistent or needlessly complicated. This helps to explain the relatively poorer performance
of the GPT-3.5 agent which produces much noisier semantic parses and thus has much higher
variance and lower performance than the GPT-4 agent. Reducing the sampling temperature
during learning leads to better expressions, but at the cost of slower exploration and learning.

Overall, our method solves a challenging set of 162 language-RL tasks, which to our

knowledge is the largest set of simultaneously-learned language-RL tasks. In the real world,

many tasks share compositional structure, and language has inherent compositional structure.

Therefore, it is important to develop methods which leverage this shared compositionality to
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reduce the sample complexity of acquiring new behaviors. This is critical for reinforcement

learning problems that already have high sample complexity due to the inefficiency of

learning from RL feedback. We address these challenges using a novel semantic parsing

method, which uses in-context and environment feedback to learn to map natural language

instructions to Boolean expressions specifying the composition of value functions. Our

method significantly outperforms a non-compositional baseline approach, demonstrating the

importance of methods that can generalize compositionally in terms of both language and

RL representations.

4.6 Conclusions

We introduce a method that integrates pretraining of compositional value functions

with large language models to solve language tasks using RL. Our method rapidly solves a

large space of RL tasks specified in language more effectively than previous approaches.

Demonstrating efficacy across 162 tasks with reduced sample requirements, our findings also

further differentiate the capabilities of more powerful language models from weaker ones in

the task of semantic parsing using an environment policy rollout signal. The combination

of compositional RL with language models provides a novel framework for reducing the

sample complexity of learning RL tasks specified in language.
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Chapter 5: CaT-Bench: Benchmarking Language Model
Understanding of Causal and Temporal Dependencies in

Plans

Presented at the Conference on Empirical Methods in Natural Language Processing (EMNLP)

2024.

5.1 Introduction

Action reasoning requires understanding how actions depend on one another: which

preconditions must hold, which effects afford later steps, and which orderings are therefore

valid. In Chapter 3, we use external information in the form of planning domain definitions

to improve action precondition satisfaction and generate more valid plans from instructional

texts. However, constructing such formal domain specifications is costly and domain-specific.

As foundation models increasingly serve as the core representations for decision-making

agents (Cohen et al., 2024), for many real-world applications it is more practical to rely

on the language model’s own internalized knowledge of action preconditions, effects, and

valid orderings rather than requiring a hand-crafted planning domain for every new setting.

This motivates the need to evaluate the degree to which frontier language models possess

this understanding. In this chapter, we assess the ability of frontier language models to

identify causal and temporal dependencies between the steps of natural-language plans

without access to external information. In Lal et al. (2024), we construct CaT-Bench for

this purpose. We modify the Recipe Flow Graph Corpus (Yamakata et al., 2020), containing

recipes with sub-step procedure dependencies, to produce a question-based benchmark of

4260 dependency questions.
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Almond Flour Chocolate Cake

…
Step 6: Stir in ground almonds.
Step 7: Add half flour and half milk.
Step 8: Use wooden spoon to stir.
…
Step 12: Whip cream till stiff peaks
…

Q: Must Step 6 happen 
before Step 8?

Questions about 
dependent steps

Q: Must Step 7 happen 
after Step 6?

Questions about 
non-dependent steps

A: Yes, all ingredients have 
to be in bowl before stirring

A: No, almonds can be 
added after flour and milk

Parallel StepsPreconditions

CAT-Bench

Dependent
Steps

Figure 5.1: We use step-pair dependency annotations to create CaT-Bench, a question-driven
evaluation framework for plan-based reasoning. Questions in this benchmark elicit reasoning
about different causal relations such as preconditions, effects and step independence.

Planning is central to decision making and has been studied in various domains such

as robotics and embodied environments (LaValle, 2006; Jiang et al., 2019). To follow, revise,

or customize a plan, one must be able to reason about the steps involved as well as their causes

and effects (Brahman et al., 2023). Recent work on evaluating reasoning in plans focuses

on classical problems such as Blocksworld (Slaney and Thiébaux, 2001; Valmeekam et al.,

2023), simulated environments like AlfWorld (Shridhar et al., 2021b), or restricted language

such as PDDL (Zhang et al., 2024). However, real-world natural language plans cannot be

executed to test for correctness and reliability. This chapter describes a question-driven

evaluation to better study the detailed causal and temporal connections within such plans.

Given a plan, such as making a cake in Figure 5.1, one must understand its various

aspects to answer questions about it. Answering if ground almonds should be added before
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stirring the mixture requires understanding that a precondition for mixing evenly is that all

ingredients should be added already. But reasoning about whether flour should be added

after almonds requires figuring out step independence since the order of adding ingredients

does not matter here. Such causal aspects are encoded in temporal step dependencies of

plans.

West et al. (2024) show that LLMs create expert-like outputs, but their generative

capability does not necessarily indicate a correspondingly strong capability to understand

underlying phenomena. While LLMs appear to generate good plans, it is unclear how

well they understand important aspects of the steps themselves. We thus use CaT-Bench

to test whether LLMs can identify step dependencies that reflect the causal and temporal

structure of the plan. We find that current LLMs struggle to identify step dependencies,

often performing close to random chance, raising more questions about their understanding

of instructional text.

Using notions of consistency to evaluate their robustness, we also show that almost

all out-of-the-box LLMs are largely unreliable. Few-shot prompting with retrieved exemplars

improves performance and consistency (0.49 → 0.68 F1 for gpt-4o). Explanation-based

generation offers another route to improve model performance and reliability on reasoning

tasks (Camburu et al., 2018). Prompting LLMs to explain their decisions also improves

performance on CaT-Bench (0.49 → 0.7 F1). Despite these gains, there is still large room

for improvement in identifying step dependencies. When also considering the quality of the

explanations, the average human rating for satisfactory answers from state-of-the-art LLMs

is only ∼3 (out of 5). Further, contrary to prior findings, using chain-of-thought prompting

(CoT), i.e., reasoning before answering (Wei et al., 2022b), performs worse than answering

first and then explaining it, indicating inconsistencies in model reasoning.1

1CaT-Bench is available at https://huggingface.co/datasets/vanyacohen/CaT-Bench and the
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5.2 CaT-Bench

Understanding plans requires reasoning about how different actions in a plan relate

to each other. In this work, we focus on the ability to recognize temporal dependencies

between steps i.e., deciding if a step must happen before another. Typically, step i must

happen before a step j if the effects (outcomes) of step i satisfy one or more preconditions

necessary for the proper execution of step j, or if the effects of step j aggregate or modify

the effects of step i in service of accomplishing a (sub-)goal. Examples of the types of tasks

in CaT-Bench are shown in Figure 5.1. Thus, recognizing such dependencies requires the

ability to infer many important logical connections such as preconditions, causes, sub-goals,

and effects of the steps. This suggests that a simple test of whether a step must happen

before another step (or after) can be an effective test of reasoning about the various logical

dependencies between the steps in a plan.

We build on this idea to create CaT-Bench, a new dataset of causal dependency

questions defined over cooking recipes. Specifically, we make use of the Recipe Flow Graph

Corpus (Yamakata et al., 2020) containing 300 English language cooking recipes annotated

with substep procedure dependencies. For each recipe, this dataset provides a directed

acyclic graph (DAG), in which the nodes are steps and directed edges indicate the temporal

edge between those steps. If the nodes corresponding to two steps are not connected by a

directed path, then they can be performed in any order (with respect to themselves) without

changing the recipe result. In other words, two steps are temporally dependent if and only if

there is a directed path from one to the other, and independent otherwise.

For all ordered pairs of steps (i, j) in a plan, we create two binary yes/no questions:

(i) Must stepi happen before stepj? (ii) Must stepj happen after stepi?. These questions

code is at https://github.com/StonyBrookNLP/CaT-Bench.
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primarily test for precondition relations and the ability to understand effects of steps and

how they relate to sub-goals or overall goals of the plan. We pool all such questions from

dependent pairs of steps (i.e., the steps where there is a directed path from one step’s node to

the other in the recipe DAG) into Dep, and the rest into NonDep.2

Goal: lemon zested strawberry shortcakes
Steps:
...
6. Divide dough in half.
7. Add sugar; beat until stiff peaks form.
8. Place 5cm apart on an ungreased baking tray.
9. Bake at 200 C / Gas 6 for 8-10 minutes.
10. Remove to a wire rack; cool for 15 minutes.
11. In bowl, combine butter and lemon zest; set aside.
12. In mixing bowl, beat cream until it begins to thicken.
13. Gently pat or roll each half into a 1.75cm thick circle.
14. To assemble, split shortcakes in half.
...
Dep Q: Must Step 8 happen before Step 10?
Dep A: Yes, removing a cake for cooling needs dough to be placed on a baking tray first.
NonDep Q: Must Step 12 happen after Step 7?
NonDep A: No, adding sugar is a part of making dough but beating the cream makes the filling.

Figure 5.2: Examples of different types of questions in a plan from CaT-Bench. To correctly
answer these questions, one must understand preconditions and effects (to answer Dep),
some steps need not be performed in any particular order, and plans can contain subplans
within them (to answer NonDep).

In total, CaT-Bench contains 2,840 questions about causal dependencies of steps

for 57 unique plans. We undersample the non-dependent questions to ensure that NonDep

and Dep are of the same size (1,420 questions each). Half of CaT-Bench tests the “before”

temporal relation and the other half tests the “after” relation. It is therefore balanced in terms

of both question types and temporal relation type. We also annotate the questions based

2The answers to all questions in the Dep set are ‘yes’, and the answers to NonDep questions are ‘no’.
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on the distance between the pairs of steps. Two steps are deemed close if they are within 3

steps of each other, (j − i) ≤ 3; there are 1,256 questions about close steps and 1,584 about

distant steps.

CaT-Bench enables two tasks. Step Order Prediction elicits binary judgments about

dependencies between pairs of steps in a plan, and performance on this task can be evaluated

automatically. Step Order Explanation requires models to provide explanations for their

judgments about step dependencies. This involves understanding causal relationships and

expressing relevant knowledge about actions in the steps being asked about. Since this is a

free-form generation task, these explanations require human evaluation. CaT-Bench does

not contain gold, human-written explanations, and we advocate for reference-free human

evaluation since there can be multiple valid explanations.

For Step Order Prediction, we evaluate model performance using standard precision,

recall, and F1 score. We measure model robustness using temporal consistency: models must

provide consistent predictions when asked before/after questions about the same step pair. If

a model judges that stepi happens before stepj , it must also judge that stepj happens after

stepi. We define this metric as Temporal Consistency (TC). For open-ended text generation

in Step Order Explanation, we use human evaluation with a standardized interface to compare

different models. We present answers from different models and ask crowd-workers on

Amazon Mechanical Turk to assess their correctness on a 5-point Likert scale (Likert, 1932).

For each plan, question, and model answer, we ask 3 distinct annotators to provide judgments.

An explanation is considered invalid if it does not give a plausible reason that is also relevant

to the question.
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5.3 Experiments

We benchmark the performance of a variety of models on CaT-Bench. We

evaluate gpt-4-turbo, gpt-3.5-turbo, gpt-4o, claude-3.5-sonnet, gemini-1.0-pro,

gemini-1.5-pro, gemini-1.5-flash, gpt-4o-mini and Llama3-8B, representing a di-

verse set from different model families and sizes. We evaluate them primarily in zero-shot

prompting modes. We consider two settings: (i) generating only an answer (A), and (ii)

generating an explanation along with the answer (A + E). The latter represents answering the

question and then generating an explanation for it. We also analyze few-shot results for the

answer-only (A) setting, and evaluate generic CoT (E + A) prompting. More details about

each model can be found in Section 5.3.1, and the prompts used are shown in Section 5.3.2.

5.3.1 Benchmark Models

We provide details of each model we evaluate on CaT-Bench. For in-context example

selection for the LLMs, we utilize the rank_BM25 library3 available under the Apache 2.0

license.

gpt-4o-2024-05-13 accepts as input any combination of text, audio, image, and video

and generates any combination of text, audio, and image outputs. It is especially better at

vision and audio understanding compared to existing models.

gpt-3.5-turbo is an instruction-tuned pretrained language model that powered the

original ChatGPT application.

