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ABSTRACT

Embodied foundation models are increasingly performant in real-world domains
such as robotics or autonomous driving. These models are often deployed in
interactive or assistive settings, where it is important that these assistive models
generalize to new users and new tasks. Diverse interactive data generation offers a
promising avenue for providing data-efficient generalization capabilities for inter-
active embodied foundation models. In this paper, we investigate the generalization
capabilities of a multimodal foundation model fine-tuned on diverse interactive
assistance data in a synthetic domain. We explore generalization along two axes:
a) assistance with unseen categories of user behavior and b) providing guidance in
new configurations not encountered during training. We study a broad capability
called Open-Set Corrective Assistance, in which the model needs to inspect
lengthy user behavior and provide assistance through either corrective actions
or language-based feedback. This task remains unsolved in prior work, which
typically assumes closed corrective categories or relies on external planners, mak-
ing it a challenging testbed for evaluating the limits of assistive data. To support
this task, we generate synthetic assistive datasets in Overcooked and fine-tune a
LLaMA-based model to evaluate generalization to novel tasks and user behaviors.
Our approach provides key insights into the nature of assistive datasets required
to enable open-set assistive intelligence. In particular, we show that performant
models benefit from datasets that cover different aspects of assistance, including
multimodal grounding, defect inference, and exposure to diverse scenarios.

1 INTRODUCTION

Embodied foundation models, once trained, are shown to generalize to new tasks or modalities with
minimal additional task-specific data (Zheng et al., 2025} [Liu et al.| [2025; |Gao et al., 2024)). However,
training schemes for these models often involve vast amounts of complex multimodal data, which
are expensive and laborious to collect (de Melo et al.| [2022). Therefore, many recent approaches
leverage intelligent synthetic data-generation/augmentation paradigms to increase the diversity of
the tasks and data that the model gets exposed to during training. (Ahn et al.,[2024). In recent work,
foundational robotics models trained on large-scale synthetic datasets have demonstrated competitive
generalization performance on tasks such as robotic manipulation (Deng et al., 2025). To transform
embodied foundation models into fielded artifacts that interact with the real world, understanding and
developing novel methods and modalities of synthetic data is a critical next step (Ren et al.| 2025).

*Work completed while at Toyota Research Institute
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Figure 1: We simulate synthetic users in Overcooked to generate multimodal (image + text) gameplay
trajectories, which used to distill complementary synthetic datasets. These datasets are designed to
(1) ground actions to environmental outcomes and (2) support behavior understanding and correction
from trajectories. By training an embodied model on these data, we evaluate whether an embodied
foundation model can generalize to unseen defective behaviors and novel task configurations.

This paper focuses specifically on embodied models which are aimed at assistive collaboration,
i.e. interactive foundation models. Interactive foundation models must be able to inspect and
understand temporally-extended user-behavior via a multimodal history of the user’s interactions with
the assistive agent and environment (Sinha et al., |[2024; [Liu et al.,|2024). We focus on an unsolved
task which we denote as Open-Set Corrective Assistance, wherein an assistive model needs to inspect
user-behavior and provide assistance to correct any behavior that is counterproductive to the task-
goals, without a prespecified finite set of tasks nor a finite set of counterproductive defects in behavior.
Large-scale, real-world data collection in these settings remains challenging, as long-form interaction
data in embodied environments is inherently noisy and often requires substantial monitoring and
scaffolding (Sumner et al., [2025)). Furthermore, models trained in these settings need to generalize
along multiple dimensions, i.e. differing behavior-types as well as differing tasks or domains (Sui
et al.}2025). Collectively, these constraints motivate diverse assistive data as an important tool for
evaluating the scaling of interactive foundation models in embodied environments.

In this paper, we focus on testing the capabilities of a foundation model, trained on assistive data,
so as to probe the influence of diverse embodied data on open-set assistive models. Recent work
on assistive modeling has provided methods to generate corrective actions which a user can employ
to remediate their suboptimal behavior (Verghese et al., 2025} |(Gopinath et al., |2024), or provide
language-based coaching to enable the user to understand and correct any deficiencies (Liu et al.,
2023bj |Guan et al., [2024). However, these methods are limited by the requirement of a closed-set
of possible corrections to select from, or are dependent on a domain-specific planner to execute
high-level corrective strategies. By exploring this problem in an open-set scenario (without the
assumption of a fixed set of corrections), we directly probe whether foundation models trained solely
on a limited task data can generalize their domain knowledge towards previously unseen behaviors
and task configurations.

In this paper, we instruction-tune (Ouyang et al., 2022) an assistive model capable of generating
either corrective actions or open-ended feedback to correct a deficiency in a user’s behavior, entirely
in natural language. Our model-architecture leverages Llama-3 suite models as the base, equipped
with a ViT encoder to embed the image-based state representations across a trajectory into the
embedding-space of the multimodal language model (MLM) (Liu et al.| 2023a). Our model is
trained entirely on synthetic trajectories in Overcooked, to facilitate diverse behavior exploration.
We collected a set of gameplay trajectories by deploying synthetic users in procedurally generated
overcooked configurations. We then utilized these trajectories to curate two types of datasets; (1)
Grounding datasets focused on enabling the model to accurately interpret the observation space and
(2) Task-specific datasets focused on analyzing and correcting defective user-behavior. These data
span a wide range of behavior types and task configurations, enabling clear stratification and a direct
evaluation of the assistive model’s generalization capabilities.

Our evaluations seek to analyze the generalization capabilities of an assistive foundation model along
multiple axes. First, we evaluate on withheld defective categories and find that, in both zero-shot
and few-shot settings, our trained model outperforms a GPT-40-based behavior critic at predicting
corrective feedback and actions. Next, we study task-level generalization, where the model must
provide open-ended assistance on entirely new recipes. This task is extremely difficult, as it requires
the model to (1) compose learned individual concepts in completely new ways, such as learning to fill
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a soup pot with steaks instead of tomatoes, and (2) coach a user on how to perform this completely
new task more efficiently. In this demanding setting, our approach outperforms the GPT-40 baseline
when providing corrective actions in the zero-shot setting and achieves superior performance on
both feedback and corrective action prediction tasks when exposed to few-shot training examples.
Together, our results show that carefully constructed assistive data can enable robust generalization,
while also revealing clear limits of data-driven approaches for open-set interactive assistance. Our
contributions can be summarized as follows:

1. We develop a synthetic data generation framework that simulates long-horizon user trajecto-
ries in Overcooked, producing complementary datasets that endow an embodied foundation
model with grounding, actuation, and assistive capabilities.

2. We train a multimodal model to perform Open-Set Assistance, and show that the model,
leveraging diverse assistive data along with an LLM backbone can generalize to unseen task
configurations and defective categories.

3. We derive insights into effective dataset design for embodied assistance, highlighting the
role of multimodal compositionality, spatial reasoning, and task decomposition.

2 RELATED WORK

2.1 DATA GENERATION FOR EMBODIED FOUNDATION MODELS

Synthetic data are used primarily to fill in gaps in underrepresented regions of the data distribution,
such as missing domains (Chen et al.,|2025a)) or safety-critical long-tail settings (Ding et al., 2023).
The proficiency of SOTA language and visual models has allowed researchers to adapt insights from
these models to scale up the grounding, multimodal understanding, and actuation capabilities of
“in-the-wild” embodied foundation models (Ahn et al., 2024} Tang et al., 2025; Mandlekar et al.,
2023;|Singh et al.||2024). Another approach is to directly optimize the data generation process by
indexing key performance metrics in a downstream task (Huang et al.| |2025; |Wang et al.,2024b). In
addition to modeling based approaches, recent research has proposed numerous novel simulation
mechanisms to allow accelerated data generation for tasks that were once considered infeasible (de
Melo et al., 2022} |Li et al., [2024} [Chen et al., 2025b; |Yang et al., [2025). These methods highlight
the significant utility of targeted data generation in systematically addressing deficiencies in model
capabilities and improving generalization across tasks.

