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Abstract

Partially observable Markov decision processes (POMDPs)
present significant challenges for reinforcement learning, as
agents must learn optimal policies while maintaining belief
states over unobserved environment states based on partial
observations. We observe a compelling analogy: large lan-
guage models (LLMs) autoregressively generate token prob-
ability distributions based on preceding context, mirroring
how belief states are maintained and updated in POMDPs.
This insight motivates leveraging the rich prior knowledge
embedded in pre-trained LLMs for latent states estimation
from observation-action histories. However, two critical chal-
lenges emerge: on the one hand, modality misalignment pre-
vents LLMs from directly encoding visual observations and
discrete actions; on the other hand, semantic misalignment
exists between observation-action sequences and token se-
quences. To address these challenges, we introduce a novel
framework ELSLLM that employs a Johnson-Lindenstrauss
projection (JLP) module to transform input dimensions while
preserving state similarity with theoretical guarantees, and
utilizes modern Hopfield networks (MHN) to store all word
embeddings from pre-trained LLMs as a knowledge reposi-
tory. Through retrieval and querying mechanisms, ELSLLM
achieves token-level knowledge alignment without requir-
ing fine-tuning of the pre-trained LLMs. Extensive experi-
ments on partially observable environments demonstrate that
ELSLLM achieves state-of-the-art performance, significantly
outperforming baseline methods with and without LSTM
memory mechanisms. Our work opens new avenues for inte-
grating pre-trained LLMs with reinforcement learning in par-
tially observable settings.

Introduction
Environments and tasks under the setting of partially observ-
able Markov decision processes (POMDP) (Åström 1965;
Kaelbling, Littman, and Cassandra 1998) is a widely stud-
ied problem in reinforcement learning (RL), reflecting many
real-world scenarios where agents must make decisions with
incomplete or noisy sensory information. The core difficulty
lies in the dual task of inferring the environment’s latent state
from a history of partial observations while simultaneously
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learning a policy that maximizes long-term rewards based
on this inference. Traditional approaches relied on Recurrent
Neural Networks (RNNs) (Zaremba, Sutskever, and Vinyals
2014; Graves and Graves 2012) to compress history observa-
tions into compact memory representation (Hausknecht and
Stone 2015), or have focused on constructing explicit world
models to approximate the belief states, a probability distri-
bution over the latent states (Hafner et al. 2019b,a, 2020).
However, these methods, particularly those based on RNNs,
often struggle with long-term dependencies and can exhibit
limited generalization and sample efficiency(Igl et al. 2018).

To overcome these limitations of RNNs, recent re-
search has naturally turned to the Transformer architec-
ture(Vaswani et al. 2017), which has achieved revolution-
ary success in sequence modeling tasks (Devlin et al. 2019).
With its multi-head self-attention mechanism and efficient
parallel training capabilities, the Transformer offers a new
paradigm for addressing long-range dependencies (Dai et al.
2019). Consequently, many methods that previously re-
lied on RNNs for constructing memory or world models
have begun to transition towards Transformer-based solu-
tions(Esslinger, Platt, and Amato 2022; Chen et al. 2022).
Despite their empirical advantages, the complex network
structures and deeper model hierarchies of Transformers in-
troduce new challenges(Han, Mao, and Dally 2015). Particu-
larly in the online RL setting, where high-quality interaction
samples are inherently sparse and difficult to obtain, Trans-
former models often require extended training periods and
exhibit lower sample efficiency, thereby limiting their appli-
cation in data-constrained scenarios (Janner, Li, and Levine
2021; Zheng, Zhang, and Grover 2022).

Recently, pre-trained Large Language Models (LLMs)
have shown impressive zero-shot and few-shot generaliza-
tion in natural language processing tasks (Brown et al.
2020). Their strengths in text summarization, reasoning, and
knowledge integration (Wei et al. 2022) suggest new possi-
bilities for constructing efficient and generalizable memory
or world models for RL. However, directly applying LLMs
to RL tasks presents several challenges. First, the success
of LLMs relies on pre-training with large-scale text corpora,
while most RL tasks lack sufficient expert data, and available
datasets may not reflect optimal policies (Zheng, Zhang, and
Grover 2022; Ding et al. 2024). This makes it impractical
to pre-train or fine-tune large models for specific POMDP
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Figure 1: We establish an analogy between LLM token
probability distributions and POMDP belief states, and be-
tween autoregressive token generation and belief state up-
dates. However, pre-trained LLMs cannot directly process
visual observations and discrete actions, creating modality
mismatch and misalignment that we try to address.

tasks. Second, there is a significant modality gap: LLMs are
designed for textual input, whereas RL environments typi-
cally involve image observations and actions, complicating
modality alignment (Paischer et al. 2022b, 2023). Therefore,
a promising direction is to leverage the prior knowledge and
reasoning capabilities of existing pre-trained LLMs as plug-
and-play inference engines for decision-making, with mini-
mal or no fine-tuning (Du et al. 2023; Yuan et al. 2023).