3https://github.com/dorianbrown/rank_bm25
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gpt-4-turbo-2024-04-09 is the first turbo model in the GPT-4 series. It is more capable

and cheaper than GPT-3.5, and supports a 128K context window. It is possibly an 8x220B

Mixture-of-Experts model.

gemini-1.5-flash-latest is a version of gemini-1.5-pro optimized for low latency

and inference cost.

gemini-1.5-pro-latest is built on a Mixture-of-Experts (MoE) architecture. It is a

mid-size multimodal model, optimized for scaling across a wide range of tasks, and also

introduces a breakthrough experimental feature in long-context understanding. It is difficult

to perform a wide range of experiments with this model due to the imposed rate limits.

gpt-4o-mini-2024-07-18 has a context window of 128K tokens and supports up to 16K

output tokens per request. It surpasses gpt-4-turbo and other small models on academic

benchmarks across both textual intelligence and multimodal reasoning, and supports the

same range of languages as gpt-4o.

gemini-1.0-pro-latest is built on top of Transformer decoders that are enhanced with

improvements in architecture and model optimization to enable stable training at scale

and optimized inference. They are trained to support 32k context length, employing

efficient attention mechanisms such as multi-query attention. Gemini models are trained to

accommodate textual input interleaved with a wide variety of audio and visual inputs, and

gemini-1.0-pro is the mid-sized model in the series.

claude-3-5-sonnet-20240620 sets new industry benchmarks for graduate-level reason-

ing (GPQA), undergraduate-level knowledge (MMLU), and coding proficiency (HumanEval).
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It shows marked improvement in grasping nuance, humor, and complex instructions, and is

exceptional at writing high-quality content with a natural, relatable tone.

Meta-Llama3-8B-Instruct is a standard decoder-only transformer architecture similar to

its predecessor Llama2. Compared to Llama2, Llama3-8B uses a tokenizer with a vocabulary

of 128K tokens that encodes language much more efficiently, which leads to substantially

improved model performance. It also uses grouped query attention (GQA) and was trained

on sequences of 8,192 tokens, using a mask to ensure self-attention does not cross document

boundaries. Llama3-8B is pretrained on over 15T tokens that were all collected from publicly

available sources.

5.3.2 Prompts Used

We present the different prompts used with the benchmark models in Figure 5.3. All

models use the answer-only (A) prompt. All models also share the (A + E) prompt except

the Gemini models, which use the NL (A + E) prompt instead. We find that Gemini is better

at producing free-form natural language as opposed to a structured code format.

We use a temperature of 0.0 for all experiments with each model to select the most

likely token at each step, as this setting allows for reproducibility.

We use the following code snippet to query any OpenAI models.

import openai

client = OpenAI(api_key=config["OPENAI_API_KEY"])

response = client.chat.completions.create(
model=openai_model_name,
messages=prompt,
temperature=0.0,
max_tokens=2,
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top_p=1.0,
frequency_penalty=0.0,
presence_penalty=0.0

)

We use the following code snippet to query any Gemini models.

import google.generativeai as genai

genai.configure(api_key=config["GEMINI_API_KEY"])

model = genai.GenerativeModel(args.model_name)
candidatecount, temp, topp, topk = 1, 0.0, 1.0, 1
generation_config = genai.GenerationConfig(

candidate_count = candidatecount,
max_output_tokens = args.max_tokens,
temperature = temp,
top_p = topp,
top_k = topk

)
response = model.generate_content(prompt)

We run inference on Llama3-8B locally on one 40GB Nvidia A6000 GPU using

HuggingFace (Wolf et al., 2020).

We use scikit-learn classification report to calculate precision, recall and F1 score

per-class and as macro average.

How Good Are Model Predictions? Table 5.1 presents the performance of all the models

in different settings on Step Order Prediction. We present per-class (Dep and NonDep)

precision, recall and F1 score as well as macro average metrics on the class balanced

CaT-Bench. We make three main observations.
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Dep NonDep Macro Avg
P R F P R F P R F

gpt-3.5-turbo
(A) 0.62 0.50 0.55 0.58 0.69 0.63 0.60 0.60 0.59

(A+E) 0.56 0.71 0.63 0.61 0.45 0.52 0.58 0.58 0.57

gpt-4-turbo
(A) 0.57 0.81 0.67 0.67 0.39 0.49 0.62 0.60 0.58

(A+E) 0.66 0.79 0.72 0.74 0.59 0.66 0.70 0.69 0.69

gpt-4o
(A) 0.53 0.92 0.67 0.71 0.19 0.30 0.62 0.55 0.49

(A+E) 0.66 0.86 0.75 0.80 0.57 0.66 0.73 0.71 0.70

gpt-4o-mini
(A) 0.53 0.88 0.66 0.64 0.22 0.33 0.59 0.55 0.50

(A+E) 0.62 0.78 0.69 0.70 0.52 0.59 0.66 0.65 0.64

Llama3-8B
(A) 0.52 0.84 0.64 0.59 0.23 0.33 0.56 0.54 0.49

(A+E) 0.53 0.82 0.64 0.59 0.26 0.36 0.56 0.54 0.50

gemini-1.0-pro
(A) 0.57 0.45 0.50 0.55 0.66 0.60 0.56 0.55 0.55

(A+E) 0.56 0.65 0.60 0.59 0.50 0.54 0.58 0.57 0.57

gemini-1.5-pro
(A) 0.55 0.77 0.64 0.61 0.37 0.46 0.58 0.57 0.55

(A+E) 0.67 0.93 0.78 0.89 0.54 0.67 0.78 0.74 0.73

gemini-1.5-flash
(A) 0.55 0.69 0.61 0.58 0.43 0.49 0.56 0.56 0.55

(A+E) 0.54 0.75 0.63 0.59 0.37 0.46 0.57 0.56 0.54

claude-3.5-sonnet
(A) 0.58 0.76 0.66 0.65 0.46 0.54 0.62 0.61 0.60

(A+E) 0.63 0.97 0.76 0.93 0.44 0.60 0.78 0.70 0.68

Table 5.1: Performance of all models on Step Order Prediction when just providing an
answer (A) and when also explaining that answer (A+E). We report per-label as well as
macro average precision, recall and F1 score.

76



Given a goal, a procedure to achieve that goal and a question about the steps in the procedure, 
you are required to answer the question in one sentence.

Goal: {title}

Procedure:
{procedure}

Must Step {i} happen before Step {j}? Select between yes or no

Answer-only (A)

Given a goal, a procedure to achieve that goal and a question about the steps in the procedure, 
you are required to answer the question in one sentence.

Goal: {title}

Procedure:
{procedure}

1. Must Step {i} happen before Step {j}? Select between yes or no
2. Explain why or why not.

Format your answer as JSON with the key value pairs "binary_answer": "yes/no answer to Q1", 
"why_answer": "answer to Q2"

Answer + 
Explanation (A+E)

Given a goal, a procedure to achieve that goal and a question about the steps in the procedure, 
you are required to answer the question in one sentence.

Goal: {title}

Procedure:
{procedure}

1. Explain why or why not Step {i} must happen {temporal_relation} Step {j}. Think step by step.
2. Must Step {i} happen {temporal_relation} Step {j}? Select between yes or no

Format your answer as JSON with the key value pairs "why_answer": "answer to Q1", 
"binary_answer": "yes/no answer to Q2"

Explanation + 
Answer (E+A)

Given a goal, a procedure to achieve that goal and a question about the steps in the procedure, 
you are required to answer the question in one sentence.

Goal: {title}

Procedure:
{procedure}

1. Must Step {i} happen before Step {j}? Select between yes or no
2. Explain why or why not.

Format your answer as follows:

Answer 1: yes/no
Answer 2: your answer in one sentence

NL Answer + 
Explanation (A+E)

Figure 5.3: Different prompts used for our experiment settings and models. i and j represent
step numbers and temporal_relation can be before/after.

Models Struggle at Predicting Step Order In the zero-shot answer-only setting (A),

claude-3.5-sonnet records the highest F1 score overall of 0.60. gpt-3.5-turbo and
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gpt-4-turbo are close behind with 0.59 and 0.58 respectively. Surprisingly gpt-4o, the

most recent frontier model, fares significantly worse at 0.49 F1. Its less powerful ver-

sion, gpt-4o-mini, also performs similarly. All three Gemini models (gemini-1.5-pro,

gemini-1.0-pro, and gemini-1.5-flash) also only manage an F1 of around 0.55.

Llama3-8B also fares poorly with an F1 of 0.49. Most models are comparable or barely

better than a random baseline F1 of 0.5 on this balanced dataset showing that they are not

able to directly answer the dependence question.

Generating Explanations Improves Performance Results for adding explanations to

answers is shown in the (A + E) rows in Table 5.1. Seven of the nine models, gpt-3.5-turbo

and gemini-1.5-flash being the exceptions, have higher performance when also generating

explanations. The biggest improvement in F1 is seen in gpt-4o (+0.21). With explanations,

the best result is the 0.73 F1 when using gemini-1.5-pro. While this is substantially better

than a random baseline, there is still significant room for improvement.

Models are Biased Towards Predicting Dependence Most models exhibit a higher recall

for the Dep set and significantly lower recall for the NonDep set. This is particularly

true for the answer only setting ((A) rows), the exceptions being gpt-3.5-turbo and

gemini-1.0-pro. Coupled with the substantially lower precision values on the Dep set, this

suggests that most models exhibit a bias towards predicting dependence between any given

pair of steps. We hypothesize that they use temporal order of steps as a heuristic i.e, if a step

appears before another step it is more likely to be dependent than not, and thus becoming

biased towards predicting dependencies.

As noted earlier, using explanations improves the overall performance, translating to

more balanced precision/recall values on Dep than when predicting answers alone. Since
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TC OCC
gpt-3.5-turbo (A) 52.39% 70.42%
gpt-3.5-turbo (A+E) 49.23% 73.31%
gpt-4-turbo (A) 48.87% 70.28%
gpt-4-turbo (A+E) 55.00% 66.97%
gpt-4o (A) 79.86% 47.96%
gpt-4o (A+E) 67.46% 58.17%
gpt-4o-mini (A) 70.56% 54.79%
gpt-4o-mini (A+E) 57.54% 56.97%
Llama3-8B (A) 60.42% 83.87%
Llama3-8B (A+E) 55.77% 83.38%
gemini-1.0-pro (A) 53.38% 73.80%
gemini-1.0-pro (A+E) 49.79% 66.90%
gemini-1.5-pro (A) 55.14% 58.24%
gemini-1.5-pro (A+E) 79.65% 60.21%
gemini-1.5-flash (A) 45.92% 79.44%
gemini-1.5-flash (A+E) 43.10% 76.62%
claude-3.5-sonnet (A) 45.14% 50.21%
claude-3.5-sonnet (A+E) 76.83% 48.10%

Table 5.2: Robustness of different models on two consistency metrics, TC and OCC.

the bias towards Dep necessarily means bias against NonDep, reduction in bias towards Dep

also translates to a more balanced performance on both Dep and NonDep sets. However,

even with explanations, the bias towards predicting dependence still remains to some extent

for all models. Explanations improve gpt-4o performance the most (+0.36) on NonDep

questions. They do not help smaller models (Llama3-8B) identify dependencies better.

Temporal Consistency For a pair of steps (stepi, stepj), the answer to must stepi

happen before stepj should be the same as the answer to must stepj happen after stepi

regardless of question type. For Table 5.2, we make two main observations: (i) Even the

most consistent models gpt-4o, gemini-1.5-pro and claude-3.5-sonnet change their

answers to the before and after versions of questions in 20+% of the cases. The rest are far
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more inconsistent with gemini-1.5-flash changing its answers for more than 55% of the

questions; (ii) Surprisingly, adding explanations reduces answer consistency for most models,

with gemini-1.5-pro (+24%), gpt-4-turbo (+14%) and claude-3.5-sonnet (+31%)

being the only exceptions showing improved consistency upon generating explanations.

Goal: lemon zested strawberry shortcakes

Steps:
...
6. Divide dough in half.
7. Add sugar; beat until stiff peaks form.
8. Place 5cm apart on an ungreased baking tray.
...
12. In mixing bowl, beat cream until it begins to thicken.
13. Gently pat or roll each half into a 1.75cm thick circle.
...
NonDep Q: Must Step 12 happen after Step 7?
NonDep A: No, adding sugar is a part of making dough but beating the cream makes the filling.

Steps:
...
6. Divide dough in half.
7. In mixing bowl, beat cream until it begins to thicken.
8. Place 5cm apart on an ungreased baking tray.
...
12. Add sugar; beat until stiff peaks form.
13. Gently pat or roll each half into a 1.75cm thick circle.
...
NonDep-S Q: Must Step 12 happen after Step 7?
NonDep-S A: No, making the filling with cream can be done in parallel to adding sugar in the

dough.

Figure 5.4: Since two steps that are not dependent on each other can be performed in any
order, we swap their order in the plan and ask binary questions about them similar to NonDep.
While the plan itself is altered, the question remains the same.

Order Contrastive Consistency Since step pairs without dependencies can be performed

in any order, we introduce a twist on Step Order Prediction in which the step pairs in NonDep
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are switched in the plan itself. For each modified plan, we create similar binary questions

to NonDep and refer to them as NonDep-S. This helps test whether a model uses the step

order as a heuristic to answer the question. The answer to dependency questions about an

independent pair of steps should stay the same regardless of the order in which the steps are

presented in the plan. Order Contrastive Consistency (OCC) measures the fraction of times

models provide consistent answers to the same question across NonDep and NonDep-S.

We observe a similar overall inconsistency on OCC as with TC, even from the best models.