2.2  SIMULATING USER-BEHAVIOR IN SEQUENTIAL DECISION MAKING SETTINGS

Modeling user-behavior is a critical component of an assistive model. The first component of user-
modeling is simulating user-behavior in an embodied environment. A popular method of building
synthetic agents has been through co-play or behavior cloning (Strouse et al., 2021} |Yan et al., 2023}
Carroll et al.| [2019; [Wang et al.l [2024a). Other methods seek to directly model a distribution of
user-actions which take into account style and preferences, given an input-state (Pearce et al., 2023},
Laidlaw & Draganl 2022). Finally, a more recent suite of methods utilize LLMs to function as
user-models which condense user-preferences through demonstrations or added-context (Yun et al.,
2025; Zhang & Sohl 2023} [Zhang et al.|[2024)). These methods provide critical tools for simulating
interactions with complex synthetic user’s to build models capable of understanding and adapting to
human-behavior (Anthis et al., |2025)).

2.3 ASSISTIVE MODELING

Addressing user-deficiencies in embodied settings requires inferring the user’s high-level strategy,
and intent Hoffman et al.|(2024), identifying any deficiencies, and generating appropriate feedback.
Relevant prior work includes methods to discover user-traits from their underlying policies (Ankile
et al., 2023), or condition the agent’s policy on an estimated distribution over the partner’s inten-
tion (DeCastro et al., 2024; Wang et al.,|2024a; |Zhao et al.,[2022)). Recent work has also developed
bespoke Theory-of-Mind modules which provide cognitive scaffolds to ground predictions of human-
behavior (Liu et al.,|2024; |Cross et al.| [2024). Upon identifying a user’s intention, a model can then
move on to correcting the deficiencies in their behavior; either through language-based critique or
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corrective guidance. Behavior critique methods process behavior trajectories and generate actionable
feedback or reflections (Liu et al.,|2023b; |Guan et al., [2024; |Gopinath et al.|[2024)). Behavior correc-
tions provide guidance actions by via a behavior model, or select a corrective strategy, to physically
demonstrate correct behavior (Verghese et al.| [2025; |Yang et al., [2024; |Sinha et al., [2024).

Despite substantial progress in synthetic data generation, user simulation, and assistive modeling,
existing work often studies these components in isolation and relies on closed sets of corrective
strategies, external planners, or real-world data. Furthermore, testing an assistive model’s ability
to generalize corrective guidance across diverse unseen tasks and failure modes remains largely
unexplored (Zapata et al., [2025). In this work, we introduce open-set assistance as a challenging
testbed for evaluating such generalization and for informing the design of future embodied assistive
models.

3 OPEN-SET CORRECTIVE ASSISTANCE

In this work, we seek to build a model which can provide Open-Set Corrective Assistance, i.e. our
assistive model needs to predict either coaching-based assistance or correction-based guidance based
on the instruction provided, and the model is never given a preset list of possible actions or feedback
classes. In the rest of this section, we define the task of Open-Set Corrective Assistance(§ , and
provide details regarding our model architecture(§ to facilitate such assistance.

3.1 PROBLEM DEFINITION

In this paper, we seek to build an assistive model capable of inspecting multimodal traces of user-
behavior, and generatively providing assistance, either through language or physical actuation. We
train our model on a dataset of multimodal trajectories in Overcooked, along with the assistance in
the form of language or a physical action, i.e. Dyqqin = {7, [c|a}}£1"“”‘. Each trajectory, 7;, is
comprised of an interleaved sequence of state-action pairs (< s;-, aé— >), where the states are RGB
images of the overcooked game-state, and actions are represented by language, i.e. “move left,” “no
action,” “interact,” etc. [c|a] represent the modalities of assistance the model can provide which is
either language-based coaching advice (c), or a remedial action (a). Note that coaching advice (c) is
delivered in a terminal setting, whereas remedial actions (a) are generated only after the full input
trajectory has been observed, rather than in an intermittent manner.

Each trajectory in Dy,.qip, is a user’s gameplay history with an underlying defective category, d; € A,
where A corresponds to the set of all defective categories. Defective categories, or defects, are defined
as an impairment in or characteristic of a user’s behavior which may adversely impact cognitive
processes such as attention, memory, decision-making, planning, etc. In this paper, we focus on
defects that fall under the category of “cognitive impairment”, in that they are short-term conditions
that impair decision-making, rather than a condition that is progressive and permanent (Dhakal &
Bobrin, 2025). Specifically, we focus on defects that manifest as improper planning/sequencing
of operations, or impairments in visuo-spatial skills leading to difficulty in identifying spatial
relationships and interacting with the environment. Examples of some defects that we design
are “Player does not know when the tomatoes in the pot have started cooking,” (Visuo-spatial) or
“Player thinks it is best to only serve a single dish” (Planning). Our training dataset has a total of
seventeen defects, |A| = 17, where one of the possible defective categories is a null setting, i.e., "No
Defect." Although we do not work with an infinitely large set of defective categories, we selected a
wide range of defects that encompass the variety of possible behaviors exhibited by an overcooked
player. The full set of defects is included in the Appendix (§[C).

We aim to train a unified model comprised of a base LLM, 7y, and a visual encoder, ¢, to provide
corrective guidance, i.e. ¢; ~ mo(-|¢(7;), pt). p: represents the associated task prompt for either
action-prediction or feedback-prediction. For the action-prediction task, p; also includes a reference
trajectory of the user’s gameplay on a simple map, 7, to clarify the user’s general strategy (described
in further detail in § .T)) and allow the model to produce guidance aligned with the user’s overarching
strategy. The full model-instructions are provided in the Appendix, §[E).
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3.2 MODEL ARCHITECTURE

We employ a projection-based multimodal model-structure akin to Llava (Liu et al, [2023a)). We
utilize Llama-3 (Grattafiori et al., [2024) as our base-LLM, and a ViT-base model (Dosovitskiy et al.,
2020) as our image-encoder. The image-encoder generates visual features for the entire batch of
images in the trajectory, Z; = ¢(s;). We then utilize an language-projection layer, W, to project the
image embeddings into the space of the language model, X = W), - Z;. These image-tokens, X * are
interleaved with the language embeddings from the LLM, X to make up the entire set of trajectory
tokens which are input into the LLama model, X™ = X*® ® X“. For decoding, we employ a text-only
decoding framework where both the coaching and corrective-actions are decoded as language tokens.

4 DATA DEFINITIONS

We synthetically generate a dataset of trajectories to train our model to perform Open-Set corrective
assistance. Our goal is to derive clearly stratified synthetic data to accurately test our model’s ability
to adapt to new tasks and defective behaviors. We begin by describing the strategies employed to
generate each component of our dataset, i.e. trajectories, corrections, etc. (§[4.I). We then conclude
with a comprehensive description of each of our training sets used during model-training (§

4.1 DATA GENERATION

Synthetic Users. Our goal was to generate a diverse dataset which covered a range of varying
strategies for playing Overcooked. We first designed an “Overcooked API” which provided skills
to our synthetic agents e.g. pickup (dish, counter), move_to (sink), etc. Using this
API, we created a set of 5 rule-based heuristics (H = {H;, Ha, Hs, Hy, H5}), where each heuristic
represents a different set of priorities, or strategies for employing a task, e.g. “Always prioritize steak
preparation over soup preparation”, or “Always make sure dishes are cleaned and ready before
starting any meal-prep”, etc. Note that each of these heuristics were designed to represent diverse
preferences for playing Overcooked, they were not designed to be optimal.

Defective Rollouts. We instrumented our agent APIs with defective wrappers to enable altering of a
specific aspect of their behavior, such as “the user no longer being able to identify when a cooking
pot is full,” or “the user ignoring trip hazards during their path planning.” We roll out trajectories, 7T,
with these defective wrappers and heuristics, injecting additional stochasticity so the synthetic user
takes a random action with 20% probability. To ensure diversity of rollouts, we apply noisy rollouts,
wherein there is a small probability of a random action being selected in the trajectory at every step.
This noise pushes the player into atypical states, yielding more varied behaviors across trajectories.
Furthermore, to prevent overfitting to repetitive patterns, each user—defect pair is executed only once
in each map configuration. Our training dataset uses a set of 450 procedurally generated maps during
the rollouts (The prompt utilized to generate the map-configurations is provided in the Appendix,

S[E-D).

