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Abstract

Language models (LMs) require robust
episodic grounding—the capacity to learn from
and apply past experiences—to excel at physi-
cal planning tasks. Current episodic grounding
approaches struggle with scalability and inte-
gration, limiting their effectiveness, especially
for medium-sized LMs (7B parameters). While
larger LMs (70—405B parameters) possess su-
perior hierarchical representations and exten-
sive pre-trained knowledge, they encounter
a fundamental scale paradox: despite their
advanced abstraction capabilities, they lack
efficient mechanisms to leverage experience
streams. We propose a scalable weak-to-strong
episodic learning framework that effectively
transfers episodic behaviors from smaller to
larger LMs. This framework integrates Monte
Carlo tree search for structured experience col-
lection with a novel distillation method, pre-
serving the inherent LM capabilities while
embedding episodic memory. Experiments
demonstrate our method surpasses state-of-
the-art proprietary LMs by 3.45% across di-
verse planning and question-answering tasks.
Layer-wise probing further indicates signifi-
cant improvements in task alignment, espe-
cially within deeper LM layers, highlighting
stable generalization even for previously un-
seen scenarios with increased planning com-
plexity—conditions where baseline methods
degrade markedly.

1 Introduction

Language models (LMs) have emerged with
massive abilities to conduct diverse generation
tasks (Brown et al., 2020; Wei et al., 2022; Sing-
hal et al., 2023; Yang et al., 2025a,b), however,
they still struggle to effectively plan physical tasks
due to their limited ability to ground decisions in
past experiences, with current approaches showing
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Figure 1: Brain cognition integrates episodic memory
(specific events collected from explorations) into gen-
eralized knowledge through abstraction and retrieval.
This hierarchical process parallels how LMs ground
episodic experiences into context-aware planning and
decision-making.

significant performance degradation in complex
physical planning (see Figure 5). This challenge
parallels the crucial role of episodic memory in
brain cognition, where organisms rely on stored ex-
periences to adapt to new environments and make
context-aware decisions (Varela et al., 1992), as
Figure 1 shows.

Conceptually inspired by the hierarchical neu-
ral memory systems of the neocortex, our method
leverages structured episodic experience collection
and abstraction mechanisms analogous to those uti-
lized by natural intelligence to encode and retrieve
detailed, context-specific experiences (Dickerson
and Eichenbaum, 2010; Moscovitch et al., 2016),
subsequently generalizing them into broader world
knowledge (Tulving, 1983; Murty et al., 2016). Al-
though our framework does not explicitly mimic
the precise neural architectures underlying biologi-
cal cognition, it draws on these fundamental prin-
ciples to facilitate effective planning and decision-
making in dynamic environments (Bartlett, 1995;
Baddeley, 1992).

Current approaches to physical planning with
LMs reveal a critical scaling challenge: small-sized
LMs (1.3B parameters) achieve only 54.76% accu-
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racy on planning tasks, significantly underperform-
ing larger LMs’ (405B) 74.34% accuracy (Xiang
et al., 2023). This gap stems from small-sized mod-
els’ limited capacity for hierarchical representation
and long-term contextual recall, making them un-
able to effectively encode and retrieve episodic
experiences (Das et al., 2024). Even advanced test-
time scaling techniques fail to bridge this gap, as
small LMs still experience over 30% performance
degradation on complex planning sequences (see
Figure 5). Thus, there is no shortcut to enabling
episodic grounding without leveraging the large
pre-trained capabilities.

While larger LMs (70-405B) show promise
through their deep hierarchical architectures and
extensive pre-trained knowledge, current solutions
lack efficiency to integrate episodic experiences
into their existing capabilities (Ichter et al., 2022;
Driess et al., 2023). This mirrors the cognitive chal-
lenges faced by individuals with impaired episodic
memory, who struggle to adapt based on past ex-
periences (Nuxoll and Laird, 2004). Therefore,
we identify a fundamental “scale paradox” in
episodic grounding: the largest models possess
the necessary abstraction capacity for effective
episodic reasoning but lack accessible fine-tuning
paths at scale to incorporate experiences. Smaller
models can be more easily trained on episodic data
but lack the representational capacity to fully lever-
age these experiences. This architectural asymme-
try, if left unresolved, prevents large LMs from
accessing the experience streams that would enable
their true potential.

To address this, we design weak-to-strong
episodic grounding that combines Monte Carlo
Tree Search (MCTS)-based experience collection
with preference optimization, explicitly leverag-
ing the pre-trained capabilities of large LMs. Our
approach scales episodic grounding in a way that
respects both the architectural and behavioral con-
straints of the models involved. It includes: struc-
tured episodic experience collection using MCTS,
which generates both successful and failed explo-
ration trajectories; a weak-to-strong distillation
that leverages behavior ratios between post-trained
and naive small models to guide larger models;
and preference-based optimization that incorpo-
rates failed attempts as negative examples, enabling
learning from episodic experiences. By building on
the pre-trained capabilities of large LMs, our frame-
work overcomes the limitations of small-sized mod-
els and episodic memory scaling in physical plan-

ning tasks. This two-stage framework bridges
the architectural asymmetry with structured behav-
ioral alignment, allowing large LMs to inherit task-
specific grounding while preserving their generalist
capacity.

This work shows the scaling effect of using
pre-trained capabilities for episodic grounding in
physical planning tasks. We achieve significant
advances in physical planning capabilities: First,
our framework enables 70B and 405B LMs to re-
siliently maintain proper accuracy even in complex
long-step planning sequences, while baseline meth-
ods show severe degradation beyond four steps.
This scaling behavior demonstrates the effective-
ness of our behavior ratio-based distillation in pre-
serving planning capabilities across increasing task
complexity. Second, in comprehensive evaluations
across physical planning and QA tasks, our ap-
proach outperforms advanced proprietary LLMs by
3.45%, highlighting the value of learning from both
successful and failed episodic experiences. Third,
through layer-wise probing analysis, we show that
later model layers achieve up to 90% accuracy in
episodic reasoning tasks, providing empirical ev-
idence for the emergence of hierarchical process-
ing similar to human neocortical function. These
results provide a practical framework for develop-
ing more capable Al systems that can effectively
learn from and apply past experiences in complex,
dynamic environments by leveraging the scaled
capabilities of large LMs.

2 Related Work

Embodied AI and Physical Simulators Physi-
cal simulators serve as virtual testbeds for training
and evaluating Al models before real-world de-
ployment. These simulators replicate real-world
environments, enabling agents to interact with en-
vironments. Notable examples include Virtual-
Home (Puig et al., 2018, 2021; Xiang et al., 2023;
Jin et al., 2024), a 3D household environment
built using the Unity3D game engine, and Proc-
THOR (Deitke et al., 2022), which procedurally
generated scenes with rich object attributes and
interaction types. Other simulators (Misra et al.,
2018; Yang et al., 2024) provide diverse environ-
ments for training embodied agents. More open-
ended environments like MineCraft (Fan et al.,
2022; Wang et al., 2024b) offer large-scale task
hierarchies and objectives, making them particu-
larly challenging for AI models. In our study, we
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structure the episodic experiences sampled from
physical simulators, then shape them as preference
data for distinguishing between positive and nega-
tive experiences based on goal satisfaction, to elicit
the grounding ability of scaled LM.