For most models, generating explanations hurt consistency. Surprisingly, Llama3-8B is

the most robust according to OCC even though its task performance is lowest. In contrast,

gemini-1.5-pro, which has the highest task performance, is the least robust as per this

metric.

Chain-of-Thought Struggles In the experiments thus far, we have asked models to generate

explanations for their answers. In contrast, the standard Chain-of-Thought (CoT) prompting

strategy (Wei et al., 2022b) can be seen as an explain-then-answer approach (E + A), where

we ask the model to generate reasoning or explanation that leads to its answer. In practice,

this step-by-step reasoning can be seen as allowing the use of intermediate decoding tokens

(like a scratchpad) in service to coming up with a possibly more accurate final answer for

many tasks. Table 5.3 compares performance of CoT prompting4 (E + A) to first predicting

the answer and then explaining it (A + E) and simply providing an answer (A), all in the

zero-shot setting when using gpt-4o.

While chain-of-thought (E + A) results in an improvement over the answer-only

setting (A), its performance is far below its counterpart (A + E). This contradicts the

expectation that it is better to use CoT for intermediate reasoning rather than answering

4We try multiple CoT prompts, all with temp = 0, but it has little effect on performance.
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P R F1 TC %

(A) 0.62 0.55 0.49 79.86
(E+A) 0.77 0.65 0.6 83.66
(A+E) 0.73 0.71 0.7 67.46

Table 5.3: Performance of gpt-4o on the Step Order Prediction task when just predicting the
dependency (A) vs predicting and explaining the judgment (A+E) vs using chain-of-thought
prompting (E+A).

and then generating explanations. An emerging body of work has demonstrated similar

performance drops when using CoT (Liu et al., 2025). However, we note that (E + A) does

lead to the highest temporal consistency among all approaches. Looking closer, Table 5.4

shows the performance of these methods on Dep questions. CoT (E + A) has a higher bias

towards predicting dependencies compared to both (A) and (A + E).

P R F1

(A) 0.53 0.92 0.67
(E+A) 0.59 0.98 0.74
(A+E) 0.66 0.86 0.75

Table 5.4: Performance of gpt-4o on the Step Order Prediction task when just predicting the
dependency (A) vs predicting and explaining the judgment (A+E) vs using chain-of-thought
prompting (E+A) on Dep.

Further manual analysis of the explanations shows that (E + A) generates more

vacuous explanations (e.g. just stating that a pair of steps are independent without digging

deeper into what makes them independent). Additionally, (E + A) makes errors by

misunderstanding entity states for a step. Unsurprisingly, both settings suffer from some

hallucinations, sometimes missing the content of the steps being asked about. We present

an example of such hallucinations in Figure 5.5. These results are further indicators of

brittleness and inconsistencies in models’ reasoning about step dependencies.
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Goal: lightly spiced tomato and red lentil soup
Steps:
1. Heat the oil in a saucepan.
2. Add onion and cook over low heat for 7-8 mins...
3. Stir in celery and carrot and cook for 3 mins...
...
9. Blend the soup using hand-held blender.
10. Check the consistency.
11. Season to taste.
...
Question: Explain why or why not Step 10 must happen after Step 3.
Model Answer: Step 10 does not need to happen after Step 3 because the eggplant needs to be

cooked before blending.
Human Score: 1.0

Figure 5.5: Example of hallucinations produced by GPT-4 in the (E + A) setting.

We also include zero-shot results with o1-preview, which was released just before

the time of publication of the original paper on this work. o1-preview uses search over

chain-of-thought explanations as part of its inference process.5 On CaT-Bench, this model

achieves state-of-the-art performance scoring 0.80 F1. This is better than both zero- and

few-shot performance of any other model, and even achieves the best TC at 85%. However,

even this powerful model shows a bias towards predicting dependence (F1 of 0.83) between

steps more than their non-dependence (F1 of 0.76).

Effect of Improved Prompting Techniques We also experiment with self-consistency

(Mitchell et al., 2022) and few-shot prompting (or in-context learning) (Brown et al., 2020a;

Wei et al., 2022a) on gpt-4o (A) for Step Order Prediction. Self-consistency decoding

attempts to improve accuracy by selecting the most common answer from a set of candidate

chain-of-thought completions.

5https://openai.com/index/introducing-openai-o1-preview/
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For self-consistency, we use k={3, 5} and temperature={0.6, 0.8} to sample binary

predictions and take the majority of the predicted labels as the model’s final answer. Contrary

to previous findings (Mitchell et al., 2022), self-consistency did not provide any improvement

over the vanilla zero-shot model performance.

P R F
Zero-shot 0.62 0.55 0.49
Self-Consistency 0.62 0.55 0.49
Few-shot 0.79 0.70 0.68

Table 5.5: Performance of different prompting techniques with gpt-4o on Step Order
Prediction. For self-consistency, we report k = 3 and temp = 0.6 here, and use 5 exemplars
for few-shot experiments.

We use in-context learning (Wei et al., 2022a) with examples selected from the

balanced training set using the BM25 (Robertson and Zaragoza, 2009) algorithm. We use

k=5 exemplars and dynamically retrieve exemplars from a held-out set that are closest to the

test instance. As expected, few-shot prompting improved binary prediction performance

substantially (+0.19). In fact, few-shot performance was almost as good as predicting then

explaining with gpt-4o.

Table 5.6 presents more results for prompting techniques. In particular, we show

more variations of self-consistency. We find that varying the temperature and number of

samples does not make a significant difference.

5.3.3 Understanding Directional Dependencies

We study how models handle questions about different aspects of the same pair of

steps. Typically, questions about why a step must happen before another require reasoning

about preconditions and causes, while answering why a step must happen after another

requires understanding the effects of any performed actions. Figure 5.6 shows the difference
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P R F TC OCC
Zero-shot 0.62 0.55 0.49 79.86% 47.96%
Self-Consistency [3, 0.6] 0.62 0.55 0.49 78.66% 48.17%
Self-Consistency [3, 0.8] 0.61 0.55 0.48 79.58% 47.25%
Self-Consistency [5, 0.6] 0.61 0.55 0.48 79.72% 46.76%
Self-Consistency [5, 0.8] 0.61 0.55 0.48 79.86% 45.99%
Few-shot 0.79 0.70 0.68 81.48% 45.56%

Table 5.6: Accuracy and consistency of different prompting techniques with gpt-4o on the
Step Order Prediction Task. The first number within the square bracket in self-consistency
experiments represents the number of samples and the second represents the temperature at
which predictions were sampled. For few-shot experiments, we use k=5 exemplars and use
BM25 (Robertson and Zaragoza, 2009) to dynamically retrieve exemplars from a held-out
set that are closest to the test instance.
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Figure 5.6: Difference in model performance between (A+E) and (A) settings split by
temporal relation type (before and after) asked about in the question. We subtract F1 score
in the (A) from the (A+E) setting.

in F1 score between answering and providing an explanation (A + E) and the answer-only

setting (A) with different models for these questions. Adding explanations helps all models
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understand effects better (after). We hypothesize that this is because effects in recipes can

be more immediate and hence, would be easier to understand. The biggest gain is seen for

gemini-1.5-pro and gpt-4o, while Llama3-8B and gemini-1.0-pro do not improve by as

much. We note that explanations significantly hurt gpt-3.5-turbo and gemini-1.5-flash

in understanding preconditions, which is unusual.

5.3.4 Reasoning as a Function of Step Distance

Figure 5.7: Difference in performance of models between (A+E) and (A) settings split by
the distance between the steps being asked about in the question.

We study how the distance between the steps in question impacts model performance.

A question is said to be about close steps (stepi, stepj) if (j − i) < 3, and distant otherwise.

Figure 5.7 shows the difference in F1 score between answering then explaining (A + E)

and just answering (A) with different models as a function of step distance. Generating
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explanations helps models reason about distant steps, with gpt-4o and gemini-1.5-pro

receiving the greatest benefit. However, they don’t help understand dependencies between

close steps (which are easier to reason about). In fact, producing explanations even hurts

some models, particularly gpt-3.5-turbo. We hypothesize that models are likely to predict

dependencies between steps that are distant from each other, since it is likely that steps

towards the end of a plan depend on ones near the start. We find that this is indeed true:

the recall for the nondependent class is very low (usually, ∼20%) and models are biased

towards predicting a dependency between distant steps.

5.4 Human Evaluation of Explanations

For open-ended text generation tasks such as Step Order Explanation, the absence of

an automatic metric that correlates well with human judgments is a major challenge (Chen

et al., 2019; Ma et al., 2019; Caglayan et al., 2020; Howcroft et al., 2020). We utilize human

evaluation with a standardized interface to compare different models. We aim to measure

whether a model output is a valid explanation for the given question. We present answers

from different models and ask crowd-workers on Amazon Mechanical Turk to assess their

correctness. Workers were asked to rate the validity of each answer on a 5-point Likert

scale (Likert, 1932) (1 to 5). For each plan, question, and model answer, we ask 3 distinct

annotators to provide judgments. An explanation was considered invalid if it does not give a

plausible reason that is also relevant to the question.

On a random subset of 480 questions (240 Dep and 240 NonDep), we conduct a

crowdsourced human evaluation of the explanations generated by gpt-4o, gpt-4-turbo,

gemini-1.5-pro and Llama3-8B, the three best LLMs for Step Order Prediction and an

open-source model. Annotators rated how much they agree (1 to 5) with the fact that the

answer contains all the relevant details to address what the question requires.
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For each explanation, we compute the mean Likert rating from three distinct

annotators. First, we report Avg, the overall average of these mean ratings across all 480

instances. To account for cases where the answer is incorrect, we also devised a new metric

ModAvg that accounts for cases where the step order prediction is incorrect. To calculate

ModAvg, we modify Avg by zeroing out human judgments for explanations where the

corresponding prediction is incorrect.

We use weighted Fleiss Kappa to calculate inter-annotator agreement. The weighted

agreement score on a 5 point scale was 0.76, indicating high agreement between annotators.

Avg ModAvg
Llama3-8B 3.26 1.87
gpt-4-turbo 3.85 2.90
gpt-4o 3.84 2.93
gemini-1.5-pro 3.83 2.69

Table 5.7: Human evaluation metrics for explanations generated by various models in the
(A+E) setting.

Table 5.7 presents the quality of model generated explanations as judged by human

annotators. As expected, larger models are clearly better than the much smaller Llama3-8B on

all metrics. There is very little difference between the frontier models, gpt-4o, gpt-4-turbo

and gemini-1.5-pro. Avg performance indicates that there is significant room for improve-

ment in the quality of model explanations. On ModAvg, we see that even the best model

performance is below 3 (“neither agree nor disagree” with a model’s explanation). By this

metric, gemini-1.5-pro explanations are worse than GPT-4 even though it generates more

correct answers. The difference between Avg and ModAvg indicates models are capable of

generating convincing explanations for their wrong answers. They produce explanations

which justify the opposite of their answer a significant number of times. In fact, Llama3-8B

does so almost half the time. These results show that models have room for improvement in
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their ability and reliability to reason about step dependencies in plans.

5.4.1 Human Evaluation Details

Figure 5.8 and Figure 5.9 show the instructions as well as one of the examples

presented to annotators when eliciting judgments for model explanations for Dep and

NonDep questions. For each HIT, workers were asked to read the goal of the plan and its

steps and then evaluate 6 randomized questions and corresponding answers from models,

providing judgments on a Likert scale of 1 to 5. We only selected US-based master turkers

who have a minimum lifetime approval rating of 95%. On average, workers took 3 minutes

and 51 seconds to judge 6 answers to questions about a plan. We pay them $1.5 per HIT

which translates to $23.35 per hour, significantly higher than federal and local minimum

wage.
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Figure 5.8: Instructions provided to annotators when making judgments about explanations
for Dep questions.
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Figure 5.9: Instructions provided to annotators when making judgments about explanations
for NonDep questions.

5.4.2 Additional Human Evaluation Results

We also used two additional metrics to interpret human judgments of model answers.

For AvgBin, we transform each score into a binary value (1 if >3 and 0 otherwise), calculate

the mean of these values for an answer and average them over all the data points. We calculate
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the majority binary class of judgments for each explanation as MajVote. We report all the

metrics for Dep and NonDep in Table 5.8 and Table 5.9 respectively. Looking at AvgBin,

we note that there is room for improvement on the quality of model explanations. MajVote

indicates that model explanations are convincing even when they are wrong. Note that these

metrics do not account for corresponding answer correctness for a model’s explanation.

Figure 5.10 presents the distribution of human judgment scores for explanations

generated by various models (A + E). We note that models frequently produce high quality

answers (5); however, they make too many errors (<3 out of 5) to be consistently reliable.

Avg ModAvg AvgBin MajVote
Llama3-8B 3.77 3.14 0.70 75.42
gpt-4-turbo 3.95 3.39 0.77 79.58
gpt-4o 4.08 3.58 0.83 87.92
gemini-1.5-pro 3.98 3.8 0.77 87.08

Table 5.8: Human evaluation metrics for explanations generated by various models for Dep
questions.