Ground Truth Correction Generation. We seek to assign a ground truth corrective-action or
coaching snippet to each trajectory in the dataset. The corrective action is computed by predicting
the next action of the heuristic, given the last state, without the defective wrapper. The ground truth
coaching snippets are generated synthetically using an independent GPT-40 model, M. First, we
create a set of boilerplate coaching snippets, C™% = {M(§) V5 € A}, by prompting the language
model, M, to generate a coaching snippet which identifies and corrects a given defect, for each defect
in the dataset. This process is repeated N times per defect, which in our case is set to 5. Next, for
each seed coaching snippet, we use M to tailor the response to a specific “persona” (p € P), to
expose the model to a more diverse set of coaching snippets. Each persona adapts the raw coaching
snippet to exhibit a specific style such as “urgency,” “frustration,” “encouragement,” “brevity,” etc.,
it = {M(p, ) Wp € P and Ver* € C5*w N5 € A. In between each of these steps, we
adopt a self-evaluation step wherein the model validates whether the generated coaching snippet
adequately addresses the original defect. This validation is done in an ensemble fashion, where the
same language model is asked to vote five times, a data-point is only selected if at least four out of five
instances passed the validation test. Finally, each trajectory in our corpus is randomly assigned one
of the synthetically generated coaching snippets corresponding to the defect in the given trajectory.



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

Reasoning Trace Generation Finally, we augment the trajectories in our dataset with synthetic
reasoning traces. The inclusion of reasoning traces in our dataset enables us to measure whether
teaching our model to reason on the behavior exhibited in a trajectory can improve it’s ability to
generalize to new defective categories or assist on previously unseen tasks. We collect reasoning
traces by prompting M to analyze a trajectory by parsing an abstract list of events that occurred in the
trajectory. These abstracted events, F(7;), include any important outcomes or changes in the state,
based on the player’s actions and are computed during the initial trajectory rollout. Each reasoning
trace includes three components: (1) A summary of the trajectory describing what the user tried
to do, (2) A description of the player’s successes over the course of the trajectory, and (3) The set
of challenges faced by the player while performing their task. The language model performs this
reasoning procedure, 754 7% 1M~ Moo son(E(T;)), three times for each example, and chooses
the best output for each category based on a self-assessed measure of confidence with regards to the
output’s relevance to the original set of events.

4.2 TRAINING DATASETS

We curate two sets of datasets for model-training: (1) Grounding Datasets - Datasets which equip the
model with the ability to ingest a multi-modal trajectory and ground the events which occur in the
trajectory, and (2) Task-Specific Datasets - Datasets which teach the model to analyze trajectories,
identify defects and provide assistance.

4.2.1 GROUNDING DATASETS

We generate visual question-answering (VQA) datasets, by sampling images or sequences of images
from trajectories generated by our synthetic agents. We designed questions to enable the model to
visually analyze the observation space to make assessments about a given state or identify important
events which occurred across a sequence of states. We design three VQA datasets for this task,

+ Image-QA: In the Image-QA dataset, D! = {I;, {q;, a;] ?:1}1-]\21, each datapoint is com-
prised of an image, randomly sampled from a trajectory of a synthetic heuristic, associated
with six question-answer pairs associated with the given state, which are randomly sampled
from a larger set of questions. These questions probe the model’s grounding of spatial
information in the environment, which is a task MLLMs often struggle with (Rajabi &
Kosecka, [2024} [Zhang et al.,[2025)). The entire dataset is comprised of 55,000 examples.

* Trajectory-QA: The Trajectory-QA dataset is a dataset comprised of trajectories, with
six associated question-answer pairs, DT = {#;, {q;, a; }?:1}5\/:1. The trajectory in each
datapoint, 7;, is selected by extracting a sub-trajectory from a full-rollout, of length, K ~
N (15,2). These questions seek to improve the model’s temporal grounding capabilities,
i.e., identify how the actions taken in the trajectory affect the environment. This dataset has
a total of 54,000 datapoints.

* Video-QA: Similar to the previous dataset, the Video-QA dataset, DV is comprised of
trajectories augmented with question-answer pairs. However, in this dataset, the trajectories
are just a sequence of images in the form of a video, 7; = {sk}szl. We utilize the same
template for the question-answer pairs as that of the Trajectory-QA dataset. The purpose of
the dataset is to ensure that the model adequately relies on its visual encoding capabilities
rather than overfitting to the sequence of actions provided in the trajectory. This dataset is
comprised of 55,000 datapoints.

The entire set of questions for each of these grounding datasets can be found in Appendix [F| We label
the set of all these gounding datasets as Dy;ound-

4.2.2 TASK-SPECIFIC DATASETS

By utilizing our synthetic data generation procedures described in we assemble three datasets
which directly pertain to corrective assistance (see Appendix Figure[2).

« Coaching: We formulate the coaching task using the dataset, DM = {711 ¢5., [r;]}
where each datapoint consists of a trajectory 77 € T, a coaching signal cs,, which is
randomly selected from the set of available coaching snippets for the given defect (C’gfal),
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and an optional reasoning trace [r;] associated with the trajectory. Note that the coaching
snippet implicitly aligns with the behavior exhibited in the trajectory, since the trajectory is
generated by applying a particular defect, but this alignment is not explicitly enforced while
assigning the coaching snippet to the trajectory. This set contains 26,000 training examples.

¢ Corrections: We formulate the correction task as follows, Deorrect =
{Tref, Tf L0t G, [r;]}. The model needs to predict the next corrected action
the user should take to steer them away from their defective gameplay. For the corrections
task, the model is also provided a reference trajectory, 7.y, comprised of a rollout of the
specific user acting in a small map (different to the any of the maps utilized to simulate
trajectories) to highlight the user’s high-level strategy. Finally, we restrict the input
trajectory to the 10 preceding steps, which allows the reference trajectory to fit within the
model’s available context window. This dataset contains 27,000 training examples.

* Defect-Delineation: Our third task task, Defect Delineation, seeks to improve the model’s
ability to discern how different defects manifest in user behavior. This task was inspired
by the Next-Sentence Prediction pretraining task (Devlin et al.| 2019), leveraged to build a
greater semantic understanding of sentence-similarity. Similarly, in Defect-Delineation the
model inspects two trajectories and predicts whether the two trajectories have the same defect,
and also the specific defect in each trajectory, DPP = {T(l), 7@ sM s 1) =

DD
5@ } }El l. Each trajectory is randomly sampled from our dataset of trajectories, 7. The
output is formatted as a text-based answer, “Yes. The defect in both trajectories is <defect>"
or “No. The defect in trajectory 1 is <defectl>. The defect in trajectory 2 is <defect2>.” Our
dataset includes five negative samples for every positive sample, as the task of distinguishing
and correctly predicting the defects in two different trajectories is more challenging. This
dataset contains 20,000 training examples.

Our default training dataset, Dy,.4;,,, includes all three of these datasets with equal weighting.

5 EXPERIMENTS

5.1 BASELINES

A suitable baseline for Open-Set Corrective Assistance must be able to process video trajectories,
perform visual grounding to interpret task instructions, and provide the corresponding assistance. We
adopt a methodology for behavior correction, developed in prior work, which empowers pretrained
VLMs to provide language-based coaching based on videos of a robot’s policy (Guan et al.| 2024). In
our work, we extended this baseline to generate corrections as well as coaching.

1. Behavior Critic (GPT-40) - We prompted GPT-40 to perform assistance based on a downsam-
pled trajectory. In addition to the trajectory, the model is provided the rules of overcooked
for additional grounding. Furthermore, unlike our model, which needs to implicitly identify
new defects without any prior knowledge, the GPT-40 behavior-critic is also provided the
full list of potential defective behaviors that could be found in the behavior.

2. Behavior Critic (GPT-40) + language summary - We extend the original behavior critic by
adding reasoning traces from our dataset to the prompt as a part of the input to help improve
the model’s ability to identify the defect and provide assistance.

The prompts for both of these baselines are included in the appendix(§ [B.5).