Grounding in LMs Grounding LMs in multi-
modal or physical environments is a critical step
toward enabling them to perform planning tasks
that require interaction with the world and under-
standing different modalities (Zhang et al., 2022a;
Diao et al., 2024; Jian et al., 2023; Han et al.,
2024; Jian et al., 2024; Liu et al., 2025; Diao et al.,
2025). Recent works have explored various strate-
gies to achieve this goal. One line of research
focuses on leveraging frozen LMs with specialized
prompts or auxiliary modules. For instance, Zero-
Shot Planner (Huang et al., 2022) prompts LMs
to generate activity plans and translates them into
admissible actions. Similarly, SayCan (Ichter et al.,
2022) uses a learned affordance function to assist
LMs in selecting valid actions, while DEPS (Wang
et al., 2023) incorporates a learned selector module
to choose the most efficient path based on LM-
generated descriptions and explanations. Another
approach involves fine-tuning LMs for specific
tasks in target environments. For example, Li et al.
(2022) fine-tune LMs using supervised learning for
interactive decision-making, and Carta et al. (2023)
ground LMs using online reinforcement learning.
While these methods have shown promise, they are
often limited to specific tasks or environments and
do not fully leverage the scaling potential of larger
LMs. Our study scales episodic grounding from
medium to large LMs, investigating their hierarchi-
cal capacity through layer-wise probing analysis.

3 Methodology

Our weak-to-strong supervision framework for
episodic grounding in LLMs consists of two main
stages: (1) experience collection using MCTS and
(2) weak-to-strong distillation to transfer episodic
behaviors from small to large LMs. Figure 2 pro-
vides a pipeline overview.

3.1 Experience Collection from MCTS

We collect episodic data (instruction and prefer-
ence) from a physical simulator (e.g., VirtualHome)
using MCTS (Xiang et al., 2023), which explores
goal-oriented tasks and generates interaction histo-
ries. MCTS operates through four key steps: First,
in selection, the planner selects a promising node in

l_ MCTS Data Generator _l
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Figure 2: Overview of our weak-to-strong supervision
framework for episodic grounding in LLM. Episodic ex-
periences are collected through MCTS from a physical
simulator and organized into instruction data (x, y) and
preference data (y*,y7).

the search tree using the Upper Confidence Bound:

log(N(s))

UCT =Q(s,a)+C - N(s.a)

ey

where (s, a) is the estimated action a’s value in
state s. N(s) and N (s, a) are visit counts. Second,
in expansion, a leaf node is expanded by adding
a child node representing an unexplored action.
Third, in rollout, a sequence of actions is executed
in the simulator, guided by a reward function (+2
for satisfying a goal predicate, -0.1 per timestep for
irrelevant actions). Finally, in backpropagation, re-
wards and state evaluations are propagated through
the tree, updating (s, ) and visit counts.

Successful explorations (where all goal predi-
cates are satisfied) are labeled as positive answers,
while failed explorations (where goals remain un-
met) are labeled as negative answers. To encourage
the LM to generate compact and efficient plans, we
also introduce redundant verbal styles as part of
the negative answers. Specifically, during the simu-
lation phase, we artificially create overly verbose
or inefficient plans by adding unnecessary steps
or repetitive actions. These redundant plans are
then labeled as negative examples in the prefer-
ence data, teaching the model to avoid such inef-
ficiencies during plan generation. These paired
experiences—compact and efficient plans as posi-
tive answers, and redundant or failed plans as neg-
ative answers—are incorporated into the LLM’s
post-training. This ensures that the model not
only learns to recognize successful strategies but
also avoids generating overly verbose or inefficient
plans, significantly improving its ability to reason
and act in goal-oriented contexts.
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3.2 Weak-to-Strong Episodic Grounding

Training Small LMs on Episodic Experiences
To enable small LMs (under 8B parameters) to
learn episodic grounding, we post-train them on
episodic data collected via MCTS. These mod-
els are tasked with generating stepwise action se-
quences to achieve a given goal, starting from an
initial state of relevant objects. Formally, we frame
this as a sequence prediction problem, where the
LM acts as a policy function 7 that maps an in-
put x (e.g., the initial condition) to an output se-
quencey = {y1, ..., yam} (e.g., the stepwise action
sequence). The training objective is to maximize
the likelihood of the correct action sequence, given
the input and preceding actions:
logﬂ- ym|Y<m7 )7

EV—ZGVQUZ )
(

where Ly is the loss function for task set V', «, is
the weight for task v, x is the input, formatted as an
instruction containing a task inquiry and in-context
demonstrations, y ., represents the sequence of
actions generated up to step m — 1. By optimizing
this objective, the small LM learns to predict the
next action in a sequence, effectively internalizing
the episodic grounding ability required for goal-
oriented tasks. This trained episodic grounding
capability in smaller models provides a strong foun-
dational behavior that larger LMs can subsequently
inherit through a structured distillation process.

Episodic Distillation on Large LMs To scale
episodic grounding to larger language models
(LMs), we employ a weak-to-strong distillation
approach that leverages the behavior shift observed
in post-trained small LMs to adjust the output distri-
bution of larger LMs in each decoding step, thereby
enabling efficient knowledge transfer. Formally, let
7€ denote the policy distribution of a post-trained
small LM, and 7 denote the policy distribution
of a naive small LM. This behavior shift, indicat-

ing learned episodic grounding, is captured by the

7 (Ym |y <m %)
(ymly<m.x)’
of post training on the policy function. At each

generation step t, the adjusted policy distribution
for the large LM 7

ratio which approximates the effect

*Wﬁ(ymb’<max)

77'(ym|y<mv X) = 7

7 (Y Y<my %) O

N(ym|Y<maX)’

where Z = Y . 7- (ym);rwg% is the normaliza-
tion factor. This formulationmexplicitly transfers
episodic behaviors from smaller models, effectively
guiding larger models without extensive computa-
tional overhead. To further align the large LM with
the post-trained behavior, we optimize the reverse

KL-divergence loss:

o 1oy T Wy m, %)
fra. =By | D108 2z

“)
Unlike forward KL-divergence, which encour-
ages broad coverage of the target distribution, re-
verse KL-divergence induces mode-seeking behav-
ior (Gu et al., 2024; Wang et al., 2024a). This
property ensures that larger LMs produce more pre-
cise, confident, and goal-aligned action sequences

by leveraging the distilled episodic experiences.

Preference Optimization on MCTS Events
While instruction tuning and distillation enable
large LMs to learn from successful episodic ex-
periences, these approaches often overlook the
valuable information contained in failed attempts.
This limitation can lead to overfitting and reduced
generalization capability, as models lack expo-
sure to counterexamples that illustrate subopti-
mal strategies (Rafailov et al., 2024; Wang et al.,
2024a). To address this challenge, we introduce
a preference-based optimization framework that
leverages both successful and failed explorations
generated through MCTS, enabling episodic behav-
ior learning.

Our approach extends Direct Preference Op-
timization (DPO) (Rafailov et al., 2024) to the
domain of physical planning by incorporating
structured contrasts between successful and failed
episodic experiences. Specifically, we construct
preference pairs where positive samples (y™) rep-
resent states achieving all goal predicates during
MCTS exploration, while negative samples (y )
correspond to states where goals remain unsatisfied.
This binary classification framework enables the
model to learn fine-grained distinctions between
effective and ineffective strategies in goal-oriented
contexts.