Avg ModAvg AvgBin MajVote
Llama3-8B 2.75 0.6 0.40 35.83
gpt-4-turbo 3.74 2.41 0.70 75.83
gpt-4o 3.6 2.29 0.66 71.67
gemini-1.5-pro 3.69 1.58 0.68 75.42

Table 5.9: Human evaluation metrics for explanations generated by various models for
NonDep questions.

5.4.3 Inter-annotator Agreement

We measure the inter-rater reliability of annotators’ judgments using weighted Fleiss’s

Kappa (Marasini et al., 2016), following the weighting scheme used by Bastan et al. (2020).

This measure has a penalty for each dissimilar rating based on the distance between the two

ratings. For instance, if two annotators classify a document as positive, the agreement weight
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Figure 5.10: Distribution of human judgment scores for explanations generated by various
models (A+E).

is 1, but if one classifies it as positive and the other as slightly positive, the agreement weight

is lower. The weights between different classes are shown in Table 5.10 where negative,

slightly negative, neutral, slightly positive, and positive classes are shown with -2, -1, 0, 1,

and 2. We follow the setup used in Bastan et al. (2020) for a similar multi-class labeling task.

-2 -1 0 1 2

-2 1 cos π/8 cos π/4 cos 3π/8 0
-1 cos π/8 1 cos π/8 cos π/4 cos 3π/8
0 cos π/4 cos π/8 1 cos π/8 cos π/4
1 cos 3π/8 cos π/4 cos π/8 1 cos π/8
2 0 cos 3π/8 cos π/4 cos π/8 1

Table 5.10: Inter-class weights used for computing inter-annotator agreement

Table 5.11 presents the inter-annotator agreement for judgments on answers to
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different types of questions in CaT-Bench. The high Fleiss Kappa values demonstrate strong

agreement between annotators and indicate reliability of our human evaluation framework.

Weighted Fleiss
Kappa

Weighted Binarized
Fleiss Kappa

Dep 0.808 0.941
NonDep 0.705 0.934

Table 5.11: Inter-annotator agreement as measured by Fleiss Kappa for each question type
in CaT-Bench
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5.5 Error Analysis

Goal: vanilla rye cheesecake
Steps:
1. Preheat the oven to 150 degrees C
2. Place the biscuits into a plastic bag and crush.
...
10. Place baking dish onto bottom rack of preheated oven and fill halfway with boiling water.
...
Question: Explain why or why not Step 10 must happen after Step 2.
Model Answer: Step 10 must happen after Step 2 because the baking dish with boiling water

needs to be placed in the oven just before baking the cheesecake to create a moist environment,
which is necessary after the biscuit base has been prepared and the filling has been added.

Human Score: 5.0
Goal: lemon zested strawberry shortcakes
Steps:
1. In bowl, combine strawberries and sugar...
2. In bowl, combine flour, sugar, baking powder and salt.
3. Rub butter into flour until forming coarse crumbs.
...
9. Bake at 200 C / Gas 6 for 8-10 minutes.
10. Remove to a wire rack; cool for 15 minutes.
11. In bowl, combine butter and lemon zest; set aside.
...
Question: Explain why or why not Step 10 must happen after Step 2.
Model Answer: Step 10 involves cooling the baked shortcakes, which are prepared and baked

in steps 5 through 9, and does not depend on the flour mixture preparation in step 2.
Human Score: 1.0

Figure 5.11: Examples of cases where GPT-4 comes up with good (upper box) and bad
(lower box) answers. This error is of the multi-hop dependency type. To make shortcakes,
removing the cake from the oven (Step 10) is dependent on baking the cake (step 9) which is
later dependent on combining the ingredients (Step 2).

To better understand model failures, we sample and analyze 50 explanations generated

by gpt-4o (A + E) where it produces an incorrect answer. We identified 4 major types of

errors:

• Multi-hop dependency (40%): Failure to understand that two steps might be related
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through an intermediate step. For instance, to make shortcakes in Figure 5.11, removing

the cake from the oven (Step 10) is dependent on baking the cake (Step 9) which,

consequently, is dependent on combining the ingredients (Step 2). The model does not

seem to understand the transitive nature of such dependencies.

• Effects (20%): Failure to understand that an effect of the preceding step leads to

the succeeding step, e.g., serving a cake must happen after mixing ingredients and

consequently baking. LLMs fail to identify additive effects of steps in a plan which

enable a later step, leading to goal completion.

• Preconditions (18%): Failure to understand a condition that needs to be satisfied for a

step to happen. For instance, to add sauce in a later step, meatballs need to be cooked

first so they can be added to the sauce.

• Irrelevant Answers (18%): Model produces answers that are unrelated to the step being

asked about. It is surprising to see that LLMs mistakenly produce an answer about an

unrelated step, particularly given that the input context is short (well below maximum

context length) and can be easily used for grounding.
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Goal: fusilli and meatballs
Steps: ...
15. Cook the meatballs until browned on all sides.
16. Drain on kitchen paper.
17. Add the meatballs to the tomato sauce.
...
20. Toss with 3 ladlefuls of sauce in serving bowl..
...
Question: Explain why or why not Step 20 must happen after Step 15.
Model Answer: Step 20 can happen after Step 19 as it involves tossing the cooked pasta with

the sauce, which is independent of browning the meatballs in Step 15.

Goal: chocolate cake
Steps:
1. Preheat oven to 180C / Gas Mark 4.
2. Put chocolate chips, coffee, water in bowl.
3. Microwave until melted.
...
7. Gradually beat in sugar till fluffy.
8. Gradually add and beat in egg yolks.
...
Question: Explain why or why not Step 3 must happen before Step 7.
Model Answer: The chocolate mixture needs to be cooled before it is added to the batter in

Step 10.

Goal: almond and apple cake
Steps:...
7. Add half the flour and half the milk.
8. Use a wooden spoon to stir until well combined.
...
13. Set aside to cool slightly before plating.
14. Serve warm.
...
Question: Explain why or why not Step 14 must happen after Step 8.
Model Answer: Step 14 is the final step and cannot happen after mixing the ingredients.

Figure 5.12: Examples of types of GPT-4 errors. The top box contains an error related to
misunderstanding preconditions, the second one about producing irrelevant answers and the
last one about misunderstanding effects.
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5.6 Limitations and Ethical Considerations

While our work only considers cooking recipes as procedural texts, our methods

can in principle be applied to many other domains. Medical practice guidelines, repair

manuals, and software tutorials among others are domains worth investigating. Our work

only investigates English-language documents and this limits the generalizability of our

findings to other languages.

We benchmark a reasonably diverse set of LLMs, covering 3 model families and

models of varying sizes. Due to the current fast-paced landscape of LLM development,

future work should continue to evaluate more LLMs on CaT-Bench. It is also difficult

for any one person to adequately evaluate the various aspects of plans, particularly recipes.

To alleviate this problem, we use 3 crowd-sourced annotators to judge model explanations

and consider their average judgment, but recognize the limitations of this solution. We do

show high inter-annotator agreement using Weighted Fleiss Kappa (Marasini et al., 2016),

demonstrating the reliability of our results.

We use BM25 as a reasonable choice to find similar exemplars. We acknowledge

that there are more modern techniques for selecting in-context examples, but this step is not

the focus of our current work. We leave further exploration of exemplar selection methods to

future work. For a domain like recipe text where texts are long and less amenable to a single

embedding vector approach, keyword-based retrieval such as BM25 is very effective. Since

there are no gold explanations, we cannot combine few-shot prompting and chain-of-thought

(or answer-then-explain) settings for gpt-4o. We also do not advocate for using gold

explanations along with automatic metrics to judge model explanations due to established

inadequacies in using automatic metrics for free-form generations. Due to strict rate limits

on the recently released Gemini models, we are unable to analyze gemini-1.5-pro through

chain-of-thought and other prompting techniques. For consistency, we analyze gpt-4o since
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it has similar performance (A + E) on CaT-Bench.

Prior work has shown that LLMs exhibit various types of bias. While they do not

generate free-form language for our binary prediction task, it is possible, though highly

unlikely, that biases explicitly come up in the explanations. Deploying such unreliable

models into critical infrastructure and relying on them for decisions can cause harm to users.

5.7 Conclusions

Understanding plans requires reasoning about their different aspects such as precon-

ditions and effects. We introduce CaT-Bench, a new benchmark to evaluate the causal and

temporal reasoning abilities about plans. Despite the remarkable strength of current SOTA

LLMs, we found that none of them are very good at understanding whether one step in a

plan must precede (or succeed) another. Particularly, they are much worse at knowing when

there is not a dependency between steps. We also found that LLM predictions are not robust

as measured by two metrics of consistency. Prompting LLMs to provide an answer and

then to explain it improves performance significantly, and surprisingly performs better than

chain-of-thought prompting. Human evaluation of these explanations shows that models

have a long way to go at understanding dependencies.
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Chapter 6: MET-Bench: Multimodal Entity Tracking for
Evaluating the Limitations of Vision-Language and

Reasoning Models

Presented at the International Conference on Machine Learning (ICML) 2026.

6.1 Introduction

Action reasoning and forward planning require more than understanding the precon-

dition relationships between actions evaluated in Chapter 5. They require world modeling

(Ding et al., 2026): understanding how the state of entities in the world evolves through

sequences of actions. The corrective planner in Chapter 3 provides this capability, simu-

lating entity states forward through a planning domain to identify and repair precondition

violations. For a model to perform such reasoning without an external planner, it must

be able to track entity states internally. Given the growing reliance on foundation models

as decision-making agents (Cohen et al., 2024), it is important to evaluate whether they

can perform entity state tracking on their own rather than relying on external symbolic

planners. Moreover, many important applications of entity state tracking, including robotic

manipulation (Yoneda et al., 2024; NVIDIA et al., 2025), video question-answering (He

et al., 2025), and computer-control agents (Bishop et al., 2024; Sager et al., 2025), require

reasoning over visual inputs, making multimodal state tracking a necessary capability. This

chapter evaluates whether current vision-language models possess this capability. In Cohen

and Mooney (2026), we introduce MET-Bench, a multimodal benchmark that tests whether

models can maintain a consistent representation of entity states as those states are updated

by sequences of textual and visual observations.
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Figure 6.1: In the multimodal entity tracking benchmark (MET-Bench), a vision-language
model (VLM) predicts the final entity state from the initial state and actions that update the
entity state. In Chess and Shell Game, the initial entity state is provided as text and the
actions are given as images or text. The predicted final state is a text representation of the
entity state. In Minecraft, the initial state is given as text or image and the actions as text.
The task is to predict the correct final state from a multiple choice candidate set of text or
image representations.

Early progress on entity tracking emerged within text-only tasks. From coreference

resolution (Hobbs, 1978; Lappin and Leass, 1994) and discourse processing to narrative

comprehension, computational linguistics has long grappled with the challenge of maintaining

coherent entity representations across textual contexts (Bunescu and Paşca, 2006; Schank

and Abelson, 1977b).

While significant progress has been made in text-only tasks (Liu et al., 2023b;

Papalampidi et al., 2022), the broader challenge of understanding how entities change

through sequences of actions or events remains an open challenge (Fagnou et al., 2024;

Kim and Schuster, 2023; Toshniwal et al., 2022). This limitation becomes apparent in tasks

requiring integration of information across multiple modalities, an increasingly important

frontier in AI as systems are asked to reason about content that combines text with other

modalities like images and video.

Our work examines this challenge through the lens of multimodal entity state tracking,

where changes to entity states must be understood from both textual descriptions and visual

observations. This setting provides a natural extension to classical NLP problems while also
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connecting to emerging research in multimodal dialogue, robotics, and human-AI interaction.

We focus specifically on scenarios where multimodal models must reason about world-state

changes described through a combination of text and images.

To systematically evaluate models’ capabilities in this multimodal setting, we study

three domains: multimodal Chess, Shell Game, and Minecraft. Through Chess and Shell

Game, we assess how effectively current language models can track entity states when updates

are conveyed through both text and images. Our analysis reveals substantial disparities in how

models process text-based and image-based entity-state updates, highlighting fundamental

limitations in their multimodal understanding. While Chess and the Shell Game provide

structured testbeds for evaluating entity tracking, real-world applications often involve more

ambiguous and dynamic environments. However, by isolating state-tracking performance in

controlled settings, we establish a clear baseline for assessing multimodal reasoning, one

that provides a straightforward means of evaluation where difficulty is easily controlled.

We also evaluate state prediction performance in Minecraft, which offers a setting

more applicable to real-world state tracking performance, while still enabling controlled

evaluation. In Minecraft, we instead vary the state modality to analyze the difference in

models’ abilities to reason about states presented as visual and textual inputs.