5.2 EVALUATION TASKS

For the novel task-formulation of open-set assistance, our evaluations seek to comprehensively
examine how well our assistive model can perform across multiple axes of generalization. In all our
experiments (unless otherwise stated), we perform few-shot training to fine-tune our model on a small
set of examples prior to testing on held-out data (10 examples per new defect).

* Novel Defective Modalities - This evaluation tests how well our model can utilize its
understanding of the task to provide actionable assistance in previously unseen failure modes
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Table 1: Generalization across defects and tasks. We compare assistive performance when
generalizing to (left) unseen defective behaviors and (right) novel task configurations (recipes).
Models trained entirely on diverse assistive data outperform behavior-critic baselines when adapting
to new defects with only a few examples, with performance saturating at the 1B scale. In contrast,
generalization to new tasks benefits substantially from model scaling, likely due to the stronger
multi-modal grounding capacity offered by the larger model.

Held-Out Defects Task Generalization
Baseline Coaching Corrections Coaching Corrections
Behavior Critic 21.00 20.40 3421 9.17
Behavior Critic + Summaries 55.70 19.80 71.05 15.83
Ours 1B 76.60 55.70 50.88 50.83
Ours 8B 77.80 54.60 85.96 56.67

Table 2: The 8B variant of our model outperforms the behavior critic baseline in all settings except
while coaching in the task generalization setting. Coaching users to perform new tasks proves to be a
challenging setting for the model, however, the inclusion of reasoning traces provides an 8% boost in
performance.

Held-out Defects Task Generalization
Baseline Coaching Corrections Coaching Corrections
Behavior Critic 21.00 20.40 34.21 9.17
Ours 8B 34.30 39.70 0.00 55.00
Ours 8B + reasoning 18.10 32.60 8.77 43.30

(defects). For instance, during training, the model may encounter a defective modality such
as “Player believes it is best to serve only soup,” while a held-out test defect might be
“Player believes it is best to serve only steak.” If the model has learned the underlying
concept of a player omitting key components of a recipe, it should be able to generalize this
understanding to novel contexts involving different missing components.

* New Tasks (Overcooked Recipes) - During training the agent is always following a single
recipe. In this evaluation, we measure how well the model is able to assist users performing
tasks, i.e. completing two new recipes, within Overcooked. This evaluation probes the
model’s ability to adapt its domain knowledge to a related task within the same domain
through compositionality, grounding unseen recipes to new object configurations and layouts
to identify previously unseen failure modes. All recipes are provided in Appendix [D] .

Finally, we perform two ablations pertaining to the training set configuration. First, we compare
multi-dataset training on the full Dy,.,;, against single-task training on Deoach g peorrect g aggess
whether jointly learning related assistive tasks leads to more robust and adaptable assistive behavior.
Second, we assess whether co-training with our grounding datasets (Dg;.ounq) improves the model’s
ability to localize actions and events required for novel recipes and translate them into assistance.

5.3 METRICS
We utilize two metrics to measure the accuracy of the model for each modality of assistance.

e LLM-as-judge (Coaching) - We leverage an LLM to identify whether or not a generated
coaching snippet adequately corrects the underlying, ground-truth defect. The full prompt
used for enabling GPT-40 to evaluate our model-outputs is included in the appendix.

* Accuracy (Corrections) - To evaluate the correction-generation capabilities of our model,
we simply measure the accuracy when compared to the ground truth action.
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5.4 RESULTS

Our model can learn to assist users with unseen defective behaviors with just 10 training
examples per defect — Table [I]reports the performance of our model on the dataset comprised of
trajectories with novel defective behaviors. First, we find that our model, when trained on the three
task-specific datasets (De°ch peorrect DDPD) outperforms an off-the-shelf GPT-40 model for both
tasks. Incorporating the visual-reasoning traces as an input to GPT-40’s input, boosts the model’s
ability to accurately coach by 34%, however, it is still inferior to our model. Upgrading the base
LLaMA model from one billion (1B) to eight billion (8B) parameters results in only negligible
performance differences (+1 for coaching and —1 for corrections). This suggests that the model has
reached a saturation point on the dataset for the held-out defect evaluation.

Our model can generalize to new in-domain tasks — We report findings on our evaluation of the
model’s ability to assist users performing new recipes in Table[I] First, our 1B model surpasses
the base behavior critic (+15/+41%) but falls short of the summary-augmented version (-20/+35%).
Unlike in the case of the held-out defect evaluation, performance of the model increases, for both
corrections and coaching, when scaling up from the 1B LLaMa model to the 8B LLaMa model. This
indicates that a greater degree of multimodal compositionality is required for this task, which larger
VLMs are better equipped to handle.

Table 3: Effect of dataset ablations on assistive generalization. Training jointly across coaching,
correction and defect delineation improves downstream assistive performance compared to individu-
ally training on D" or Deorrect,

Unseen Defects Novel Tasks

Training Data Coaching Corrections Coaching Corrections

1B (Dirain) 76.60 55.70 50.88 50.83
1B (Deoach) 38.10 - 54.39 -
1B (Deorrect) - 29.40 - 33.34

Inducing reasoning priors for assistance improves zero-shot coaching performance while gener-
alizing to new tasks — When our model is evaluated in a zero-shot setting, we see a reduction in
performance on the coaching task for both sets of evaluations (see Table[2). Our zero-shot model still
outperforms the behavior critic on both assistive tasks on the held-out defect evaluation. However,
when reasoning is added, model performance worsens. This is likely due to mode-collapse; since the
model has not been trained to reason with reinforcement learning, the model may struggle to condition
its assistance on out-of-distribution reasoning traces, even if the reasoning traces correctly ground
the input trajectory. For the task-generalization evaluation, the model outperforms both versions
of GPT-40 while predicting corrections, however, completely fails to coaching while assisting on
novel-tasks (0.00%). Coaching the user to perform new tasks is much more challenging for any
assistive model, as the model needs to infer mistakes from the new recipes and map failures identified
in these trajectories to these inferences. Without any training on held-out data, the model is unable
to make these inferences. Notably, incorporating reasoning traces mitigates this issue, improving
coaching performance by 8%, however, the model is still unable to match the behavior critic’s
performance on task-generalization.

Training on multiple datasets simultaneously improves the model’s ability to assist — Table 3]
presents a dataset-analysis to understand the effect of each dataset on the model’s ability to perform
open-set assistance. These experiments are performed with our 1B-scale model. First, we measure
the impact of multi-task training with all three datasets in Dy,.q;,,. Having the model simultaneously
train on both tasks, as well as the auxiliary defect delineation task, wherein the model is prompted to
identify and delineate defects, generally improves downstream performance on both tasks.

Co-training with grounding datasets can improve visual compositionality, thereby benefiting
task generalization - We hypothesized that task generalization requires stronger visual compo-
sitionality to translate unseen behaviors into effective assistance. To test this, we co-train with
the grounding datasets, introduced in Section [4.2] and find that such co-training, both jointly and
individually, improves downstream assistive performance on novel tasks (Table[d). Improved per-
formance may arise from the model’s increased ability to recognize key in-game events, such as the
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Table 4: Inclusion of additional grounding datasets improves model’s ability to assist in new task
configurations. This figure depicts the performance of the assistive model, on the task-generalization
experiment, after co-training with varying configurations of the grounding datasets, Dy,ounq. Among
the grounding datasets, the Trajectory-QA dataset, D7, appears to be the most effective, whereas the
Video-QA dataset, DV, appears to reduce performance.

Baseline Coaching Corrections
1B 50.88 50.83
1B (Dyround + Dirain) 58.77 53.33
1B (D! + Dyrain) 69.30 46.67
1B (DY + Dyrain) 46.49 42.50
1B (DT + Dirain) 78.95 52.50

completion of a delivery or proximity to the delivery location, which in turn supports the inference of
new failure modes from trajectories of players performing unfamiliar tasks. Among the grounding
datasets, D7 appears to be the most effective, whereas co-training with only DV seems to reduce task
performance. This finding implies that access to action sequences may be critical for analyzing new
failure modes in novel recipes. D! also appears to provide benefits; unlike the Yes/No questions in
the Trajectory and Video datasets, the Image-QA dataset requires more complex analyses of the game
state, including path planning and object disambiguation, which may improve the model’s ability to
process image-based states.