To optimize the large LM’s decision-making ca-
pabilities, we formulate a modified DPO loss func-
tion that combines preference learning with distri-
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bution regularization:
Lpopo = — E(x y+ y—)~p
loga (8- (logm(yT|x) —log m(y~ |x)))]

m(ylx)
+ A Ex yor [log ] .
Y mo(y[x)

Here, (8 serves as a temperature parameter control-
ling the sharpness of preference learning, while A
weights the reverse KL divergence term that main-
tains proximity to the initial policy my. This for-
mulation ensures stable preference learning while
preserving the model’s pre-trained capabilities (Gu
et al., 2024). The input x encodes both the goal
specification and environmental state, allowing
the model to learn context-dependent preferences
across diverse scenarios.

4 Experiments

We investigate our weak-to-strong episodic ground-
ing framework across three key dimensions: (1)
effectiveness in physical planning and QA tasks
compared to state-of-the-art baselines, (2) scala-
bility benefits from 1.3B to 405B parameters, and
(3) in-depth analysis of how episodic knowledge
is processed across model layers. We further in-
vestigate the framework’s resilience to increasing
task complexity and reveal through probing analy-
sis that our method approaches the upper bounds of
model capabilities while maintaining the flexibility
of next-token prediction.

4.1 Setup

Evaluation The evaluation datasets build upon
the RobotHow knowledge base (Xiang et al.,
2023), implemented within the VirtualHome en-
vironment (Puig et al., 2018), which provides a
rich foundation for testing physical planning ca-
pabilities. The evaluation encompasses multiple
task categories designed to assess different aspects
of episodic grounding. For plan generation tasks,
we utilize human-written plans from RobotHow
to evaluate the model’s ability to generate step-by-
step instructions for household activities, with par-
ticular emphasis on unseen scenarios to test out-of-
distribution generalization. The evaluation extends
to plan-activity recognition tasks, where models
must demonstrate understanding by inferring activ-
ity names from either comprehensive process de-
scriptions or final states alone. These tasks assess
the model’s capacity to reason about cause-and-

effect relationships and understand the physical
progression of activities.

Baselines We include established LMs of vary-
ing scales, including GPT-Neo-1.3B (Black et al.,
2021), GPT-J-6B (Wang and Komatsuzaki, 2021),
OPT-13B (Zhang et al., 2022b), and Llama se-
ries (Touvron et al., 2023a,b; Dubey et al., 2024).
Each baseline undergoes specialization through dif-
ferent approaches—direct fine-tuning (ft), elastic
weight consolidation (ewc) (Xiang et al., 2023),
and our proposed pipeline—ensuring a thorough as-
sessment of episodic grounding capabilities across
model architectures and training strategies.

Post-training During instruction tuning, we train
small-scale 8B LMs using a learning rate of 1 x
10~3 over five epochs, establishing foundational
episodic behaviors. The subsequent distillation
phase employs a two-step approach: an initial boot-
strapping epoch aligns the 70B parameter model
with the small model’s behavior, followed by a fo-
cused epoch of cross-entropy training on episodic
data. For preference optimization, the KL penalty
coefficient A = 1 and learning rate is 1 x 1074,
balancing the trade-off between preference learn-
ing and preservation of pre-trained capabilities. For
larger-scale LMs (405B parameters), we implement
an approximation strategy: rather than directly
optimizing their weights, we capture behavioral
changes from 70B LM trained by our solution and
apply these adjustments to the 405B LM’s output
distribution, enabling scalable episodic grounding
without prohibitive computational costs.

4.2 Superior Performance Across Tasks

According to Table 1, our solution achieves top per-
formance across physical planning tasks, demon-
strating the effectiveness of combining pretrained
knowledge with structured episodic experiences.
Compared to GPT-40’s overall performance 70.89,
our approach achieves better score with 74.34, sur-
passing the best baseline by 3.45. This improve-
ment emerges from the systematic integration of
episodic knowledge across model scales, as evi-
denced by consistent performance gains in models
ranging from 1.3B to 405B parameters when spe-
cialized on physical simulator data.

The framework’s effectiveness is particularly
pronounced in plan generation, where the integra-
tion of episodic experiences proves crucial for phys-
ical environment reasoning. Our method achieves
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Plan Generation

Question Answering

LM Config Avg.
VS VU CS CU  Path Avg. HW Neg. Recog. Inf. Count. Loc. Avg.

GPT-40  base 52.67 4935 47.54 46.22 81.23 5540 8537 8431 95.60 84.85 7843 7421 83.80 70.89
GPT-Neo 1.3B-base  21.25 17.64 16.86 17.05 30.80 20.72 70.11 3827 69.22 5649 22.68 2250 46.55 34.81
1.3B-ewc  49.70 4927 46.88 4234 8591 54.82 7241 4198 8543 66.03 2887 3350 54.70 54.76

6B-base 3431 3422 3481 3298 3386 34.04 7778 35.19 8798 69.08 3041 30.00 55.07 45.51

GPT-J 6B-ft 4798 47.86 47.59 4443 4625 46.82 5134 3333 7141 7099 1649 2250 44.68 4575
6B-ewc 51.23 49.58 4894 45.60 98.67 58.80 8544 39.51 8852 7443 67.01 3450 6490 61.29

OPT 13B-base  36.00 29.34 31.92 36.98 3349 3395 81.61 4321 89.07 6794 20.01 37.00 56.14 45.04
13B-ewc  50.15 45.11 49.87 47.93 96.28 57.07 8429 40.21 9144 70.61 6237 33.00 63.32 60.58

Liamal 13B-base  41.77 38.78 40.33 41.73 3882 4029 8199 4321 90.53 74.05 29.38 2850 57.28 48.78
13B-ewc  52.05 47.44 51.00 5049 96.99 59.99 86.59 30.25 91.80 6832 79.38 79.00 72.56 66.28

13B-base  39.97 38.81 39.50 37.55 67.46 4426 8325 52.00 89.25 69.50 32.54 3140 59.66 51.96

Llama2 13B-ewc  42.43 4350 43.10 46.32 7838 50.75 8249 5295 90.52 67.85 7548 7253 7330 61.87
70B-base  46.77 40.68 39.34 34.18 78.64 4792 8582 3395 9235 6947 71.65 8050 7229 61.21

Liama3.1 70B-ours 4843 49.66 4824 4523 80.05 61.73 8423 3833 9354 7323 7623 8132 85.60 73.34
" 405B-ours 56.37 55.82 56.05 56.32 86.98 62.71 86.60 8542 93.08 81.27 84.10 84.44 85.82 74.34

Table 1: Results on various downstream evaluation tasks. Plan Generation tasks are evaluated using ROUGE-L for
VS (Vanilla Seen), VU (Vanilla Unseen), CS (Confusing Seen), CU (Confusing Unseen), and Longest Common
Subsequence for Path (Object Path Tracking). Question answering tasks are evaluated using accuracy for HW
(Housework QA), Neg. (Negation QA), Recog. (Activity Recognition), Inf. (Activity Inference), Count. (Counting),
and Loc. (Object Location QA). Base models represent standard pre-trained LMs without post-training, while ft
(fine-tuned), ewc ((Xiang et al., 2023)), and ours (our post-training pipeline) configurations illustrate performance
gains from episodic post-training. We bold the best results and underline the best open-source baselines.