6.2 Background

We formulate the problem of multimodal entity tracking as a sequential state

estimation task, where an agent must infer the final state of a system given an initial state

and a series of observed actions. Formally, at each time step t, the environment is in state

St, and transitions occur according to an action sequence A = (a1, a2, . . . , aT ). The agent

receives at corresponding to each action, which may be textual atext
t or visual aimage

t . The
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objective is to infer the final state:

ST = f(S0, a1, a2, . . . , aT ),

where f is the function modeling entity state updates.

In Chess and Shell Game, MET-Bench represents the initial and final states of each

domain as text but also evaluates models’ ability to track entity state changes through images.

This approach isolates the multimodal entity tracking challenge by ensuring that models

begin and end with well-defined textual representations while processing state transitions

visually. This assesses the models’ capacity to maintain coherent entity representations

across modalities while minimizing confounding errors from perceptual failures, which

remain a limitation of current vision-language models (Sharma et al., 2024). In Minecraft,

actions are represented as text and the input and final states are represented either as text or

images.

6.2.1 Chess

Chess is a well-studied domain for testing entity tracking of deep learning models

(Toshniwal et al., 2022). The state St represents an 8×8 board configuration expressed in

Forsyth-Edwards Notation (FEN), actions correspond to legal chess moves from real games,

and action observations consist of either symbolic Universal Chess Interface (UCI) notation

or visual board-image descriptions of moves. We likewise adopt chess as an entity tracking

testbed where the task is to maintain a correct representation of the board state across a

sequence of moves.

Utilizing real games from Millionbase1 (Toshniwal et al., 2022), we generate

sequences of states and actions (moves) using standard chess notation: UCI for actions and

1rebel13.nl/rebel13
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FEN for board states. Text-Encoded Moves (each action is provided as a short UCI textual

description, e.g., “e2e4” for moving a piece from e2 to e4); Image-Encoded Moves each

action is accompanied by a rendered image serving as a visual representation of the move;

see Fig. 6.1. The visual action depictions were created to enable high perceptual accuracy,

as shown by the results in Table 6.7. In both cases, the final output is the FEN-encoded

location of each piece on the board after a sequence of moves. The dataset includes multiple

game trajectories of varying length, capturing a variety of piece types and board states.

6.2.2 Shell Game

Shell Game is a classic demonstration of hidden-state tracking. A ball is placed

under one of three cups (or shells), which are then swapped pairwise in succession. The goal

is to track which cup currently hides the ball. The state St tracks the hidden position of a ball

under three shells, and actions correspond to swaps between pairs of shells. Other works

have explored text-based shell-game-like domains with varying levels of added complexity

(Li et al., 2021; Long et al., 2016; Kim and Schuster, 2023).

Shell Game has a simpler entity-state and action space than Chess. However, while

many frontier models have been trained on UCI/FEN-encoded chess games, the Shell Game

is, to the best of our knowledge, not present in the training data of these models, though

there may be analogous tasks in the pretraining data.

We simulate repeated Shell Game swaps to create a set of Shell Game trajectories.

Swap actions are either: Text-Encoded Swaps “x swap y”, where {x, y} ⊂ {1, 2, 3};

Image-Encoded Swaps an image depicting the shells being swapped, with the ball not

visible; see Fig. 6.1. The ground truth entity state after the game finishes is a single number

indicating the final shell position of the ball.
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6.2.3 Minecraft

Minecraft is a more complex domain where state tracking requires reasoning about

partial observation, dynamic environments, and visually complex scenes. The state St is the

player’s local first-person world state, either as an image or textual description including

position, orientation, nearby blocks, and visible scene contents. Actions correspond to

low-level player inputs such as walking, turning, attacking, using an item, climbing, or

descending (e.g., “Walk forward 8 blocks, attack”). Unlike Chess and Shell Game,

where the model predicts a symbolic final state, in Minecraft the model must predict the

correct next state from four choices, sampled from adjacent parts of the trajectory. The

ground truth output is a single multiple-choice index indicating which candidate is the

correct next state.

We collect a dataset of trajectories across multi-step scripted behaviors, including

collect wood, explore, and build structure. Each trajectory consists of rendered

first-person frames paired with per-tick game telemetry in text. We generate benchmark

examples by sampling an input state, the input controls used, and four candidate next states,

one of which is the true successor. We evaluate two parallel state encodings: Text-Encoded

States where the input and candidate states are rendered from game telemetry as structured

textual descriptions and Image-Encoded States where the input and candidate states are

first-person Minecraft screenshots; see Fig. 6.1. The text-encoded states contain rich task

information, which the model must infer from the visual observations.

The text setting serves as an upper bound on task performance: the state information

is structured, so accuracy reflects the model’s state reasoning ability alone. The image

setting presents similar information visually, so any performance gap directly quantifies the

deficit introduced by visual state understanding. If a model possessed equal competence

in visual and textual reasoning, the two settings would yield comparable accuracy. The
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magnitude of this gap therefore isolates the contribution of visual understanding to overall

entity tracking failure.

6.3 Approach

We utilize the standard chat-based input schema exposed by current models that

consists of interleaved user-provided and model-generated messages. Figure 6.2 shows the

prompting strategy used for the Chess domain. Similarly, Figure 6.3 details the prompting

strategy used for the Shell Game domain.

In the case of image-action input, the text actions are replaced with their image-

rendered versions and a text description of how to interpret the image-actions is provided.

Fig. 6.1 shows the image representations used for the Chess and Shell Game actions. These

image representations were created through visual prompt engineering to maximize the

classification accuracy of actions depicted. Various common image representations were

explored including arrows, bounding boxes, and symbolic markers. The image depiction of

the game actions is explained to the language model every time images are provided using

the prompts shown in Figures 6.4 & 6.5.

107



Role Messages

User You are a helpful assistant that tracks chess moves in a game
and produces the final FEN. The initial state is:
rnbqkbnr/pppppppp/8/8/8/8/ PPPPPPPP/RNBQKBNR w KQkq - 0 1

Here are the moves played:
e2e4

e7e5

Now what is the final FEN? Output FINAL ANSWER: [FEN].

Assistant FINAL ANSWER: rnbqkbnr/pppp1ppp/8/4p3/4P3 /8/PPPP1PPP/RNBQKBNR w KQkq - 0 2

Figure 6.2: An example zero-shot user-assistant exchange in the Chess domain, showing
the initial board state as FEN, two UCI moves (e2e4, e7e5) and the final state. For image
actions, the UCI moves are replaced with their visual representations and a description of
how to interpret these images. The FEN is line-broken for readability.

Role Messages

User The shell game is a classic game where a ball is hidden under
one of three shells. You are a helpful assistant that tracks the
position of the ball. The ball starts under shell 2. Here are
the moves played:
1 swap 3

2 swap 3

Now what is the final position of the ball? Only output the
number 1, 2, or 3.

Assistant 3

Figure 6.3: An example zero-shot user-assistant exchange in the Shell Game domain,
illustrating how the system tracks swaps to determine the ball’s final shell.
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Role Messages

User You are a helpful assistant that interprets image-based actions
in chess.
Here is an image representing a move:
[Image Input]
In UCI notation, what move does the arrow on the chessboard
represent? The move is from the green square to the red square.
(e.g., ‘e2e4’). Only output the move and nothing else.

Assistant e2e4

Figure 6.4: An example user-assistant exchange in the Chess domain, where the assistant
identifies the move represented in the image.

Role Messages

User You are a helpful assistant that interprets image-based actions
in the shell game.
Here is an image representing a swap:
[Image Input]
In shell game notation, which shells are being swapped in the
image? Shells are labeled ‘1’, ‘2’, ‘3’ and the shells being
swapped have their numbers highlighted in green. Only output a
pair like ‘1 swap 3’ and nothing else.

Assistant 1 swap 3

Figure 6.5: An example user-assistant exchange in the Shell Game domain, where the
assistant identifies the shell swap represented in the image.

6.3.1 Benchmark Statistics

Table 6.1 shows the train/validation/test split sizes for each published domain in

MET-Bench. Results are reported on a 500 example subset of each test set and 100 examples

for the largest reasoning models.
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Table 6.1: Split sizes for the publication datasets. Metrics are reported on a 500 or 100
example subset of the test sets as discussed in Section 6.4.2.

Split Examples

Chess
Train 99,000
Validation 3,000
Test 3,000

Shell Game
Train 50,000
Validation 1,000
Test 5,000

Minecraft
Train 5,000
Validation 500
Test 1,500

6.3.2 GRPO Training for Entity Tracking

To investigate whether reinforcement learning can improve entity tracking in open-

weight vision-language models, we apply GRPO to train models on MET-Bench tasks.

Reward Function Design For entity tracking, we use reward functions that leverage

the automatic verifiability of our benchmark tasks. For Chess, the reward is the accuracy of

the predicted board:

Rchess(y, y
∗) =

1

64

64∑
i=1

1[yi = y∗i ],

For Shell Game, the reward is binary based on the ball position:

Rshell(y, y
∗) = 1[y = y∗].

We train Gemma 3 4B IT (GemmaTeam et al., 2025). For the Chess and image

settings at 10 actions, the base policies do not output valid chain-of-thought; to enable
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RL training, we initialize the policy with a valid output format by finetuning on synthetic

demonstrations. Separately, we find that finetuning on only the final entity state does not

generalize, supporting the results in Tables 6.4 and 6.6 that sequential state tracking is made

easier by generating intermediate reasoning.

Table 6.2 summarizes the key hyperparameters used for GRPO training across

domains and modalities. All experiments are implemented using the TRL library (von

Werra et al., 2020) with the Adafactor optimizer (Shazeer and Stern, 2018). Training is

performed on a subset of 10,000 10-action trajectories until convergence. For the Chess

domain and image modality, the Gemma 3 4B IT base policy is not strong enough to output

valid reasoning traces. For this setting, we initialize the policy with finetuning on 1,000

synthetic demonstrations.

Table 6.2: GRPO training hyperparameters.

Gemma 3 4B IT Gemma 3 4B IT

Param Chess Shell Chess Shell
(Text) (Text) (Image) (Image)

Optimizer Adafactor Adafactor Adafactor Adafactor
Learning Rate 5e-7 1e-7 5e-7 5e-7
Batch Size 4 4 1 1
Grad. Accum. 16 16 16 16
Group Size 8 8 8 8

6.4 Experiments

Our experiments test a wide range of models (Section 6.4.1) and settings to evaluate

different aspects of frontier-model entity-tracking performance. For all experiments, the

models are sampled with a temperature of zero.
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6.4.1 Model Details

Table 6.3 details the models used for evaluation and training. Models were selected

to sample a wide range of leading providers, including open-source and closed models, and

various sizes and protocols for reasoning training. We report separate results for models

with dedicated reasoning training or decoding strategies beyond chain-of-thought output.

Table 6.3: Models used in MET-Bench evaluation and training.

Model Name

Anthropic
Claude 3.7 Sonnet (Anthropic, 2025)
Claude 4.5 Opus (Anthropic, 2025)
Claude Sonnet 4.6 (Anthropic, 2026)

Google DeepMind
Gemini 2.5 Flash, Pro (Gemini Team, 2025)
Gemma 3 4B IT, 27B IT (GemmaTeam et al., 2025)

Meta
Llama 4 Maverick (Meta, 2025)

MiniMax
MiniMax-VL-01 (MiniMax et al., 2025)

Mistral
Mistral Small 3.2 24B (Mistral, 2025)

OpenAI
GPT-4o, 4o mini (OpenAI et al., 2024a)
GPT-4.1, 4.1-mini, 4.1-nano (OpenAI, 2025a)
GPT-5.2, 5.4-mini (Singh et al., 2025)
o1 (OpenAI et al., 2024b)
o3, o4-mini (OpenAI, 2025b)

Qwen
Qwen3-VL 8B, 30B, 235B-A22B (Qwen Team, 2025)

112



6.4.2 Tracking in Text Outperforms Images

We evaluate the difference in accuracy when tracking entity states from text and

image actions in zero-shot, few-shot, chain-of-thought, and reasoning settings and report

95% confidence intervals (CI). For the few-shot experiments, N = 5 examples are selected

at random from the training set and prepended to the test example. To evaluate the effect of

chain-of-thought reasoning, we prompt the model as in the zero-shot case but append “think

step by step before producing a final answer.” In both domains, we evaluate on a set of 500

examples selected at random from the test set, each with a sequence length of ten actions,

and 100 for reasoning models.

113



Table 6.4: Entity tracking accuracy (95% CI) in Chess for text-only and image-only actions.
In the Few-Shot settingN = 5 in-context examples are used. Methods with explicit reasoning
perform best. The baseline is predicting the Game Start board configuration.