6 DISCUSSION

This work examines the capabilities of diverse assistive data in training foundation models to perform
embodied open-set assistive tasks. We generate a synthetic dataset and train a model to perform a
representative task, Open-Set Corrective Assistance, in which the model must provide corrective
guidance by observing embodied trajectories of user behavior, without access to a closed set of
corrective categories. We evaluate models, trained entirely on synthetic data, in two complementary
settings: (1) generalization to trajectories containing defective behaviors not seen during training,
and (2) generalization to novel task configurations (recipes) in Overcooked.

Firstly, our dataset ablations yield several insights into the composition of training data required to
support generalization. In particular, task-level generalization places greater demands on multimodal
compositionality, requiring data that captures higher-level relationships between actions, goals, and
environmental outcomes. We find that multi-task co-training across coaching, correction, and defect
delineation consistently improves downstream assistive performance, while grounding datasets that
contain re-usable information pertaining to action outcomes are especially beneficial for generalization
to connect outcomes to deficiencies in new task configurations. Additionally, inducing reasoning
priors through behavior summaries improves assistive performance, particularly for coaching and
zero-shot evaluation. However, performance degrades when reasoning traces fall outside the training
distribution, indicating that current forms of reasoning supervision are brittle. Together, these results
suggest that effective training datasets for assistive modeling should emphasize decompositional
structure, explicitly separating perception, interpretation, and actuation, rather than relying solely on
end-to-end demonstrations.

7 LIMITATIONS

Finally, there are two important limitations to cover pertaining to pending avenues of exploration
and model-capabilities. First, it is important to highlight that the capabilities of a diverse trained
model to provide assistance on real-human trajectories remains unexplored. Having explored the data
configurations that is helpful in promoting generalization to novel tasks and defective behaviors, a
critical next step is to collect human trajectories to understand the quality, quantity and design of
synthetic data required to promote sim2real generalization on complex, embodied assistive tasks
requiring foundation models. Secondly, our model training procedure leverages a standard instruction-
tuning setup, absent of any feedback-based post-training. Applying alignment-based approaches
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could produce assistance that better captures the intrinsic reward model of the user that is being
assisted. Recently, a suite of methods have been developed to apply reinforcement-learning-based
optimization methods to learning in complex multi-turn or embodied settings (Silva et al., 2025}
Ding et al.| [2025 Boyle et al.l 2025). Applying these alignment methods would prove a natural fit to
producing assistance that more effectively reasons about user-behavior and thereby exponentiate the
grouding capabilities imbued through large-scale training on synthetic data.

8 CONCLUSION

In this paper, we seek to quantify the capabilities of diverse assistance for training assistive model for
complex embodied tasks, requiring a multimodal foundation model. We study this question through
Open-Set Corrective Assistance, a representative and largely unsolved setting in which a model
must identify and correct user behavior through language feedback or corrective actions without
access to a closed set of defect categories. Using Overcooked as our testbed, we collect a set of
behavior trajectories by simulating gameplay with a set of synthetic users. We then processed these
trajectories to produce multi-faceted training data, to imbue the model with grounding, actuation and
assistive capabilities. Next, we trained our model on these datasets, so as to probe it on two clear
stratifications for generalization; (1) Unseen failure modes (defects) and (2) Novel task configurations.
Through our experiments, we show that our trained model can assist in both these novel environment
configurations better than a behavior-critic from prior work. Our dataset ablations highlight the
importance of designing datasets which individually teach the compounding skills required to
perform a task, which in our case were grounding and multi-turn behavior analysis. Overall, our
work establishes a foundation for future research on open-set assistive models, providing findings
beneficial towards extending this work to assistance on real-world interactive data.
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A  EXPERIMENTAL SETUP

The models which used the 1 billion parameter Llama3 models were trained on either a gée.12xlarge
instance on AWS or a local cluster with four Nvidia RTX 6000 (49 GB memory). The models which
used the 8 billion parameter Llama3 models were trained on the p5.48xlarge AWS instance, as these
models utilized over 80 GB of GPU-memory. Both the visual encoder, and language model are
trained using Low-Rank Adaptation (LoRA) [2022). The multimodal projection layer was
trained from scratch. The specific values for our experimental parameters are provide in Table 5]

Table 5: Experimental parameters per baseline. All used image + 1lm LoRA with r, alpha = 16. Image
-> LLM projection layer trained from scratch. 500 warmup steps.

Training Training  Per-device Weight
Model-name Datasets Data Aug  Learning rate Steps batch size ~ Decay
Ours (1B) Dirain No 5e —5 15000 1 0.01
1B + grounding datasets  Dirain + Dground Yes 5e — 5 16500 1 0.01
1B Coaching Only peeach Yes 5e — b 5000 1 0.01
1B Correction Only peerrect No 5e — 5 5000 1 0.01
Ours (1B) + I-QA Dirain + D! Yes 5e —5 16500 1 0.01
Ours (1B) + T-QA Dirain + DT Yes 5e — 5 16500 1 0.01
Ours (1B) + V-QA Dtrain + DV Yes 5e — 5 16500 1 0.01
Trajectory-QA “ m - m “ ©®0 —— Did the player clean a dish? [Yes/No]
video-0A il K KN e oo Did the player chop an onion? [Yes/No]
Image-QA n In how many steps can the player reach the delivery location? [1/2/3...]

Corrections - m E m n (XX n —> Move Left
Coaching - - m - (X X ] m _ —— You need to cut an onion before placing on a steak
Defect Delineation n - m - + n m - m “ —> Yes. The defect in both trajectories is ...

Figure 2: This figure provides an abstract depiction of each task synthesized in this paper to train
our assistive model. Top to Bottom - Trajectory-QA, Video-QA, Image-QA, Corrections, Coaching,
Defect Delineation

B PROMPTS

B.1 MAP GENERATION

We synthetically generated maps to rollout our defective heuristics and obtain diverse behavior
trajectories (see Figure [5). Each map was checked to ensure satsifaction with common-sense and
validity checks to ensure that they yield reasonable trajectories.

System: Map Generation

I need you to create new overcooked maps. I will provide you with a
sample map. You need to generate new maps, with the same number of
each object.
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Figure 3: Dataset Example

t
t
t

Figure 4: Model Output
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Defect:

Player doesn’t know that soup requires
three tomatoes to start cooking
Correction:
Soup requires three tomatoes to start
cooking

Reasoning Trace:

“Summary”: Player 0 began by moving
right to collect and clean a dirty dish, then
picked up a steak and placed it on the grill
to cook. They collected onions, chopped
them, and placed them on the grilled steak
to complete the steak dish. Concurrently,
Player 0 gathered tomatoes and placed
them in a pot to start cooking soup.
“Successes”: Successfully cleaned a dish,
cooked a steak, chopped onions, and
started cooking soup.

“Challenges”: Faced blocked paths
multiple times and inefficient movement,
struggled to complete the tomato soup as
only two tomatoes were placed in the pot.

Defect:

Player doesn’t know that grilled steak
needs to be chopped to make grilled steak
skewers.

Predicted Coaching:

Don't forget, grilled steak needs to be
chopped on the chopping board for it to
become grilled steak skewers

Actual Coaching:

Ignoring the chopping board means no
grilled steak skewers. Ensure you chop
your grilled steak to deliver the final dish.
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Here is a dictionary which identifies each symbol in the map: \n
{map_key}

Generate a map while keeping the following things in mind:

(1) Make sure there is at least one of each of the following
SymbOlS, [lloll, IlDll, IlTll, llcll, “N", IIS", IIHII, IIGII, IIIII]

(2) Make sure that Player 0 can access all target locations, ["O",
llDll, ll'I'll, llcll, HNII, llSll, "H", IIG", "Ill] .

(3) You are allowed to change the size of the outer grid, as long as
the number of the "special" locations remain the same.

(4) Limit the map size to a 12 x 12 grid.

(5) Make sure you have at least one "X" and one "Y" in the map.
(6) Including spaces, each row should have the same number of
characters.

(7) Generate only one map.

Your response should just include the map.

User: Map Generation

Here are a few examples of a few possible overcooked map-layouts:

Map 6:
Figure 5: Prompt utilized to enable GPT-40 to generate overcooked Map configurations.