Plan Generation

Question Answering

LM Config Avg.
VS vU CS CU Path Avg. HW Neg. Recog. Inf. Count. Loc. Avg.
GPT-3.5 base 40.57 41.01 4041 4097 59.53 4450 8391 87.65 95.05 83.59 6649 67.50 80.70 64.24
GPT-40  base 52.67 4935 47.54 46.22 81.23 5540 8537 8431 95.60 84.85 7843 7421 83.80 70.89
8B-base 4123 39.65 40.72 41.53 6821 4627 84.12 5432 90.62 70.20 4749 64.12 6881 57.54
8B-ft 5342 50.89 52.36 5233 96.48 61.50 86.23 53.70 92.52 75.65 81.65 80.50 78.38 70.77
Llama3.1 70B-base  57.11 43.23 4556 44.43 7832 5372 77.02 76.50 89.06 82.08 7835 70.57 7893 67.48
70B-ours  48.43 49.66 48.24 4523 80.05 61.73 8423 3833 9354 7323 7623 8132 85.60 73.34
405B-ours 56.37 55.82 56.05 56.32 8698 62.71 86.60 8542 93.08 81.27 84.10 84.44 8582 74.34

Table 2: Comparison of LMs (proprietary v.s. open-source) across different scales and specialization configurations.

62.71 in plan generation, significantly outperform-
ing both GPT-40 (55.40) and the strongest open-
source baseline, Llamal-13B-ewc (59.99). This su-
periority in planning tasks demonstrates the frame-
work’s scaled capability to encode and utilize struc-
tured episodic experiences for physical grounding.

In question-answering tasks, which traditionally
favor models with extensive pretrained knowledge,
our approach addresses a critical limitation of pre-
vious methods. While larger LMs like Llama2-
13B and Llama2-70B show strong baseline per-
formance (59.66% and 72.29% respectively) com-
pared to GPT-40 (83.80%), our method achieves su-
perior results by combining pretrained knowledge
with episodic grounding. This synergy enables
our model to achieve the highest QA accuracy of
85.82%, while maintaining strong performance in
plan generation. The framework’s success stems

from its unique ability to leverage both extensive
pretrained knowledge and structured episodic expe-
riences through weak-to-strong training. This dual
advantage enables balanced performance across
diverse task types, ultimately establishing a new
state-of-the-art benchmark with 74.34% overall ac-
curacy—a 3.45% improvement over baselines.

4.3 Model Scale Effects on Episodic Learning

The results, detailed in Table 2, detail the evidence
for the scalability and stability of our approach.
Model scale demonstrates a clear positive corre-
lation with episodic grounding performance, as
evidenced by both parameter count and pretrain-
ing data volume. This relationship manifests across
different model families: GPT-40 (70.89) signifi-
cantly outperforms GPT-3.5 (64.24), while within
the Llama series, performance scales from Llama2-
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13B (51.96) to Llama3.1-8B (57.54). The latter’s
superior performance, despite fewer parameters,
can be attributed to its expanded pretraining cor-
pus of 15 trillion tokens compared to Llama2’s 2
trillion. This scaling trend continues through the
Llama3.1 family, progressing from 57.54 (8B) to
70.77 (8B-ft) and ultimately reaching 74.34 with
the 405B model, suggesting further potential for im-
provement at even larger scales. Post-training con-
sistently enhances model performance across all
scales, even in models with extensive pretraining.
This effect is particularly pronounced in Llama3.1-
70B, where post-training improves performance
from 67.48 to 73.34. The enhancement is especially
significant in tasks involving physical planning and
dynamic environments, where post-training helps
align pretrained knowledge with specific task re-
quirements. Our weak-to-strong distillation frame-
work efficiently transfers these benefits to larger
models through two approaches: for the 70B model,
cross-entropy-based distillation from smaller, well-
trained models achieves a 73.34 average score,
while for the 405B model, we employ an inno-
vative inference-time output adjustment method,
reaching 74.34 and surpassing GPT-40’s 70.89 per-
formance. This scalable approach demonstrates the
framework’s ability to effectively transfer episodic
knowledge across model scales while maintaining
computational efficiency.

4.4 Probing LM’s Full Potential

We investigate whether our method better aligns
the LM’s internal representations with its full po-
tential in downstream tasks. Standard evaluations,
which focus on next-token prediction using the fi-
nal layer’s hidden state, often overlook the rich
information encoded across all layers, especially in
models post-trained with episodic knowledge from
physical simulators.

To touch an upper bound for the LM’s capa-
bilities, we adopt the probing for multi-choice
question-answering (Orgad et al., 2025; Chételat
et al., 2025). This approach leverages hidden states
from all intermediate layers at the last temporal
position, revealing the model’s full potential be-
yond standard next-token prediction. As shown
in Figure 3, our method significantly narrows the
gap between standard fine-tuning and the probing-
revealed upper bound. While the 70B-ft shows
moderate improvements over the base model 70B-
base in tasks like Negation (33.95% to 67.60%)
and Inference (69.47% to 71.80%), our method

Negation

Recog{\i}ion

Infer 806 &

86.3
Counting Location
—— 70B Base Model 70B Ours
—— 70B Fine-Tuned —— 70B Probing

Figure 3: Accuracy comparison on six tasks for different
configurations on Llama2. 70B-probing achieves the
overall highest accuracy across six tasks and shows the
boundary of LM representation’s grounding potential.

achieves performance much closer to the prob-
ing ceiling. The probing approach establishes the
upper bound at 83.87% average accuracy, with
particularly strong performance in Recognition
(93.10%), HW (86.97%), and Inference (81.59%).
Notably, our method’s performance closely tracks
the probing-revealed potential across all subtasks,
demonstrating effective utilization of the model’s
internal knowledge. For instance, in Negation
and Counting tasks where 70B-base struggles (be-
low 40% accuracy), our approach achieves results
within 10% of the probing upper bound, signifi-
cantly outperforming standard fine-tuning.

These results demonstrate that our episodic
grounding framework effectively bridges the gap
between standard training approaches and the
model’s full potential. Notably, our method
achieves this through next-token prediction, main-
taining the flexibility to handle open-ended tasks
like plan generation and complex reasoning. This
suggests that our framework not only unlocks the
model’s latent capabilities but also preserves its
versatility for diverse downstream applications.

4.5 Layer-wise Analysis of Episodic Learning

With the success of probing inner representations
in multi-choice question answering, we attempted
to generalize this approach to plan generation
tasks. However, long-form generation tasks pose
a significant challenge for direct probing. Unlike
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Figure 4: Layer-wise probing accuracy on Llama2-70B.
Early layers (0-40) in the post-trained LM exhibit lower
accuracy compared to fine-tuned models, suggesting
weaker initial task alignment. In contrast, later lay-
ers (45-80) show substantial accuracy improvements,
peaking at approximately 90%. This pattern indicates
enhanced alignment of task-specific representations to-
ward output layers following weak-to-strong preference
learning via MCTS.