Model Chess
Text Image

Baseline
Game Start 74.9 ± 0.5 74.9 ± 0.5

Zero-Shot
GPT-4o 91.6 ± 0.3 76.0 ± 0.5
GPT-4o-mini 75.6 ± 0.5 55.3 ± 0.5
GPT-4.1 85.6 ± 0.4 67.7 ± 0.5
GPT-4.1-mini 82.5 ± 0.4 77.5 ± 0.5
GPT-4.1-nano 77.5 ± 0.5 73.3 ± 0.5
Gemini-2.5-Flash 91.0 ± 0.3 66.9 ± 0.5
LLaMA-4 Maverick 86.7 ± 0.4 51.1 ± 1.2
MiniMax-VL-01 85.9 ± 0.4 73.4 ± 0.5
Claude 3.7 Sonnet 96.1 ± 0.2 70.2 ± 0.5

Few-Shot (n=5)
GPT-4o 94.3 ± 0.2 77.6 ± 0.5
GPT-4o-mini 74.5 ± 0.5 74.2 ± 0.5
GPT-4.1 86.6 ± 0.4 64.9 ± 0.5
GPT-4.1-mini 81.2 ± 0.4 76.9 ± 0.5
GPT-4.1-nano 74.5 ± 0.5 74.6 ± 0.5
Gemini-2.5-Flash 91.3 ± 0.3 72.0 ± 0.5
LLaMA-4 Maverick 85.8 ± 0.4 48.1 ± 0.6
MiniMax-VL-01 88.0 ± 0.8 40.8 ± 1.2
Claude 3.7 Sonnet 99.2 ± 0.1 77.7 ± 0.5

Chain-of-Thought
GPT-4o 94.2 ± 0.3 83.4 ± 0.4
GPT-4o-mini 67.0 ± 0.5 41.8 ± 0.5
GPT-4.1 98.1 ± 0.1 75.3 ± 0.5
GPT-4.1-mini 86.4 ± 0.4 77.6 ± 0.5
GPT-4.1-nano 49.0 ± 0.6 34.6 ± 0.5
Gemini-2.5-Flash 77.0 ± 1.0 44.6 ± 1.2
LLaMA-4 Maverick 82.4 ± 0.4 61.9 ± 0.5
MiniMax-VL-01 62.3 ± 0.5 32.8 ± 0.5
Claude 3.7 Sonnet 99.5 ± 0.1 96.2 ± 0.2

Reasoning
o1 98.2 ± 0.3 83.5 ± 0.9
o3 99.9 ± 0.1 45.5 ± 1.2
o4-mini 84.2 ± 0.9 78.0 ± 1.0
Gemini-2.5-Pro 77.4 ± 1.0 76.8 ± 1.0
Gemini-2.5-Flash 40.2 ± 1.2 17.4 ± 0.9
Claude 3.7 Sonnet 99.8 ± 0.1 96.0 ± 0.5
Claude 4.5 Opus 99.9 ± 0.1 99.5 ± 0.2
GPT-5.2 98.0 ± 0.4 99.3 ± 0.2

Chess In the Chess domain, we report the per-square accuracy of the predicted board, that

is the ratio of correctly predicted pieces (or absence of a piece) to the total number of board

tiles. The ‘Game Start’ baseline is the accuracy of predicting the initial board configuration.

After only ten actions, much of the board remains unchanged, so this is a strong baseline.

Table 6.4 reports the accuracy for text and image actions in the chess domain.

Performance in the text modality is significantly better than in the image modality. In the

zero-shot setting, the best-performing text model Claude 3.7 Sonnet achieves an impressive
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96.1%± 0.2% accuracy, while its image-based counterpart drops sharply to 70.2%± 0.5%.

A similar trend holds across models, indicating that current models can perform entity

tracking in text but fail to integrate visual updates as effectively.

Few-shot prompting, chain-of-thought prompting, and reasoning lead to performance

improvements. Because predicting the initial board position is a strong baseline for the

accuracy metric, we report additional metrics (exact FEN match, changed square accuracy,

and board legality) to assess the robustness of model predictions. We consider three

complementary measures that provide a more fine-grained picture of model performance.

Exact-match FEN accuracy requires the model to predict the exact FEN representation,

offering the strictest metric on board prediction. Changed-square accuracy isolates

performance on squares whose contents differ from the starting position, testing whether

models genuinely track game dynamics rather than memorizing the initial board layout.

Legal board position is the fraction of predictions that are legal board positions. Together,

these metrics complement per-square accuracy to provide a robust view of entity tracking

performance in Chess. These more challenging evaluation settings confirm that the strongest

models do track entity state, and that high performance is not an artifact of per-square

accuracy. For non-reasoning models like GPT-4o, in many cases the per-square accuracy

is high even when these less permissive metrics are low, indicating the models have not

mastered the task.

We also perform an ablation using a random mixture of text and image-specified

moves in Section 6.4.7. As expected, performance drops smoothly as the proportion of

image-actions increases.
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Table 6.5: Chess entity tracking with stronger metrics. Exact: exact-match FEN accuracy
(%). Changed: accuracy on squares that changed from the initial position (%). Legal:
fraction of predictions that are legal board positions (%). All values report mean ± 95% CI.

Text-Only Image-Only

Model Exact Changed Legal Exact Changed Legal

Baseline
Game Start 0.0 ± 0.0 0.0 ± 0.0 100.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 100.0 ± 0.0

Zero-Shot
GPT-4o 2.0 ± 1.3 81.7 ± 0.8 58.6 ± 4.3 0.0 ± 0.4 14.1 ± 0.8 95.4 ± 1.9
GPT-4o-mini 0.0 ± 0.4 25.2 ± 0.9 24.2 ± 3.7 0.0 ± 0.4 33.9 ± 1.0 21.8 ± 3.6
GPT-4.1 1.2 ± 1.0 78.4 ± 0.9 66.4 ± 4.1 0.0 ± 0.4 25.8 ± 1.0 74.6 ± 3.8
GPT-4.1-mini 0.4 ± 0.7 63.5 ± 1.1 35.8 ± 4.2 0.0 ± 0.4 15.4 ± 0.8 58.0 ± 4.3
GPT-4.1-nano 0.0 ± 0.4 46.1 ± 1.1 51.0 ± 4.4 0.0 ± 0.4 3.4 ± 0.4 92.2 ± 2.4
Gemini-2.5-Flash 2.4 ± 1.4 83.6 ± 0.8 38.8 ± 4.3 0.0 ± 0.4 7.2 ± 0.6 59.6 ± 4.3
LLaMA-4 Maverick 0.0 ± 0.4 75.6 ± 0.9 40.4 ± 4.3 0.0 ± 0.4 48.2 ± 1.1 1.0 ± 0.9
MiniMax-VL-01 0.2 ± 0.5 67.9 ± 1.0 77.0 ± 3.7 0.0 ± 0.4 2.6 ± 0.4 94.0 ± 2.1
Claude 3.7 Sonnet 18.8 ± 3.4 90.0 ± 0.7 79.6 ± 3.5 0.0 ± 0.4 30.7 ± 1.0 82.2 ± 3.3

Few-Shot (n=5)
GPT-4o 3.2 ± 1.6 89.7 ± 0.7 83.6 ± 3.2 0.2 ± 0.5 33.5 ± 1.0 99.6 ± 0.7
GPT-4o-mini 0.2 ± 0.5 47.1 ± 1.1 58.6 ± 4.3 0.0 ± 0.4 5.6 ± 0.5 63.0 ± 4.2
GPT-4.1 2.4 ± 1.4 81.7 ± 0.8 79.6 ± 3.5 0.0 ± 0.4 29.6 ± 1.0 74.4 ± 3.8
GPT-4.1-mini 0.6 ± 0.8 66.1 ± 1.0 70.4 ± 4.0 0.2 ± 0.5 34.6 ± 1.0 74.8 ± 3.8
GPT-4.1-nano 0.0 ± 0.4 48.3 ± 1.1 50.4 ± 4.4 0.0 ± 0.4 0.7 ± 0.2 98.6 ± 1.1
Gemini-2.5-Flash 26.4 ± 3.9 90.2 ± 0.7 82.0 ± 3.4 0.2 ± 0.5 27.0 ± 1.0 89.0 ± 2.7
LLaMA-4 Maverick 0.4 ± 0.7 80.8 ± 0.9 66.8 ± 4.1 0.0 ± 0.4 36.0 ± 1.1 10.2 ± 2.7
MiniMax-VL-01 0.0 ± 0.4 68.7 ± 1.0 71.2 ± 4.0 0.0 ± 1.8 16.7 ± 1.8 54.0 ± 9.6
Claude 3.7 Sonnet 47.6 ± 4.4 98.5 ± 0.3 96.4 ± 1.7 0.2 ± 0.5 36.1 ± 1.1 75.6 ± 3.8

Chain-of-Thought
GPT-4o 7.8 ± 2.4 87.0 ± 0.7 85.0 ± 3.1 2.0 ± 1.3 61.4 ± 1.1 82.4 ± 3.3
GPT-4o-mini 0.0 ± 0.4 11.3 ± 0.7 5.0 ± 1.9 0.0 ± 0.4 18.2 ± 0.8 11.6 ± 2.8
GPT-4.1 42.8 ± 4.3 71.0 ± 1.0 69.0 ± 4.0 1.0 ± 0.9 24.3 ± 0.9 26.4 ± 3.9
GPT-4.1-mini 5.0 ± 1.9 76.8 ± 0.9 54.2 ± 4.4 0.8 ± 0.9 56.1 ± 1.1 30.2 ± 4.0
GPT-4.1-nano 0.0 ± 0.4 30.6 ± 1.0 32.2 ± 4.1 0.0 ± 0.4 3.8 ± 0.4 10.6 ± 2.7
Gemini-2.5-Flash 18.4 ± 3.4 69.9 ± 1.0 46.8 ± 4.4 5.2 ± 2.0 65.8 ± 1.0 34.2 ± 4.1
LLaMA-4 Maverick 10.6 ± 2.7 82.1 ± 0.8 64.2 ± 4.2 0.0 ± 0.4 33.6 ± 1.0 28.4 ± 3.9
MiniMax-VL-01 0.0 ± 0.4 52.7 ± 1.1 49.8 ± 4.4 0.0 ± 0.4 8.5 ± 0.6 26.2 ± 3.8
Claude 3.7 Sonnet 81.2 ± 3.4 98.9 ± 0.2 99.2 ± 0.9 30.0 ± 4.0 92.0 ± 0.6 97.0 ± 1.5

Reasoning
o1 61.0 ± 9.4 96.2 ± 0.9 90.0 ± 6.0 15.0 ± 7.0 62.0 ± 2.3 77.0 ± 8.2
o3 99.0 ± 2.6 100.0 ± 0.1 99.0 ± 2.6 12.0 ± 6.4 36.6 ± 2.3 50.0 ± 9.6
o4-mini 32.0 ± 9.0 82.4 ± 1.8 34.0 ± 9.1 6.0 ± 4.8 64.5 ± 2.3 37.0 ± 9.3
Gemini-2.5-Pro 39.0 ± 9.4 75.5 ± 2.1 67.0 ± 9.1 49.0 ± 9.6 74.9 ± 2.1 69.0 ± 8.9
Gemini-2.5-Flash 17.0 ± 7.3 66.6 ± 2.3 52.0 ± 9.6 9.0 ± 5.7 55.6 ± 2.4 33.0 ± 9.1
Claude 3.7 Sonnet 88.0 ± 6.4 99.5 ± 0.4 99.0 ± 2.6 52.0 ± 9.6 93.5 ± 1.2 95.0 ± 4.5
Claude 4.5 Opus 97.0 ± 3.7 100.0 ± 0.1 100.0 ± 1.8 89.0 ± 6.2 99.0 ± 0.5 100.0 ± 1.8
GPT-5.2 95.0 ± 4.5 98.0 ± 0.7 98.0 ± 3.2 88.0 ± 6.4 98.5 ± 0.6 100.0 ± 1.8
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Table 6.6: Entity tracking accuracy (95% CI) in Shell Game for text-only and image-only
actions. In the Few-Shot setting N = 5 in-context examples are used. Methods with explicit
reasoning perform best.