B.2 COACHING

We leveraged GPT-40 to synthetically generate language-based corrective feedback for each trajectory,
to teach our model to coach a synthetic user with defective behavior. The process of generating
coaching snippets was two-fold: (1) We first generated a set of initial coaching snippets given a
description of the defect (see Figure[6)), (2) Next, we augmented these coaching snippets using a set
of directives such as “Make the advice more concise” or “Make the advice more humourous.” (see

Figure[7)

System Prompt

I need to generate corrective feedback to enable a user to fix a
specific defect in their strategy for the game overcooked. I will
provide you a description of the defect and you need to provide some
options for how you would assist a user in correcting this defect
Please craft the exact statement you would say to a user.

Each correction should be brief (maximum of two sentences). You
should address only the specific defect mentioned, avoiding general
advice or including irrelevant information. For example, discuss
grills only if the defect pertains to grills, if you are asked to
correct a defect pertaining to general interactions with dispensers
do not specifically mention any individual dispenser (onion, dish,
tomato, steak, etc.).

Note: Make sure to keep your feedback grounded in overcooked rather

than an actual kitchen. Make sure your corrections are consistent
with the rules of overcooked: {rules}
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Please give me five different potential corrections for the
following defect. Your corrections should be in the following
format:

Correctionl:
Correction2:
Correction3:
Correctiond:
Correctionb:

Defect: {defect}
Figure 6: Prompts used for generating initial coaching snippet from the defect

System Prompt

I have a set of corrections to help a user fix a defect in their
gameplay strategy.Your job is to rephrase this set of corrections
according to a directive I will provide to you. The instructions
will be things like "make the correction more polite," "make the
correction more direct," "make the correction more urgent," etc.
However, you must ensure that the meaning of the correction should
still remain the same, i.e., the correction should still be helpful
in correcting the given defect in the user's strategy.

Make sure that your augmented corrections are still grounded in
overcooked and not in an actual kitchen setting. Try not to add
unnecessary filler words if you can avoid it. The input will be
provided to you in the following format:

## Player Defect
Defect: <description of the defect>

## Initial Corrections

Correctionl: <correctionl>
Correction2: <correction2>
Correction3: <correction3>
Correctiond4: <correction4d>
Correctionb: <correctionb5>

## Directive - <directive>

## Augmented Corrections (TODO)

Augmented Correctionl: <updated correctionl>
Augmented Correction2: <updated correction2>
Augmented Correction3: <updated correction3>
Augmented Correctiond: <updated correctionéd>
Augmented Correction5: <updated correction5>

Make sure your corrections are consistent with the rules of
overcooked: {rules}
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Please update the given set of corrections for the following defect
using the directive provided. Note that you need to augment each
correction individually according to the directive, i.e., you are
generating one augmented correction for every correction you have
been provided. --

## Player Defect
Defect: {defect}

## Initial Corrections

Correctionl: {corrections[0]}
Correction2: {corrections[1]}
Correction3: {corrections[2]}
Correctiond: {corrections[3]}
Correctionb5: {corrections([4]}
## Directive - {directive}

Figure 7: Prompts used for augmenting initial coaching snippets based on a set of directives.

B.3 REASONING GENERATION

We prompt GPT-40 to generate reasoning traces by using the list of events which occurred in a
trajectory (see Figure [8). Each reasoning trace is comprised of three components; (1) Summary,
(2) Successes, (3) Challenges. This information is included in the “format instructions” portion
ofthe prompt. The model is also provided with the list of rules in overcooked before reasoning over
the trajectory. The specific set of rules included in the prompt vary based on the recipe the user is

attempting to make (see Figures[9} [T0} [TT] [T2).

Reasoning Trace Generation Prompt

You are an expert game analyst. Ground your analysis in the
following rules of Overcooked:{overcooked_rules}"

Generate a structured summary of an Overcooked gameplay trajectory
with the following format requirements: {format_instructions}
After summarizing, for each field perform self-verification:
indicate if it's supported by the events and rules ('valid') and a
confidence score between 0-1, under 'verification'

Respond strictly with the JSON object, no extra text.
Events (chronological list): {events}

Figure 8: Reasoning Generation Prompt

Overcooked Rules (original recipe)

Overcooked Rules:

1. Players must pick up ingredients from dispensers and place them
in the cooking ranges to cook them.

2. Tomatoes are placed in the cooking pots to make soup.

Players must interact with dispensers to pick up ingredients.
Onions need to be cut at the cutting board.

Steak needs to be cooked on the grill.

. There is one visible trip hazard and one invisible trip hazard on
the map.

7. If the player walks over a hazard while holding an object, they
may drop the object.

8. Players must deliver cooked food to the delivery location.

9. A player can only hold one object at a time.

10. Dishes are cleaned at the sink.

oy U1 b W
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11. A player can perform an action at a location by interacting with
the location, i.e. cleaning dishes at the sink, or cutting onions at
the cutting board.

12. Soup starts cooking when there are three tomatoes in the pot.
13. Steak starts cooking when there is one steak on the grill.

14. Once food is cooking, you can no longer place ingredients on it
until the food is cooked and picked up.

15. If you want to drop an ingredient, you have to drop it on a
counter.

16. You are only controlling one player in overcooked.

17. Interacting with cooking ranges before the food is cooked will
not do anything.

18. Cut onions can only be picked up once you are holding grilled
steak.

19. The only ingredients in the game are steak, tomatoes, and
onions.

20. The game has no audio, i.e. the player only receives visual ques
while playing the game.

Figure 9: Overcooked rules

Overcooked Rules (alternatel recipe)

Overcooked Rules:

1. Players must pick up ingredients from dispensers and place them
in the cooking ranges to cook them.

2. Tomatoes are placed in the cooking pots to make soup.

Players must interact with dispensers to pick up ingredients.
Onions need to be cut at the cutting board.

Steak needs to be cooked on the grill.

. There is one visible trip hazard and one invisible trip hazard on
the map.

7. If the player walks over a hazard while holding an object, they
may drop the object.

8. Players must deliver cooked food to the delivery location.

9. A player can only hold one object at a time.

10. Dishes are cleaned at the sink.

11. A player can perform an action at a location by interacting with
the location, i.e. cleaning dishes at the sink, or cutting onions at
the cutting board.

12. Soup starts cooking when there are three tomatoes in the pot.
13. Steak starts cooking when there is one steak on the grill.

14. The two recipes you need to make are soup with chopped onions
and a grilled steak.

15. If you want to drop an ingredient, you have to drop it on a
counter.

16. You are only controlling one player in overcooked.

17. Interacting with cooking ranges before the food is cooked will
not do anything.

18. Chopped onions can only be picked up once you are holding soup.
19. The only ingredients in the game are steak, tomatoes, and
onions.

20. The game has no audio, i.e. the player only receives visual ques
while playing the game.

21. Chopped onions must be picked up from the chopping board while
holding soup.

oy U1 W W

Figure 10: Overcooked rules (Alternate 1)

Overcooked Rules (alternate2 recipe)

Overcooked Rules:
1. Players must pick up ingredients from dispensers and place them
in the cooking ranges to cook them.
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2. Tomatoes are placed in the cooking pots to make soup.

3. Players must interact with dispensers to pick up ingredients.

4. One onion needs to be placed in the cooking pot to make tomato
and onion soup.

5. Steak needs to be cooked on the grill.

6. There is one visible trip hazard and one invisible trip hazard on
t

7. If the player walks over a hazard while holding an object, they
may drop the object.

8. Players must deliver cooked food to the delivery location.

9. A player can only hold one object at a time.

10. Dishes are cleaned at the sink.

11. A player can perform an action at a location by interacting with
the location, i.e. cleaning dishes at the sink, or cutting onions at
the cutting board.