multi-choice classification, where predictions can
be made from static hidden representations, plan
generation requires end-to-end token prediction
through a continuous decoding process. This fun-
damental difference hinders the transferability of
probing results to long-form generation. To address
this, our method extends beyond direct fine-tuning
by incorporating weak-to-strong DPO, aligning the
model’s behavior with task-specific preferences
and styles derived from episodic experience data.
DPO ensures that the model’s internal capabilities
are projected into coherent behaviors across diverse
downstream tasks, such as plan generation, by re-
fining the model’s preference alignment. We diag-
nose the impact of our method on the model’s inter-
nal representations compared to naive fine-tuning
through a layer-wise probing experiment. Unlike
prior approaches that aggregate hidden states from
all layers to predict multi-choice answers (Orgad
et al., 2025; Chételat et al., 2025), we probe each
individual layer separately to assess its contribution
to prediction accuracy. Figure 4 reveals a distinct
performance pattern. In early layers (Layers 0-20),
the representations from our post-trained LM per-
form significantly worse than the fine-tuned LM,
with accuracy as low as 20% compared to the fine-
tuned model’s 40% on average—a drop of nearly
50%. This suggests that early layers in the post-
trained model are less aligned with the task-relevant
features. In contrast, in later layers (Layers 35-70),
the post-trained LM substantially outperforms the
fine-tuned model, with accuracy peaking at 90%

Multi-step planning performance
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Figure 5: Planning accuracy versus the number of steps
for various Los on episodic grounding tasks. Few-shot
(“fs”) methods degrade rapidly as planning complexity
increases, particularly in smaller-capacity models (even
when augmented with inference-time scaling methods
like o1-mini). In contrast, our weak-to-strong method
(applied to Llama3.1-70B and 405B) maintains high
accuracy over longer planning sequences, demonstrating
superior scalability and generalization capabilities from
the scaled episodic grounding.

in the final layers compared to 80% for the fine-
tuned model. This accuracy boost demonstrates
that our pipeline effectively pushes the model’s
internal representations closer to the output, en-
hancing task-specific alignment and reducing the
need for extensive post-processing. As shown in
Table 1, our model (70B-ours) achieves an aver-
age accuracy of 78.93%, surpassing the fine-tuned
model (70B-ft) at 77.96%, even without additional
probing-based post-processing.

4.6 Scaling Resilience in Complex Planning

Figure 5 examines the performance of various LMs
on planning tasks in text data sampled from a phys-
ical simulator, which are then generalized to sev-
eral transferred scenarios (details in App. B). Test
samples are ranked by planning complexity, mea-
sured by the number of steps required to complete
each task. This setup evaluates the models’ fun-
damental episodic grounding capabilities for plan-
ning. While inference-time scaling methods—such
as few-shot reasoning and o1-mini systems—offer
incremental improvements, they fail to maintain
accuracy as task complexity increases. As shown
in Figure 5, few-shot performance drops rapidly
after four reasoning steps. For example, accuracy
for Llama3.1-70B and o1-mini declines from over
60% at step 2 to below 30% by step 8. In contrast,
Llama3.1-405B sustains high accuracy, maintain-
ing over 70% even at step 12, demonstrating its
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superior generalization capabilities. These scala-
bility challenges arise from two fundamental fac-
tors. First, a capability boundary exists, limiting
the number of effective reasoning steps regardless
of the method used. Previous studies (Chen et al.,
2024; Zhang et al., 2024; Ye et al., 2025) show that
Chain-of-Thought reasoning and ol-like scaling
methods plateau as task complexity grows, lead-
ing to diminishing returns. Second, planning with
episodic grounding requires extensive integration
of social and world knowledge, which correlates
strongly with model scale. Smaller LMs strug-
gle to generalize due to their limited pretraining
capacity to encode and utilize diverse contextual
knowledge (Zhang et al., 2024; Yu et al., 2024; Sun
et al., 2024; Gao et al., 2024; Yuan et al., 2025;
Zhang et al., 2025a,b). Our method (ours with
Llama3.1-70B) mitigates some of these challenges
by combining episodic grounding with behavior
alignment through weak-to-strong DPO. As shown
in Figure 5, it maintains higher accuracy than base-
line few-shot LLlama3.1-70B, sustaining over 70%
accuracy up to step 8. These findings suggest that
injecting episodic experience alone is insufficient
to improve planning at scale. Instead, sustained
performance requires LMs with expansive general-
ization capabilities, such as Llama3.1-405B, that
can effectively combine episodic knowledge with
broader world knowledge.

5 Conclusion

This work introduces a weak-to-strong framework
that effectively unlocks the episodic grounding po-
tential in LMs. Through extensive empirical val-
idation, we show that our approach enables effi-
cient transfer of episodic knowledge from small to
large LMs, achieves peak performance in physical
planning tasks, and maintains performance in com-
plex long-step planning sequences where baseline
approaches degrade. Our layered analysis and ex-
ploratory experiments suggest that our framework
successfully pushes episodic knowledge process-
ing towards the output layers of the model, while
maintaining the flexibility required for open-ended
planning tasks. These advances provide a practical
framework for developing more capable Al sys-
tems that can effectively learn from and apply past
experience in complex environments by exploiting
the scaled capabilities of large LMs.

Limitations

The current study is primarily examined on data
collected from the virtual simulator, and it may
not fully capture the complexity of the real-world
physical interactions. Future work could explore
extending it into real-world interactive robot envi-
ronments.

References

Alan Baddeley. 1992. Working memory. Science.

Frederic Charles Bartlett. 1995. Remembering: A study
in experimental and social psychology. Cambridge
university press.

Sid Black, Leo Gao, Phil Wang, Connor Leahy, and
Stella Biderman. 2021. Gpt-neo: Large scale autore-
gressive language modeling with mesh-tensorflow.
EleutherAl

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. In Advances in neural information process-
ing systems.

Thomas Carta, Clément Romac, Thomas Wolf, Sylvain
Lamprier, Olivier Sigaud, and Pierre-Yves Oudeyer.
2023. Grounding large language models in interac-
tive environments with online reinforcement learning.
In International Conference on Machine Learning.

Qiguang Chen, Libo Qin, Jiaqi WANG, Jingxuan Zhou,
and Wanxiang Che. 2024. Unlocking the capabili-
ties of thought: A reasoning boundary framework to
quantify and optimize chain-of-thought. In Advances
in Neural Information Processing Systems.

Didier Chételat, Joseph Cotnareanu, Rylee Thomp-
son, Yingxue Zhang, and Mark Coates. 2025. In-
nerthoughts: Disentangling representations and pre-
dictions in large language models. In International
Conference on Artificial Intelligence and Statistics.

Payel Das, Subhajit Chaudhury, Elliot Nelson, Igor Mel-
nyk, Sarathkrishna Swaminathan, Sihui Dai, Aurelie
Lozano, Georgios Kollias, Vijil Chenthamarakshan,
Jiri Navratil, Soham Dan, and Pin-Yu Chen. 2024.
Larimar: Large language models with episodic mem-
ory control. In International Conference on Machine
Learning.

Matt Deitke, Eli VanderBilt, Alvaro Herrasti, Luca
Weihs, Jordi Salvador, Kiana Ehsani, Winson Han,
Eric Kolve, Ali Farhadi, Aniruddha Kembhavi, and
Roozbeh Mottaghi. 2022. ProcTHOR: Large-Scale
Embodied Al Using Procedural Generation. In Ad-
vances in Neural Information Processing Systems.

8371



Xingjian Diao, Chunhui Zhang, Tingxuan Wu, Ming
Cheng, Zhongyu Ouyang, Weiyi Wu, and Jiang Gui.
2024. Learning musical representations for music
performance question answering. In Findings of the
2024 Conference on Empirical Methods in Natural
Language Processing.