Model Shell
Text Image

Baseline
Random 33.3 33.3

Zero-Shot
GPT-4o 33.0 ± 4.1 32.2 ± 4.1
GPT-4o-mini 33.6 ± 4.1 32.4 ± 4.1
GPT-4.1 32.2 ± 4.1 36.4 ± 4.2
GPT-4.1-mini 31.4 ± 4.1 30.8 ± 4.0
GPT-4.1-nano 31.2 ± 4.0 30.8 ± 4.0
Gemini-2.5-Flash 35.0 ± 4.2 37.0 ± 4.2
LLaMA-4 Maverick 30.8 ± 4.0 33.2 ± 4.1
MiniMax-VL-01 30.8 ± 4.0 31.2 ± 4.0
Claude 3.7 Sonnet 35.4 ± 4.2 37.8 ± 4.2

Few-Shot (n=5)
GPT-4o 33.6 ± 4.1 32.0 ± 4.1
GPT-4o-mini 34.8 ± 4.2 32.2 ± 4.1
GPT-4.1 34.6 ± 4.2 33.0 ± 4.1
GPT-4.1-mini 36.4 ± 4.2 32.8 ± 4.1
GPT-4.1-nano 36.6 ± 4.2 36.4 ± 4.2
Gemini-2.5-Flash 31.4 ± 4.1 35.2 ± 4.2
LLaMA-4 Maverick 35.4 ± 4.2 35.2 ± 4.2
MiniMax-VL-01 36.4 ± 4.2 32.0 ± 4.1
Claude 3.7 Sonnet 32.4 ± 4.1 36.0 ± 4.2

Chain-of-Thought
GPT-4o 98.2 ± 1.2 36.6 ± 4.2
GPT-4o-mini 66.2 ± 4.1 33.8 ± 4.1
GPT-4.1 99.8 ± 0.5 37.6 ± 4.2
GPT-4.1-mini 100.0 ± 0.4 72.0 ± 3.9
GPT-4.1-nano 61.8 ± 4.2 32.2 ± 4.1
Gemini-2.5-Flash 94.0 ± 4.8 34.0 ± 9.1
LLaMA-4 Maverick 77.0 ± 3.7 34.6 ± 4.2
MiniMax-VL-01 77.4 ± 3.7 34.4 ± 4.2
Claude 3.7 Sonnet 100.0 ± 0.4 77.4 ± 3.7

Reasoning
o1 100.0 ± 1.9 92.6 ± 2.3
o3 100.0 ± 1.9 63.0 ± 9.3
o4-mini 100.0 ± 1.9 33.0 ± 4.1
Gemini-2.5-Pro 100.0 ± 1.9 100.0 ± 1.9
Gemini-2.5-Flash 100.0 ± 1.9 42.0 ± 4.1
Claude 3.7 Sonnet 100.0 ± 1.9 87.0 ± 6.6
Claude 4.5 Opus 100.0 ± 1.9 100.0 ± 1.9
GPT-5.2 100.0 ± 1.9 99.0 ± 2.6

Shell Game The final state is a single number n ∈ {1, 2, 3} that gives the position of the

ball, and we measure the accuracy of predicting it. The naive baseline picks a position

uniformly at random.

Table 6.6 reports the accuracy for text and image actions in Shell Game. The results

follow a pattern similar to that of Chess, with text-based tracking outperforming image-based

tracking. However, unlike in Chess, the performance in the zero-shot and few-shot settings

is close to random.

117



Chain-of-thought and reasoning lead to large performance increases and multiple

models attain near-perfect accuracy in text. These results suggest that when guided to

decompose the task step-by-step, models can reason more effectively (but still largely

imperfectly) using image inputs, a finding that complements the results of performing

cascaded inference as discussed below.

As in Chess, we perform an ablation using a mixture of text and image-specified

moves in Section 6.4.7. Unlike in Chess, Shell Game performance drops as the action-

modality mixture approaches 50% and then recovers as the proportion of image actions

reaches 100%, but to a lower accuracy than text-only tracking. Models may struggle more

with reasoning over a mixture of modalities in some cases.

6.4.3 Reasoning Improves Long Sequence Accuracy

We vary the sequence length of the actions to quantify the effect of compounding

errors on the models. These sequences range from one to 100 actions in the text action

modality and one to 20 in the image action modality. This serves to quantify the relative

drop-off in performance among models in the reasoning and chain-of-thought settings.

Chess Figure 6.6a plots model accuracy against increasing sequence lengths of text

actions. The models are evaluated in the chain-of-thought setting for sequence lengths of one

to 100 text actions. Figure 6.6b plots model accuracy against increasing sequence lengths

of image actions. The models are evaluated in the chain-of-thought setting for sequence

lengths of one to 20 image actions. Reasoning models like Claude 3.7 Sonnet Thinking are

able to handle longer sequence lengths with a smaller decrease in accuracy. In contrast, the

non-reasoning models experience sharp decreases in accuracy after only a few actions.

Shell Game In the text modality in Figure 6.7a, the reasoning models Gemini 2.5

Pro and Claude 3.7 Sonnet Thinking attain the highest accuracies. Gemini 2.5 Pro performs
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nearly perfectly at a sequence length of 100 actions, where the non-reasoning models’

performance is significantly degraded. In the image modality results in Figure 6.7b, Gemini

2.5 Pro performs better than the other models, which see a rapid decrease in accuracy with

sequence lengths longer than ten actions. By 20 actions, the performance of all models

except Gemini 2.5 Pro has degraded to random guessing.

The superior performance of reasoning models suggests that structured inference

mechanisms, such as test-time search or chain-of-thought, are crucial for maintaining

coherent entity states over long sequences. This aligns with prior findings that models

trained on structured reasoning tasks (e.g., mathematics, coding) develop stronger implicit

state-tracking capabilities (Kim et al., 2024), whereas standard vision-language models

struggle to track entities beyond short sequences.
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(a) Chess accuracy with text actions.
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(b) Chess accuracy with image actions.

Figure 6.6: In the text action setting, the reasoning model Claude 3.7 Sonnet Thinking
and GPT-4o maintain the highest accuracy at longer action-sequence lengths. All models
struggle to maintain accurate board representations in the image action setting, with Claude
3.7 Sonnet Thinking performing the best. 95% confidence intervals.
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(a) Shell Game accuracy with text actions.
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(b) Shell Game accuracy with image actions.

Figure 6.7: In the text action setting, the reasoning models Claude 3.7 Sonnet Thinking
and Gemini 2.5 Pro achieve the highest performance over long action sequences. In the
image action setting the accuracy of all models except Gemini 2.5 Pro decreases to random
guessing by 20 actions. 95% confidence intervals.

6.4.4 Tracking Primarily Limited by Visual Reasoning

Using the text actions predicted from the images in the image-action classification

task, we devise a cascaded approach to test the effect of performing multimodal inference in

two separate steps. Given a sequence of image-based observations aimage
t , a vision-language

model (VLM) first predicts the corresponding text-based action sequence âtext = g(aimage),

where g maps images to text using the same prompt from image evaluation; Figure 6.5.

The text actions are then used for chain-of-thought inference to estimate the final state as

ST = f(S0, â
text). This removes the need for the model to perform entity tracking directly

in the image modality, isolating the effect of perceptual failures.

To differentiate perception errors from visual-reasoning errors, we evaluate cascaded

inference. Table 6.7 shows the performance of models on predicting the text action

represented by each image. While some models fail to accurately perceive the Chess
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moves, they perceive the Shell Game actions with perfect accuracy. The performance in this

cascaded setting is more similar to the text-action performance, showing that the model has

the task-knowledge needed to perform entity tracking in both domains, but cannot reason

effectively directly from the image modality. Together, this indicates that perception of the

image-actions is not the only limiting factor for effective entity tracking with image inputs,

though there is some error contribution from perception error in Chess.

Table 6.7: Entity tracking and perception accuracy (95% CI) for Chess and Shell Game.
Cascaded inference generally recovers the performance of the text setting, showing the
main limitation is visual reasoning not perception. Perception accuracy is image-action
classification accuracy. In Cascaded inference, the model first maps each image action to
the text representation of the action, then performs tracking as in Text. ∆ is Cascaded
minus Image.

Chess Shell Game

Model Perception Text Image Cascaded ∆ Perception Text Image Cascaded ∆

GPT-4o 92.9 ± 0.7 94.2 ± 0.3 83.4 ± 0.4 92.8 ± 0.3 +9.4 100.0 ± 0.1 98.2 ± 1.2 36.6 ± 4.2 98.2 ± 1.2 +61.6
GPT-4o-mini 44.7 ± 1.4 67.0 ± 0.5 41.8 ± 0.5 64.3 ± 0.5 +22.5 100.0 ± 0.1 66.2 ± 4.1 33.8 ± 4.1 68.8 ± 4.0 +35.0
Gemma 3 27B IT 71.3 ± 1.3 53.7 ± 0.6 48.6 ± 0.6 52.8 ± 0.6 +4.2 100.0 ± 0.1 56.8 ± 4.3 30.4 ± 4.0 58.4 ± 4.3 +28.0
Mistral Small 3.2 24B 63.9 ± 1.3 49.5 ± 0.6 16.3 ± 0.4 37.4 ± 0.5 +21.1 100.0 ± 0.1 97.4 ± 1.4 35.2 ± 4.2 97.2 ± 1.5 +62.0
Qwen3-VL 235B-A22B 99.8 ± 0.2 72.1 ± 0.5 63.0 ± 4.2 70.3 ± 0.5 +7.4 100.0 ± 0.1 100.0 ± 0.4 38.8 ± 4.3 100.0 ± 0.4 +61.2
GPT-5.4-mini 99.8 ± 0.2 92.6 ± 0.3 88.7 ± 0.3 93.6 ± 0.3 +4.9 100.0 ± 0.1 94.8 ± 2.0 32.4 ± 4.1 91.8 ± 2.4 +59.4

6.4.5 Minecraft Multimodal World Modeling

Table 6.8 evaluates the complementary task of Minecraft game state prediction. The

model receives a visual or textual game state and action and must predict from four candidates

the next state. This task is complementary to Chess and Shell Game in that the multimodal

variation lies in the state representation rather than the action representation. By measuring

the performance difference between text-based tasks and the related but more challenging

image-based tasks, we can understand the extent to which visual state representations limit

model reasoning compared to their textual equivalents in a more naturalistic domain.

The results in Table 6.8 confirm the pattern observed in the structured domains:
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models are more accurate on text-based inputs than on image-based inputs. Claude Sonnet

4.6 has the highest performance in both settings, reaching 88.4% ± 2.8% with text states

and 41.8%± 4.3% with image states. Notably, even the best-performing model in the image

setting only exceeds the random baseline by a modest margin, underscoring the difficulty of

reasoning about state transitions from first-person visual observations.

Scaling trends are evident in text but not image. Among the Qwen3 VL family,

accuracy improves with model size in the text setting, rising from 49.4% at 8B parameters to

73.0% at 235B. However, the corresponding gains in the image setting are far more modest,

suggesting that simply scaling model parameters provides diminishing returns for visual

state reasoning.

Table 6.8: Minecraft state-prediction accuracy (95% CI) using chain-of-thought prompting.
To complement the other domains, Minecraft evaluates state prediction from Text State:
serialized game-state observations and Image State: first-person rendered views. Both
settings use text actions and the answer is selected from four candidates. Each reported
model cell is evaluated on 500 examples; the random baseline is 25%.

Model Minecraft
Text State Image State

Baseline
Random 25.0 25.0

Chain-of-Thought
Gemma-3 4B IT 39.4 ± 4.3 26.6 ± 3.9
Gemma-3 27B IT 51.6 ± 4.4 27.8 ± 3.9
Qwen3-VL 8B 49.4 ± 4.4 28.4 ± 3.9
Qwen3-VL 30B 72.0 ± 3.9 31.4 ± 4.1
Qwen3-VL 235B 73.0 ± 3.9 34.2 ± 4.1
GPT-4o 71.0 ± 4.0 37.0 ± 4.2
Claude Sonnet 4.6 88.4 ± 2.8 41.8 ± 4.3
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6.4.6 GRPO Improves Entity Tracking

As shown in Tables 6.4 and 6.6, methods that use chain-of-thought and explicit

reasoning training and inference perform better than single-step zero-shot and few-shot

methods. RL training is one way to improve the reasoning abilities of models. We train

open-source VLMs to improve entity tracking on the 10-action subset of MET-Bench. We

observe limited cross-modal transfer, where improvements in one modality do not result in

improvements in the other modality. This suggests models may process entity tracking in

text and image through different pathways. Robust multimodal entity tracking may require

architectural innovations or training strategies beyond what RL provides.

Table 6.9 shows that GRPO training yields substantial gains in the trained modality.

For example, when trained on text-only Shell Game inputs, Gemma 3 4B IT improves

from 37.6% (near random) to 92.2% accuracy. Despite the improvement in single-modality

entity tracking, RL reasoning training does not transfer robustly to the held-out modality. In

Shell Game, the accuracy on the held-out modality does not improve. In Chess, there is

improvement from the model learning to produce more valid FENs, but only to the level

predicting the starting game board. This finding suggests that the entity tracking capabilities

learned through RL training are modality-specific.
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Table 6.9: Entity tracking accuracy (%) after GRPO training for Gemma 3 4B IT on the
10-action setting. GPT-4o-mini and Gemma 3 27B IT are shown for comparison. 95%
confidence intervals.

Model Text Image

Shell Game
Gemma 3 4B IT (Base) 37.6 ± 4.2 32.8 ± 4.1
+ GRPO Text 92.2 ± 2.4 27.4 ± 3.9
+ GRPO Image 39.4 ± 4.3 90.4 ± 2.6

GPT-4o-mini 66.2 ± 4.1 33.8 ± 4.1
Gemma 3 27B IT 56.8 ± 4.3 30.4 ± 4.0

Chess
Gemma 3 4B IT (Base) 45.4 ± 0.6 35.9 ± 0.5
+ GRPO Text 97.1 ± 0.2 73.3 ± 0.5
+ GRPO Image 67.9 ± 0.5 92.5 ± 0.3

GPT-4o-mini 67.0 ± 0.5 41.8 ± 0.5
Gemma 3 27B IT 53.7 ± 0.6 48.6 ± 0.6

6.4.7 Models Struggle to Integrate Mixed Modalities
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Figure 6.8: Chain-of-thought entity tracking accuracy for Chess and Shell Game with
GPT-4o. The data splits range from 100% text-encoded actions to 100% image-encoded
actions. The plot illustrates the change in accuracy as actions shift between modalities.
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While MET-Bench focuses on parallel, multimodal state tracking tasks, in this ablation

we seek to understand how well models can reason about mixed-modality updates. We

evaluate performance as we vary the proportion of text and image-based action representations.