12. Soup starts cooking when there are two tomatoes and one onion in
the cooking pot.

13. Steak starts cooking when there is one steak on the grill.

14. The only recipe you need to make is tomato, onion and steak
stew.

15. If you want to drop an ingredient, you have to drop it on a
counter.

16. You are only controlling one player in overcooked.

17. Interacting with cooking ranges before the food is cooked will
not do anything.

18. You can only place an onion in the cooking pot, once there are
two tomatoes in the pot.

19. The only ingredients in the game are steak, tomatoes, and
onions.

20. The game has no audio, i.e. the player only receives visual ques
while playing the game.

21. You need to chop grilled steak on the chopping board.

22. To complete your stew, you first need to pick up the cooked
tomato and onion soup from the pot, and then pick up chopped steak
from the chopping board while holding the soup.

Figure 11: Overcooked rules (Alternate 2)

Overcooked Rules (alternate2 recipe)

Overcooked Rules:

1. Players must pick up ingredients from dispensers and place them
in the cooking ranges to cook them.

2. Tomatoes are placed in the cooking pots to make soup.

3. Players must interact with dispensers to pick up ingredients.

4. One onion needs to be placed in the cooking pot to make tomato
and onion soup.

5. Steak needs to be cooked on the grill.

6. There is one visible trip hazard and one invisible trip hazard on
the map.

7. If the player walks over a hazard while holding an object, they
may drop the object.

8. Players must deliver cooked food to the delivery location.

9. A player can only hold one object at a time.

10. Dishes are cleaned at the sink.

11. A player can perform an action at a location by interacting with
the location, i.e. cleaning dishes at the sink, or cutting onions at
the cutting board.

12. Soup starts cooking when there are two tomatoes and one onion in
the cooking pot.

13. Steak starts cooking when there is one steak on the grill.

14. The two recipes you need to make are tomato and onion soup and
grilled steak skewers.
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15. If you want to drop an ingredient, you have to drop it on a
counter.

16. You are only controlling one player in overcooked.

17. Interacting with cooking ranges before the food is cooked will
not do anything.

18. You can only place an onion in the cooking pot, once there are
two tomatoes in the pot to make tomato and onion soup.

19. The only ingredients in the game are steak, tomatoes, and
onions.

20. The game has no audio, i.e. the player only receives visual ques
while playing the game.

21. You need to chop grilled steak on the chopping board to make
grilled steak skewers.

22. Once you have chopped the grilled steak, you can pick it up and
serve the grilled steak skewers.

23. Ingredients cannot be removed once they are placed in the
cooking pot or on the grill.

Figure 12: Overcooked rules (Alternate 3)

B.4 LLM-AS-JUDGE

We prompt GPT-4 to serve as an evaluator to judge the accuracy of the coaching trace generated by
our model in comparison to the actual underlying defect in the trajectory (see Figure [T3).

System: LLM-Judge

You are an evaluator reviewing whether coaching advice generated by
an AI assistant correctly addresses a specific gameplay defect in
Overcooked.

##4# Task

You are given the following:

— *x*xGenerated Advicexx: The assistant's response to a gameplay
issue.

— *x*xActual Defectxx: The player's observed gameplay problem.

- *x*Reference Coaching Advicex*: A human-written or high-quality
model coaching response meant to guide users with this type of
defect.

Your job is to decide whether the **Generated Advicex* specifically
and adequately addresses the *xxActual Defectxx.

The xxReference Coaching Advicex* is provided as helpful context, to
better understand the defect being resolved. But the xxgenerated
advicex* does not need to match it exactly.

### Instructions

- Output *x+Label: [Yes]*x if the generated advice xdirectly and
sufficiently addressesx the defect.

- Output *+Label: [No]** if it xfails to addressx, *only partially
addresses*, or is xtoo vague, off-topic, or incorrectx in relation
to the defect.

— Include a short »xThinkxx step to reason through your decision.
### Format

#4#4# User

Generated Advice: <generated_answer>

Actual Defect: <actual_defect>

Reference Coaching Advice: <reference_advice>

### Assistant

Think: <your brief analysis of the advice and defect relationship>
Label: [Yes/No]
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### Examples

#### Example 1

##4# User

Generated Advice: Make sure you place the ingredients in the cooking
range to start

Actual Defect: The player does not know what to do with the
ingredients.

Reference Coaching Advice: Place ingredients in the pot to cook
them. Don't leave them on the counters.

### Assistant

Think: The advice, though shorter, tells the player what to do with
the ingredients, aligning with the defect.

Label: [Yes]

#4444 Example 2

##4# User

Generated Advice: Avoid inefficient movement.

Actual Defect: The player makes unnecessary movements/turns while
navigating the map.

Reference Coaching Advice: Stick to efficient paths and avoid
zig-zagging or turning back.

### Assistant

Think: The generated advice is high-level but directly relevant to
the defect.

Label: [Yes]

#### Example 3

##4# User

Generated Advice: Remember to place three tomatoes in the pot to
cook the soup.

Actual Defect: The player thinks it is best to only serve soup.
Reference Coaching Advice: It would be helpful to serve both soup
and steak, rather than soup alone.

### Assistant

Think: The generated advice focuses on preparing soup, which does
not address the misconception about ignoring other dishes. The
reference advice suggests serving both soup and steak, which is not
mentioned in the generated advice.

Label: [No]

#44#4 Example 4

##4# User

Generated Advice: Place three tomatoes in the pot to start the
cooking process.

Actual Defect: The player tries to deliver cooked food by placing it
on a counter.

Reference Coaching Advice: Deliver completed dishes by placing them
at the delivery location, not counters.

### Assistant

Think: The advice is unrelated to the problem of delivering food to
the right location.

Label: [No]

#### Example 5

### User

Generated Advice: Remember to slice onions on the board.
Actual Defect: The player tries to place onions in the sink.
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Reference Coaching Advice: Use the cutting board for prepping onions
before cooking.

### Assistant

Think: The advice provides the correct instruction that addresses
the mistake with the handling of onions.

Label: [Yes]

User: LLM-Judge

Generated Advice: <|generated_answer|>
Actual Defect: <|answer|>
Reference Coaching Advice: <|reference_answer|>

Figure 13: LLM-as-judge to evaluate coaching outputs

B.5 BEHAVIOR-CRITIC BASELINE

Our baseline behavior-critic leverages GPT-40 to perform coaching or correction based on a down-
sampled video of the defective trajectory. The prompts for both tasks can be found in Figure[T4] We
also enhanced our behavior critic by including the synthetically generated reasoning traces, as per
Section[B.3] The prompts for this enhanced behavior critic can be found in Figure [I3]

Behavior Critic (Coaching)

**Task:xx

You will be provided a short video clip (sequence of images) of a
human playing Overcooked.

The player may or may not have a defect in their gameplay strategy
which is hampering their performance. Your Jjob is to analyze this
trajectory and provide corrective feedback to enable the user to
understand and fix the defect in their overcooked gameplay.

Please share your analysis of what is occuring in the video with
regards to the potentially defective gameplay trajectory, prior to
providing your feedback. Note that you need to analyze the actions
of the blue player.

**Example Responses (you should follow the same JSON output
format) :xx*
{examples}

**Notex*x

The images are key frames extracted from a video and are presented
in the same order as the original footage.

Each player will have at most one defect. The potential defects that
the player may have will be one of the following categories:
{defects}

To help you perform the task, here are some important rules to know
about playing Overcooked:

*x {overcooked_rules}

**Now, please look at the following sequence of images carefully.x*x
{extra}
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Corrections

**xTask:x*

You are an AI assistant tasked with improving a user's performance
in Overcooked.

To help you perform the task, here are some important rules to know
about playing Overcooked:

** {overcooked_rules}

Given a defective seed trajectory, provide corrective actions, that
the user should perform next, that align with the user's strategy.
Use the accompanying reference trajectory, a non-defective
demonstration on a reference map, to infer their strategy.

**Example Responses (you should follow the same JSON output
format) :*x*
{examples}

**Notex*x

You need to predict the immediate next action the user should take
to begin to fix the defect in their behavior. You must choose from
one of the following 8 actions: [move forward, move backward, move
left, move right, turn left, turn right, interact, no action]
**Now, please look at the following sequence of images carefully.x*x
{extra}

Figure 14: Prompts for GPT-40 baselines without reasoning.

Coaching Prompt

**xTask:*x*

You will be provided a short video clip (sequence of images) of a
human playing Overcooked.