Xingjian Diao, Chunhui Zhang, Weiyi Wu, Zhongyu
Ouyang, Peijun Qing, Ming Cheng, Soroush
Vosoughi, and Jiang Gui. 2025. Temporal working
memory: Query-guided temporal segment refinement
for enhanced multimodal understanding. In Findings
of the 2025 Annual Conference of the North Amer-
ican Chapter of the Association for Computational
Linguistics.

Bradford C Dickerson and Howard Eichenbaum. 2010.
The episodic memory system: neurocircuitry and
disorders. Neuropsychopharmacology.

Danny Driess, Fei Xia, Mehdi S. M. Sajjadi, Corey
Lynch, Aakanksha Chowdhery, Brian Ichter, Ayzaan
Wahid, Jonathan Tompson, Quan Vuong, Tianhe
Yu, Wenlong Huang, Yevgen Chebotar, Pierre Ser-
manet, Daniel Duckworth, Sergey Levine, Vincent
Vanhoucke, Karol Hausman, Marc Toussaint, Klaus
Greff, Andy Zeng, Igor Mordatch, and Pete Florence.
2023. PaLM-e: An embodied multimodal language
model. In International Conference on Machine
Learning.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, et al. 2024. The llama 3 herd of models. arXiv
preprint arXiv:2407.21783.

Linxi Fan, Guanzhi Wang, Yunfan Jiang, Ajay Man-
dlekar, Yuncong Yang, Haoyi Zhu, Andrew Tang,
De-An Huang, Yuke Zhu, and Anima Anandkumar.
2022. Minedojo: Building open-ended embodied
agents with internet-scale knowledge. In Advances
in Neural Information Processing Systems Datasets
and Benchmarks Track.

Zitian Gao, Boye Niu, Xuzheng He, Haotian Xu,
Hongzhang Liu, Aiwei Liu, Xuming Hu, and Lijie
Wen. 2024. Interpretable contrastive monte carlo tree
search reasoning. arXiv preprint arXiv:2410.01707.

Yuxian Gu, Li Dong, Furu Wei, and Minlie Huang. 2024.
MiniLLM: Knowledge distillation of large language
models. In International Conference on Learning
Representations.

Xiaotian Han, Yiren Jian, Xuefeng Hu, Haogeng Liu,
Yiqi Wang, Qihang Fan, Yuang Ai, Huaibo Huang,
Ran He, Zhenheng Yang, and Quanzeng You. 2024.
Infimm-webmath-40b: Advancing multimodal pre-
training for enhanced mathematical reasoning. In
Proceedings of the 4th Workshop on Mathematical
Reasoning and AI (MATH-AI), NeurIPS.

Wenlong Huang, Pieter Abbeel, Deepak Pathak, and
Igor Mordatch. 2022. Language models as zero-shot

planners: Extracting actionable knowledge for em-
bodied agents. In International conference on ma-
chine learning.

Brian Ichter, Anthony Brohan, Yevgen Chebotar,
Chelsea Finn, Karol Hausman, Alexander Herzog,
Daniel Ho, Julian Ibarz, Alex Irpan, Eric Jang, Ryan
Julian, Dmitry Kalashnikov, Sergey Levine, Yao Lu,
Carolina Parada, Kanishka Rao, Pierre Sermanet,
Alexander T Toshev, Vincent Vanhoucke, Fei Xia,
Ted Xiao, Peng Xu, Mengyuan Yan, Noah Brown,
Michael Ahn, Omar Cortes, Nicolas Sievers, Clay-
ton Tan, Sichun Xu, Diego Reyes, Jarek Retting-
house, Jornell Quiambao, Peter Pastor, Linda Luu,
Kuang-Huei Lee, Yuheng Kuang, Sally Jesmonth,
Kyle Jeffrey, Rosario Jauregui Ruano, Jasmine Hsu,
Keerthana Gopalakrishnan, Byron David, Andy Zeng,
and Chuyuan Kelly Fu. 2022. Do as i can, not as i
say: Grounding language in robotic affordances. In
Annual Conference on Robot Learning.

Yiren Jian, Chongyang Gao, and Soroush Vosoughi.
2023. Bootstrapping vision-language learning with
decoupled language pre-training. In Proceedings of
the 37th Conference on Neural Information Process-
ing Systems. Spotlight.

Yiren Jian, Tingkai Liu, Yunzhe Tao, Chunhui Zhang,
Soroush Vosoughi, and Hongxia Yang. 2024. Ex-
pedited training of visual conditioned language gen-
eration via redundancy reduction. In Proceedings
of the 62nd Annual Meeting of the Association for
Computational Linguistics. Oral Presentation.

Chuanyang Jin, Yutong Wu, Jing Cao, Jiannan Xiang,
Yen-Ling Kuo, Zhiting Hu, Tomer Ullman, Antonio
Torralba, Joshua Tenenbaum, and Tianmin Shu. 2024.
MMToM-QA: Multimodal theory of mind question
answering. In Annual Meeting of the Association for
Computational Linguistics.

Shuang Li, Xavier Puig, Chris Paxton, Yilun Du, Clin-
ton Wang, Linxi Fan, Tao Chen, De-An Huang, Ekin
Akyiirek, Anima Anandkumar, et al. 2022. Pre-
trained language models for interactive decision-
making. In Advances in Neural Information Pro-
cessing Systems.

Zheyuan Liu, Guangyao Dou, Xiangchi Yuan, Chun-
hui Zhang, Zhaoxuan Tan, and Meng Jiang. 2025.
Modality-aware neuron pruning for unlearning in
multimodal large language models. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics.

Dipendra Misra, Andrew Bennett, Valts Blukis, Eyvind
Niklasson, Max Shatkhin, and Yoav Artzi. 2018.
Mapping instructions to actions in 3D environments
with visual goal prediction. In Conference on Empir-
ical Methods in Natural Language Processing.

Morris Moscovitch, Roberto Cabeza, Gordon Winocur,
and Lynn Nadel. 2016. Episodic memory and be-
yond: the hippocampus and neocortex in transforma-
tion. Annual review of psychology.

8372



Vishnu P Murty, Oriel FeldmanHall, Lindsay E
Hunter, Elizabeth A Phelps, and Lila Davachi. 2016.
Episodic memories predict adaptive value-based
decision-making. Journal of Experimental Psychol-
ogy: General.

Andrew Nuxoll and John E Laird. 2004. A cognitive
model of episodic memory integrated with a general
cognitive architecture. In International Conference
on Cognitive Modeling.

Hadas Orgad, Michael Toker, Zorik Gekhman, Roi Re-
ichart, Idan Szpektor, Hadas Kotek, and Yonatan
Belinkov. 2025. LLMs know more than they show:
On the intrinsic representation of LLM hallucina-
tions. In The International Conference on Learning
Representations.

Xavier Puig, Kevin Ra, Marko Boben, Jiaman Li,
Tingwu Wang, Sanja Fidler, and Antonio Torralba.
2018. Virtualhome: Simulating household activi-
ties via programs. In IEEE conference on computer
vision and pattern recognition.

Xavier Puig, Tianmin Shu, Shuang Li, Zilin Wang,
Yuan-Hong Liao, Joshua B. Tenenbaum, Sanja Fi-
dler, and Antonio Torralba. 2021. Watch-and-help:
A challenge for social perception and human-{ai} col-
laboration. In International Conference on Learning
Representations.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo-
pher D Manning, Stefano Ermon, and Chelsea Finn.
2024. Direct preference optimization: Your language
model is secretly a reward model. In Advances in
Neural Information Processing Systems.