As shown in Figure 6.8, for Chess performance degrades smoothly as the fraction of image

actions increases, rather than exhibiting an abrupt collapse. However, for Shell Game, the

mixture of text and image actions is challenging for the model to reason over.

6.5 Discussion

We demonstrate a significant performance gap between text-based and image-based

entity tracking across many state-of-the-art vision-language-reasoning models. This disparity

persists across Chess, Shell Game, and Minecraft tasks, suggesting a fundamental limitation

in current architectures’ ability to reason about entity states through visual observations.

This finding is surprising given the results showing models can accurately perceive and

classify individual visual actions in Shell Game, and to a lesser extent in Chess. When

models first translate visual inputs to text before performing entity tracking, they achieve

performance comparable to pure text-based tracking. This indicates that the models possess

the relevant task knowledge and reasoning capabilities, but struggle to apply them directly in

the visual domain.

Likewise, the results in Minecraft show that VLMs achieve substantially higher

performance on state prediction when the world state is represented as text rather than

as a first-person visual observation. Because the text condition provides complete and

unambiguous state information, it serves as an upper bound on task performance, reflecting

textual reasoning ability alone. The large gap between text and image accuracy and limited

improvements from model scaling indicate that visual state understanding remains far from

equivalent to textual reasoning.
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The effectiveness of chain-of-thought prompting, particularly in the Shell Game

domain where it improved Claude 3.7 Sonnet’s accuracy from near random to 100.0% for

text and 77.4% for images, highlights the importance of explicit reasoning for entity tracking.

Current models can perform complex entity tracking when guided to decompose the task into

smaller steps, even in novel domains not explicitly present in their training data. Reasoning

models also excel at the long-sequence tasks, but no single model attains perfect accuracy

on all tasks, and most models display near-random performance on relatively short image

sequences. This indicates that regardless of modality, solving MET-Bench tasks remains an

open problem.

The RL experiments demonstrate that reasoning training can substantially improve

entity tracking within a single modality, with Gemma 3 4B IT improving from near-random

performance to 92.2% accuracy on text-based Shell Game tracking. However, the lack of

robust cross-modal transfer suggests that current VLM architectures learn modality-specific

representations rather than unified entity tracking capabilities. Achieving robust multimodal

entity tracking may require new methods, such as explicit cross-modal alignment objectives

or other inductive biases that encourage models to develop modality-agnostic tracking

mechanisms.

6.6 Conclusions

Our findings suggest the primary bottleneck in multimodal entity tracking is not visual

recognition but sequential reasoning over visual updates. Unlike text-based representations,

which align with the models’ training paradigms, visual updates require implicit state

reconstruction, a task most current architectures do not perform reliably. No model achieves

perfect accuracy in all long-sequence experiments, highlighting the need for improved

training of frontier models for entity state tracking. RL training of entity state reasoning is a
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promising path forward that can improve the performance of open-source models. The lack

of robust cross-modal transfer underscores that visual entity tracking requires fundamentally

different representations or training objectives.

127



Chapter 7: Future Work

This dissertation improves and evaluates the action reasoning abilities of large

multimodal models from complementary perspectives. On the improvement side, Chapter 3

enforces executability through external symbolic planning knowledge, Chapter 4 improves

sample efficiency through compositional policy representations, and Chapter 6 improves

action-effect reasoning through reinforcement learning training. On the evaluation side,

Chapter 5 reveals that frontier models cannot reliably reason about action dependencies in

text, and Chapter 6 reveals that models struggle to understand the effects of actions on entity

states when these are conveyed through visual observations. Each contribution exposes

specific gaps that define both immediate next steps and longer-term research directions. The

improvement methods of Chapter 3 and Chapter 4 rely on hand-specified planning domains

and fixed pretraining curricula; relaxing these assumptions requires methods that acquire

structure automatically. The evaluation benchmarks are restricted to cooking recipes and

game environments; extending them to richer domains would bolster the generality of the

findings. The gap between text-based and image-based entity tracking in Chapter 6 points

toward new training objectives and architectures for multimodal reasoning. We organize

these directions below into short-term extensions that follow directly from the current work

and long-term themes.

7.1 Short-term Future Directions
7.1.1 Automatic Induction of Planning Domains

The planning-augmented method in Chapter 3 requires a hand-specified planning

domain that formally defines action preconditions and effects. Constructing such a specifica-
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tion demands programming effort and domain expertise, limiting the method’s applicability

to environments where this investment is justified, for example when executability or safety

guarantees are required. However, in the course of developing the method, we observed that

large language models can generate valid planning domain definitions in structured formats

including the Planning Domain Definition Language (Fox and Long, 2003). Other work has

similar findings, and has used this capability to solve planning problems in planning domains

generated by language models (Liu et al., 2023a; Smirnov et al., 2024). Together these

results suggest a path forward for automatic planning domain induction: using pretrained

models to generate domain definitions that are then used by planners. While this technique

has been applied to classical, textual planning problems, its application to increasingly

complex domains and tasks remains an open problem.

7.1.2 Extending Executability Enforcement to New Domains

The evaluation of planning-augmented parsing in this dissertation is limited to recipe

semantic parsing. A natural next step is to evaluate whether the executability improvements

generalize to instructional domains with richer action spaces and longer-horizon dependencies,

such as VirtualHome (Puig et al., 2018) and ALFRED (Shridhar et al., 2020). Extensions to

household task completion, web navigation, and software-control instructions would test the

generality of the approach and establish whether symbolic planning knowledge provides

consistent benefits across diverse sequential decision-making settings.

7.1.3 Eliminating the Pretraining Curriculum for Compositional Policies

The CERLLA method in Chapter 4 requires a pretraining phase in which a hand-

specified task decomposition and curriculum is used to learn the basis set of world value

functions (WVFs). One important extension is to reduce this manual specification and learn
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the WVFs and the language-instruction semantic parser jointly from environment rollouts on

randomly sampled tasks, without a fixed curriculum. This is a challenging joint optimization

problem: the WVFs must form a basis that covers the space of language-specified tasks,

while the semantic parser must learn to compose them correctly given only task-success

feedback. Novel value-function approximation and optimization approaches may be required

to make the automated learning of this basis tractable.

7.1.4 Broadening Dependency Evaluation Across Domains and Models

The CaT-Bench evaluation in Chapter 5 considers only cooking recipes as procedural

texts. The methods and question templates are domain-general, however, and can be applied to

medical practice guidelines, repair manuals, software tutorials, and other procedural domains.

Extending the benchmark to these settings would test whether the dependency-reasoning

failures we observe are a more generalizable limitation of frontier models.

7.1.5 Interpretability Analysis of Multimodal Entity Tracking Deficits

Chapter 6 reveals a substantial gap between text-based and image-based entity

tracking, even when models can accurately perceive individual visual actions. The source

of this deficit within the model remains unclear. To compare the model’s text and image

representations, we collect a pooled hidden-state vector for each valid Shell Game instance

from the corresponding text input and image input at each transformer layer. Centered kernel

alignment (CKA) compares the similarity structure of activation spaces (Kornblith et al.,

2019), while principal component analysis (PCA) projects hidden states onto directions

of maximal variance (Jolliffe and Cadima, 2016), providing a two-dimensional view of

the image-text modality gap (Liang et al., 2022). As shown in Figure 7.1, these analyses

characterize how text and image representations differ across model layers. While the
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representations differ and this may be responsible for the failure of the models to integrate

text and image entity state updates, it is not clear why the representations differ, and

what these differences mean for task performance. Future work should apply targeted

probing and mechanistic interpretability methods (Lin et al., 2025) to identify whether the

deficit originates in visual encoding, cross-modal state integration, or sequential reasoning

over visual inputs. Localizing the failure mode would inform the design of architectural

modifications or training objectives that specifically address it.
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Figure 7.1: Representation analyses for Chess and Shell Game entity tracking in MET-Bench.
The plots compare text and image representations across transformer layers. While the inputs
are semantically equivalent and require the same entity-tracking response, modality-specific
structure remains visible.
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7.2 Long-term Future Directions
7.2.1 Compositional Policy Learning Beyond Grid Worlds

The CERLLA method demonstrates compositional generalization in a discretized

MiniGrid-BabyAI environment with a small action space and simple visual observations.

A critical long-term question is whether compositional value functions and language-

guided recombination transfer to sequential decision-making tasks with continuous action

spaces, rich visual observations, and real-world physical constraints. Vision-and-language

navigation (Anderson et al., 2018) and robotic manipulation (Zeng et al., 2020) are naturally

compositional in their goal specifications and have been studied in discretized forms.

Validating compositional policy representations in these settings would establish whether

the sample-efficiency and generalization benefits observed in Chapter 4 extend to the tasks

where they are most needed.

7.2.2 Multimodal Entity Tracking for Embodied Decision Making

The ability to track entity states across modalities is a prerequisite for effective

embodied agents: a robot must integrate visual observations of its workspace with linguistic

goal specifications to maintain a coherent world model and predict the consequences of

its actions. The lack of robust cross-modal transfer observed in Chapter 6 suggests that

current vision-language architectures do not develop unified entity-tracking representations

during standard pretraining. Achieving robust multimodal entity tracking may require new

training objectives, such as explicit cross-modal alignment losses, auxiliary state-prediction

tasks, or memory mechanisms that maintain entity representations across modalities and

time steps. Empirical studies evaluating whether improved entity state tracking leads to

higher task success rates, improved sample efficiency, or stronger generalization in embodied

environments would establish the practical impact of progress on this problem.
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7.2.3 Unified Action Reasoning for Deployed Agents

Pretrained Foundation Model

Vision-language model with broad knowledge

Precondition Reasoning
(Action Dependencies)

Executability constraints;
causal/temporal ordering

Ch. 3, 5
Postcondition Reasoning

(Forward World Modeling)
Entity state tracking;

state prediction

Ch. 3, 6

Compositional Task Basis

Task decomposition to high-level actions;
language-guided composition for novel instructions

Ch. 4

Domain-Adapted Agent

Fine-tune to target environment;
deploy with integrated action reasoning

RL Reasoning Training

Figure 7.2: Proposed training pipeline for a unified action reasoning agent. To build an
agent with robust action reasoning, a pretrained foundation model undergoes RL reasoning
training along two complementary axes: precondition reasoning, which teaches executability
constraints and causal/temporal dependencies (Chapters 3 and 5), and postcondition reasoning,
which develops entity state tracking and forward world modeling (Chapters 3 and 6). These
capabilities feed into compositional task basis construction (Chapter 4), where the agent
learns a task set of composable high-level actions. The resulting system is then adapted to a
target deployment domain.
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Each chapter of this dissertation addresses a different facet of action reasoning

in isolation: executability, compositional generalization, dependency understanding, and

multimodal state tracking. A long-term goal is to unify these capabilities within a single

agent architecture that can verify that its plans respect causal and temporal dependencies,

maintain coherent entity representations across text and visual observations, and compose

reusable skills to solve novel instructions. Figure 7.2 illustrates how these capabilities, each

developed in a separate chapter, could be integrated within a single agent that receives

language instructions and visual observations and produces actions in an environment.

Achieving this integration requires auxiliary training objectives that encourage models to

maintain consistent entity state representations across modalities, understand and verify

the precondition relationships between actions, and leverage compositional value functions

to improve sample efficiency. Progress toward such unified systems would represent a

significant advance in building decision-making agents with robust action reasoning abilities.
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Chapter 8: Conclusion

As large multimodal models are increasingly deployed as components of decision-

making agents, the ability to reason about actions becomes a critical bottleneck. Agents

must understand how actions change environment states, what constraints govern their valid

execution, how actions compose to achieve goals, and how to track the effects of actions

across modalities. In this dissertation, we develop methods that improve action reasoning

by integrating external knowledge and compositional structure into pretrained models, and

benchmarks that rigorously evaluate action reasoning abilities, revealing both strengths and

significant limitations of frontier models.

Our methods demonstrate that integrating external symbolic knowledge and composi-

tional structure into pretrained models can substantially improve performance for sequential

decision-making tasks. Our benchmarks reveal that frontier models have significant limita-

tions in reasoning about action dependencies and tracking entity states across modalities,

pointing to important directions for future work. We believe this dissertation provides a

foundation for building decision-making agents with robust action reasoning abilities, and

will motivate future research in this direction.
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