The player may or may not have a defect in their gameplay strategy
which is hampering their performance. Your job is to provide
corrective feedback to enable the user to understand and fix the
defect in their overcooked gameplay.

In addition to the sequence of images, you will also be provided
with an analysis of the player's trajectory, which will provide a
summary, along with the challenges, successes faced by the player
during the trajectory.

**Example Responses (you should follow the same JSON output

format) :*x*

{examples}

*xNotex*

The images are key frames extracted from a video and are presented
in the same order as the original footage.

Each player will have at most one defect. The potential defects that
the player may have will be one of the following categories:
*+x{defects}

To help you perform the task, here are some important rules to know
about playing Overcooked:

** {overcooked_rules}

**Now, please look at the following sequence of images carefully.x*x
{extra}
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Corrections Prompt

x*xTask:xx*

You are an AI assistant tasked with improving a user's performance
in Overcooked.

To help you perform the task, here are some important rules to know
about playing Overcooked:

**{overcooked_rules}

Given a defective seed trajectory, provide corrective actions, that
the user should perform next, that align with the user's strategy.
In addition to the sequence of images, you will also be provided
with an analysis of the player's trajectory, which will provide a
summary, along with the challenges, successes faced by the player
during the trajectory.

Use the accompanying reference trajectory, a non-defective
demonstration on a reference map, to infer their strategy.

**Example Responses (you should follow the same JSON output
format) :*xx*
{examples}

*xNotex**

You need to predict the immediate next action the user should take
to begin to fix the defect in their behavior. You must choose from
one of the following 8 actions: [move forward, move backward, move
left, move right, turn left, turn right, interact, no action]
**Now, please look at the following sequence of images carefully.xx*

{extra}

Figure 15: Prompts for GPT-40 baselines with reasoning.

C DEFECTS

This section provides the full list of defects included in the training-set, held-out-defect dataset and
the task-generalization dataset (see Figure[I6).

## Training Defects

1: "Player does not know that the cooking pot needs to be full for
the soup to start cooking.",

2: "Player does not know that you need to interact with dispensers
to pick up ingredients.",

3: "Player believes that leaving cooked food on an empty counter
means they have delivered the food.",

4: "Player does not know that they need to face the object to
successfully interact with any object in the game.",

5: "The player thinks it is best to only serve soup.",

6: "The player thinks tomatoes can be placed on the grill.",

7: "The player thinks onions should be placed directly on the
grill.",

8: "Player does not know that cut onions need to be placed on the
cooked steak before serving.",

9: "Player mistakenly thinks that the teammate will always walk
around them.",

10: "Player does not know that dishes need to be cleaned before
being used to pick up food.",

11: "Player does not walk around the visible trip hazards when they
are holding an object.",

12: "Player does not remember or keep track of where the invisible
trip hazard is." ,

13: "Player attempts to pick up food before it is finished
cooking.",
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14: "Player is overly cautious about trip hazards when they are
holding something, and doesn't go near spaces adjacent to the
hazard.",

15: "Player tries to directly hand ingredients they are holding to
their teammate.",

16: "Player tries to wash ingredients in the sink.",

"No Defect": "No Defect"

## Heldout defects

1: "Player does not know that ingredients need to be placed in the
cooking ranges to cook.",

2: "The player never serves cooked soup.",

3: "The player thinks it is best to only serve steak.",

4: "The player thinks onions can be cut in the cooking pot.",

5: "The player places ingredients on the counter instead of in the

cooking range.",

Defects for Task Generalization Eval

## Alternate Task 1

1: "Player forgets to place chopped onions in the cooked soup before
serving the soup.",
2: "Player tries to place chopped onions on grilled steak.",

## Alternate Task 2

1: "Player tries to place onions on the chopping board instead of in
the cooking pot.",
2: "Player tries to serve cooked tomato and onion soup before

picking up chopped steak from the chopping board.",

## Alternate Task 3

1: "Player tries to place three tomatoes into the cooking pot,
instead of two tomatoes and an onion.",

2: "Player doesn't know that grilled steak needs to be chopped to
make grilled steak skewers.",

Figure 16: List of defects used in each dataset

D RECIPES

Our training dataset uses the original overcooked recipe, i.e. the player can cook either grilled steak
and onions or tomato soup. For the task-generalization experiment, the user is prompted to make
three alternate recipes:

1. Grilled Steak + Soup and chopped onions

2. Tomato, Onion and Steak Stew

3. Tomato and Onion Soup + Grilled Steak Skewers

The descriptions for each recipe, as utilized in our prompts, are provided in Figure [I7)

Original Recipe: Grilled Steak and Onions: The player needs to cook
steak on the grill, chop onions on the chopping board, and combine
them with the cooked steak. \nTomato Soup: The player needs to place
three tomatoes in the cooking pot.

Task-Gen Recipe 1: Grilled Steak: The player needs to cook steak on
the grill and serve it. \n Soup and Chopped Onions: The player needs
to make soup by placing three tomatoes in the cooking pot, and add
chopped onions after picking up the soup.
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Task—-Gen Recipe 2: Tomato, Onion and Steak Stew: The player needs to
cook steak on the grill and chop it on the chopping board. The
player also needs to cook tomato and onion soup, by cooking two
tomatoes and one onions in the cooking pot. Finally, the chopped
steak should be added to the soup prior to serving.

Task—-Gen Recipe 3: Tomato and Onion Soup: The player needs to cook
two tomatoes and one onion in the cooking pot. Grilled Steak
Skewers: The player needs to cook steak on the grill, then chop it
prior to serving.

Figure 17: Recipes

E MODEL INSTRUCTIONS

The exact instructions included in the prompt while tuning our model to perform coaching or
corrections are provided in Figure[T§]

You are an AI assistant tasked with providing feedback to a user to
improve their performance on the game Overcooked.
<recipe prompt>

You will be given the user's gameplay trajectory, which includes a
specific defect affecting their performance. Your job is to analyze
this trajectory and provide corrective feedback to enable the user
to understand and fix the defect in their overcooked gameplay.

Defective trajectory: <defective_trajectory>

Corrective Feedback:

You are an AI assistant tasked with improving a user's performance
in Overcooked.
<recipe prompt>

Given a defective seed trajectory, provide corrective actions, that
the user should perform next, that align with the user's strategy.
Use the accompanying reference trajectory, a non-defective
demonstration on a reference map, to infer their strategy.

Reference Trajectory: <reference_trajectory>
Defective Trajectory: <defective_trajectory>

Corrective Actions:

Figure 18: Model prompts for our model

F VISUAL-QA QUESTIONS

As explained in Section d.2] we utilize visual QA datasets to improve our model’s ability to
ground and perform task-generalization. This section provides the entire list of questions in the
Image/Video/Trajectory-QA datasets (see Figure [I9). The Video-QA and Trajectory-QA datasets
use the same set of predominantly yes/no questions, whereas the Image-QA dataset features more
complex questions requiring a wider range of answers..
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Image-QA questions

1. '"What is the closest dispenser to the player?'

2. 'Is there a chopped onion on the cutting board?'

3. 'What is the position of the player on the grid?'

4. '"In how many steps can the player reach the delivery location?
(Assume that the player cannot walk through hazards if they are
holding something)'

5. 'Is there soup cooking in any pot?'

'What is/are the position(s) of the [arg] dispenser on the grid?'
6. 'Are there any items on the counter?'

7. 'Is steak cooking on the grill?'

8. 'Is there cooked steak on the grill?’

9. '"Is there cooked soup in any pot?'
10. 'What is the player holding?'
11. 'How many tomatoes are in the pot(s)?'

12. 'What is the position of the [arg] trip hazard?'

Video/Trajectory-QA questions

'What item(s) did the player pickup?'

'Did the player clean a dish?'

'Did the player cut an onion?'

'Did the player trip on a hazard?'

'Did the player place an ingredient in a cooking range?'
'Is the player in a different position from their initial
osition?'

'Did the player move in a straight line?'

'Did the player successfully deliver food?'

'Is the player closer to the delivery location?'

0. 'Did any food finish cooking?'

= OO0 JT o0l WwWN

Figure 19: Questions utilized in each of the visual grounding datasets
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