Karan Singhal, Shekoofeh Azizi, Tao Tu, S Sara Mah-
davi, Jason Wei, Hyung Won Chung, Nathan Scales,
Ajay Tanwani, Heather Cole-Lewis, Stephen Pfohl,
et al. 2023. Large language models encode clinical
knowledge. Nature.

Kai Sun, Yifan Xu, Hanwen Zha, Yue Liu, and Xin Luna
Dong. 2024. Head-to-tail: How knowledgeable are
large language models (LLMs)? A.K.A. will LLMs
replace knowledge graphs? In Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier
Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal
Azhar, et al. 2023a. Llama: Open and effi-
cient foundation language models. arXiv preprint
arXiv:2302.13971.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-
bert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti
Bhosale, et al. 2023b. Llama 2: Open foundation and
fine-tuned chat models. arXiv:2307.09288.

E Tulving. 1983. Elements of episodic memory. Oxford
University Press.

Francisco J Varela, Eleanor Rosch, and Evan Thompson.
1992. The embodied mind, revised edition: Cognitive
science and human experience. MIT press.

Ben Wang and Aran Komatsuzaki. 2021. Gpt-j-6b: A 6
billion parameter autoregressive language model.

Chaoqi Wang, Yibo Jiang, Chenghao Yang, Han Liu,
and Yuxin Chen. 2024a. Beyond reverse KL: Gen-
eralizing direct preference optimization with diverse
divergence constraints. In International Conference
on Learning Representations.

Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Man-
dlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan, and An-
ima Anandkumar. 2024b. Voyager: An open-ended
embodied agent with large language models. Trans-
actions on Machine Learning Research.

Zihao Wang, Shaofei Cai, Guanzhou Chen, Anji Liu, Xi-
aojian Ma, and Yitao Liang. 2023. Describe, explain,
plan and select: Interactive planning with LLMs en-
ables open-world multi-task agents. In Advances in
Neural Information Processing Systems.

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel,
Barret Zoph, Sebastian Borgeaud, Dani Yogatama,
Maarten Bosma, Denny Zhou, Donald Metzler, Ed H.
Chi, Tatsunori Hashimoto, Oriol Vinyals, Percy
Liang, Jeff Dean, and William Fedus. 2022. Emer-
gent abilities of large language models. Transactions
on Machine Learning Research.

Jiannan Xiang, Tianhua Tao, Yi Gu, Tianmin Shu, Zirui
Wang, Zichao Yang, and Zhiting Hu. 2023. Language
models meet world models: Embodied experiences
enhance language models. In Advances in Neural
Information Processing Systems.

Ivory Yang, Weicheng Ma, Chunhui Zhang, and
Soroush Vosoughi. 2025a. Is it navajo? accurate lan-
guage detection in endangered athabaskan languages.
In Proceedings of the 2025 Annual Conference of
the North American Chapter of the Association for
Computational Linguistics. Oral Presentation.

Ivory Yang, Chunhui Zhang, Yuxin Wang, Zhongyu
Ouyang, and Soroush Vosoughi. 2025b. Visibility
as survival: Generalizing nlp for native alaskan lan-
guage identification. In Findings of the 63rd Annual
Meeting of the Association for Computational Lin-
guistics.

Sherry Yang, Yilun Du, Seyed Kamyar Seyed
Ghasemipour, Jonathan Tompson, Leslie Pack Kael-
bling, Dale Schuurmans, and Pieter Abbeel. 2024.
Learning interactive real-world simulators. In Inter-
national Conference on Learning Representations.

Zhifan Ye, Kejing Xia, Yonggan Fu, Xin Dong, Jihoon
Hong, Xiangchi Yuan, Shizhe Diao, Jan Kautz, Pavlo
Molchanov, and Yingyan Celine Lin. 2025. Long-
mamba: Enhancing mamba’s long-context capabili-
ties via training-free receptive field enlargement. In
International Conference on Learning Representa-
tions.

8373



Jifan Yu, Xiaozhi Wang, Shangqing Tu, Shulin Cao,
Daniel Zhang-Li, Xin Lv, Hao Peng, Zijun Yao, Xi-
aohan Zhang, Hanming Li, Chunyang Li, Zheyuan
Zhang, Yushi Bai, Yantao Liu, Amy Xin, Kaifeng
Yun, Linlu GONG, Nianyi Lin, Jianhui Chen, Zhili
Wu, Yunjia Qi, Weikai Li, Yong Guan, Kaisheng
Zeng, Ji Qi, Hailong Jin, Jinxin Liu, Yu Gu, Yuan
Yao, Ning Ding, Lei Hou, Zhiyuan Liu, Xu Bin, Jie
Tang, and Juanzi Li. 2024. KoLA: Carefully bench-
marking world knowledge of large language models.
In International Conference on Learning Representa-
tions.

Xiangchi Yuan, Chunhui Zhang, Zheyuan Liu, Dachuan
Shi, Soroush Vosoughi, and Wenke Lee. 2025. Su-
perficial self-improved reasoners benefit from model
merging. arXiv preprint arXiv:2503.02103.

Chunhui Zhang, Chao Huang, Youhuan Li, Xiangliang
Zhang, Yanfang Ye, et al. 2022a. Look twice as
much as you say: Scene graph contrastive learning
for self-supervised image caption generation. In Pro-
ceedings of the 31st ACM International Conference
on Information and Knowledge Management.

Chunhui Zhang, Yiren Jian, Zhongyu Ouyang, and
Soroush Vosoughi. 2024. Working memory iden-
tifies reasoning limits in language models. In Con-
ference on Empirical Methods in Natural Language
Processing.

Chunhui Zhang, Yiren Jian, Zhongyu Ouyang, and
Soroush Vosoughi. 2025a. Pretrained image-text
models are secretly video captioners. In Proceedings
of the 2025 Annual Conference of the North Amer-
ican Chapter of the Association for Computational
Linguistics. Oral Presentation.

Chunhui Zhang, Zhongyu Ouyang, Kwonjoon Lee,
Nakul Agarwal, Sean Dae Houlihan, Soroush
Vosoughi, and Shao-Yuan Lo. 2025b. Overcoming
multi-step complexity in theory-of-mind reasoning:
A scalable bayesian planner. In Proceedings of the
42nd International Conference on Machine Learning.

Susan Zhang, Stephen Roller, Naman Goyal, Mikel
Artetxe, Moya Chen, Shuohui Chen, Christopher De-
wan, Mona Diab, Xian Li, Xi Victoria Lin, et al.
2022b. Opt: Open pre-trained transformer language
models. arXiv preprint arXiv:2205.01068.

A Predictor Module Architecture

We provide details on the architecture of the pre-
dictor module used for the multi-choice question-
answering task. The predictor is designed to map
the hidden states of the LM from all layers at the
last temporal position to a prediction over the pos-
sible answers. The predictor takes as input tensors
of shape (L, d), where L is the number of layers in
the LM, and d is the dimension of the hidden states.
The architecture consists of three main blocks:

Question Answering (multi-choice)

Config

HW  Neg. Recog. Inf. Count. Loc. Avg.
70B-base 85.82 3395 9235 6947 7165 80.50 72.29
70B-ft 85.80 67.60 91.44 71.80 71.09 80.00 77.96
70B-ours 8434 7253 9140 7290 71.10 8132 78.93
70B-probing 86.97 73.65 93.10 81.59 81.63 86.30 83.87

Table 3: Llama?2 results for question answering tasks
with multi-choice setting. Probing means the hidden
states of intermediate layers in the last position (on the
direct fine-tuned LM) are sent to a trained predictor
module for the multi-choice prediction.

¢ Block 1 (Dimension Reduction): This block
begins with a normalization layer (such as
LayerNorm or RMSNorm), followed by a lin-
ear transformation that reduces the dimension
from d to n1. The output of this layer is passed
through an activation function such as ReL.U
or Swish.

* Block 2 (Further Reduction): The second
block applies another normalization layer, fol-
lowed by a linear transformation that reduces
the dimension from nj to ny. An activation
function is applied to the output.

* Block 3 (Prediction Layer): The output from
the second block is flattened into a single vec-
tor of size n; X ng. A final block consisting
of a normalization layer, a linear transforma-
tion, and a softmax activation function maps
this vector to a probability distribution over C'
possible answers, where C' is the number of
answer choices in the multi-choice task.

This design ensures that the predictor can effi-
ciently aggregate information from all layers of
the LM, capturing the full representational capac-
ity of the model. By learning a mapping from
layer-wise hidden states to task-specific labels, the
predictor unlocks hidden potential in the LM, lead-
ing to improved performance on the multi-choice
question-answering task, as shown in Figure 3 and
Table 3.

B Thematic Scenario Data for
VirtualHome Planning Task Transfer

To evaluate the generalizability of our method, we
introduce five new thematic scenarios: Andersen
Fairy Tales, Ancient Egyptian, Wild West, Outer
Space, and Medieval Castle. These environments
are distinct from the original apartment setting and
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Andersen_fairy_tales_mappings = {
"apartment": "cottage",
"bedroom": "chamber",
"bathroom": "washroom",

"living room": "great hall",
"kitchen": "hearth",
"coffeetable": "wooden table",
"desk": "writing desk",
"kitchentable": "feasting table",
"sofa": "wooden bench",
"kitchencabinet": "pantry",
""cabinet": "cupboard",
"bathroomcabinet": "washstand",
"dishwasher": "washing basin",
"fridge": "cooling box",
"microwave": "heating stone",
"stove": "fireplace",

"apple": "apple",

"book": "tome",

"'chips": "dried berries",
"condimentbottle": '"spice jar",
""cupcake": "honey cake",
"dishbowl": "clay bowl",

"plate": "wooden plate",
"remotecontrol": "magic wand",
"salmon": "smoked fish",
"waterglass": '"goblet",

"wine": "mead",

"wineglass": '"goblet",
"kitchencabinet": "pantry shelf"}

ancient_Egyptian_mappings = {
"apartment": "palace",
"bedroom": "sleeping chamber",
"bathroom": "bathing room",
"living room": "audience hall",
"kitchen": "kitchen",
"coffeetable": "stone table",
"desk": "writing table",
"kitchentable": "dining table",
"sofa": "cushioned bench",
"kitchencabinet": "storage chest",
"'cabinet": "treasure chest",
"bathroomcabinet": "washstand",
"dishwasher": "servant",
"fridge": "cool room",
"microwave": "heating pot",
"stove": "fire pit",

"apple": "fruit",

"book": "papyrus scroll",
"chips": "flatbread",
"condimentbottle": '"spice jar",
"cupcake": "honey pastry",
"dishbowl": "clay bowl",
"plate": "ceramic plate",
"remotecontrol": "scepter",
"salmon": "dried fish",
"waterglass": "chalice",
"wine": "wine",

"wineglass": "goblet"}

wild_west_mappings = {

outer_space_mappings = {

"apartment": "saloon", "apartment": "quarters",
"bedroom": "bunk room", "bedroom": "sleeping quarters",
"bathroom": "outhouse", "bathroom": '"sanitation room",
"living room": "bar area", "living room": "recreation area",
"kitchen": "cooking area", "kitchen": "replicator station",
"coffeetable": "wooden table", "coffeetable": "control console",
"desk": "writing desk", "desk": "command station",
"kitchentable": "dining table", "kitchentable": "mess table",
"sofa": "wooden bench", "sofa": "lounger",
"kitchencabinet": "storage shelf", "kitchencabinet": "storage unit",
"cabinet": "supply cabinet", "cabinet": "storage unit",
"bathroomcabinet": "washstand", "bathroomcabinet": "hygiene compartment",
"dishwasher": "wash basin", "dishwasher": "sterilizer unit",
"fridge": "icebox", "fridge": "cold storage",
"microwave": "stove", "microwave": "food synthesizer",

"stove": "wood stove",

"stove": "heating unit",

"apple": "fresh apple", "apple": "synthesized apple",
"book": "ledger", "book": "data pad",
"chips": "corn chips", "chips": "nutrition chips",
"condimentbottle": "sauce bottle", "condimentbottle": "flavor vial",
"cupcake": "pastry", "cupcake": "synthesized pastry",
"dishbowl": "ceramic bowl", "dishbowl": "serving bowl",
"plate": "ceramic plate", "plate": "serving plate",
"remotecontrol": "telegraph key", "remotecontrol": "control pad",
"salmon": "salted fish", "salmon": "replicated fish",
"waterglass": "glass", "waterglass": "hydration vessel",
"wine": "whiskey", "wine": "synthesized wine",
"wineglass": "shot glass"} "wineglass": "drinking vessel",
"kitchencabinet": "storage unit"}

medieval_castle_mappings = {
"apartment": "saloon",
"bedroom": "bunk room",
"bathroom": "outhouse",

"living room": "bar area",
"kitchen": "cooking area",
"coffeetable": "wooden table",
"desk": "writing desk",
""kitchentable": "dining table",
"sofa": "wooden bench",
""kitchencabinet": "storage shelf",
"cabinet": "supply cabinet",
"bathroomcabinet": "washstand",
"dishwasher": "wash basin",
"fridge": "icebox",

"microwave": "stove",

"stove": "wood stove",

"apple": "fresh apple",

"book": "ledger",

""chips": "corn chips",
"condimentbottle": "sauce bottle",
""cupcake": "pastry",

"dishbowl": "ceramic bowl",
"plate": "ceramic plate",
"remotecontrol": "telegraph key",
"salmon": "salted fish",
"waterglass": "glass",

"wine": "whiskey",

"wineglass": "shot glass"}

Figure 6: Primary changes between the original apartment scenario and the five transferred thematic environments

used in VirtualHome simulator-sampled experience data.

are not seen during the post-training phase, present-
ing unique challenges and contextual shifts. For
example, the Medieval Castle scenario replaces
modern objects like "sofa" and "microwave" with
thematic equivalents such as "cushioned bench"
and "heating pot," while maintaining functional
consistency within the VirtualHome simulator.

Figure 6 provides a visual summary of these key
differences, statistically extracted and mapped to
illustrate the transformation of concepts and envi-
ronments across themes. These mappings ensure
a self-contained and self-consistent solution for
transferring planning tasks, as the VirtualHome
simulator operates as a closed-world environment.

By systematically mapping objects and spaces (e.g.,
"apartment” to "palace," "bedroom" to "sleeping
chamber"), we preserve the functional relationships
and logical consistency required for effective task
transfer. This approach allows us to evaluate the
model’s ability to adapt to dynamic environments
while maintaining coherence and usability within
the simulator’s constraints.
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