In this paper, we introduce a novel framework for
Estimating Latent States via pre-trained Large Language
Model (ELSLLM) to address RL tasks under the POMDP
setting. Our approach treats the LLM as a knowledge base
that can process a sequence of observation-action history to
estimate the current ”belief state”, which is then consumed
by a downstream actor-critic module (Schulman et al. 2017)
for decision-making. To bridge the modality gap between
the observation-action space and the LLM’s text space,
we employ the Johnson-Lindenstrauss (JL) lemma(Johnson,
Lindenstrauss et al. 1984; Dasgupta and Gupta 2003) to
project observation-action pairs into the LLM’s word em-
bedding space, a method that preserves metric similarity
with high probability. To efficiently query the vast knowl-
edge embedded in the LLM’s vocabulary, we utilize a
modern Hopfield network (Ramsauer et al. 2020; Krotov
and Hopfield 2016) as an associative memory. Finally, in-
spired by learnable positional embedding in Transformers
(Vaswani et al. 2017), we integrate a perceptual encoder,
implemented via CNN (LeCun et al. 1989) or ViT (Dosovit-
skiy 2020), to capture local temporal patterns from the ob-
servation history, thereby providing a structured input to our
LLM-based belief module. Through extensive experiments,
we validate the effectiveness of ELSLLM across multiple
challenging POMDP environments, demonstrating superior
performance compared to existing baseline methods.

Our main contributions can be summarized as follows:

• We propose a novel framework ELSLLM that leverages
pre-trained LLMs for latent states estimation in POMDPs
without requiring fine-tuning, effectively addressing the
fundamental challenge of limited expert data availability

in reinforcement learning environments.
• We introduce a JLP module based on the JL lemma

that maps observation-action pairs, which constitute suf-
ficient statistics for the belief state update equation, into
the word embedding space while guaranteeing metric
similarity. This achieves modality alignment and pre-
serves all information required for belief state updates.

• We propose a token-level semantic alignment method
analogous to sampling from a belief state, instantiated
using a modern Hopfield network to achieve a balance
between efficiency and accuracy.

• Through comprehensive experiments across multiple
POMDP environments, we demonstrate that our ap-
proach achieves state-of-the-art performance with sig-
nificant improvements over baseline methods, while ex-
hibiting superior sample efficiency and enhanced gener-
alization capabilities.

Related Work
Early solutions to DQN’s limitations in POMDP introduced
recurrent neural networks to provide memory and improve
latent state estimation. The Deep Recurrent Q-Network
(DRQN) (Hausknecht and Stone 2015) utilized LSTMs to
process observation histories. This framework was subse-
quently enhanced by Action-based DRQN (ADRQN) (Zhu
et al. 2017), which incorporates action sequences, and Deep
Distributed Recurrent Q-Network (DDRQN) (Foerster et al.
2016), which extends DRQN to multi-agent scenarios. Ad-
ditionally, bidirectional RNNs have been applied to further
improve sequential decision-making (Chen, Guo, and Gao
2021).

Transformers and self-attention mechanisms have be-
come increasingly prominent in reinforcement learning.
The introduction of the Transformer architecture (Vaswani
et al. 2017) has inspired new approaches, such as De-
cision Transformer (Chen et al. 2021), which reframes
reinforcement learning as a sequence modeling problem.
Deep Transformer Q-Network (DTQN) (Esslinger, Platt,
and Amato 2022) leverages Transformer encoders to ad-
dress POMDP, while Deep Attention Recurrent Q-Network
(DARQN) (Sorokin et al. 2015) enhances LSTM-based his-
tory representations with attention mechanisms. Attention-
Augmented Agents (AAA) (Mott et al. 2019) employ visual
attention to create more interpretable reinforcement learning
algorithms.

To address the challenges of training Transformer mod-
ules from scratch as memory mechanisms, researchers have
increasingly leveraged pre-trained large language models
with strong generalization capabilities for reinforcement
learning tasks, achieving promising results. In text-based en-
vironments, methods like ELLM (Du et al. 2023) and GATA
(Adhikari et al. 2020) directly utilize LLM reasoning for
policy guidance and state estimation. However, non-textual
tasks require semantic alignment. HELM (Paischer et al.
2022a) and SHELM (Paischer et al. 2023) employ Hopfield
networks and CLIP to align visual observations with LLM
embeddings, while Time-LLM (Jin et al. 2023) uses linear
mappings to adapt LLMs for time-series processing.
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Preliminaries
A partially observable Markov decision process (POMDP)
is a framework for modeling decision-making in envi-
ronments where the agent cannot directly observe the
true state. Formally, a POMDP is defined by the tuple
(S,A,O, T,M,R, γ), where S is the set of latent states, A
is the set of actions, O is the set of observations, T (s′|s, a) is
the state transition probability, M(o|s, z) is the observation
function with noise z, R(s′, a, s) is the reward function, and
γ ∈ (0, 1] is the discount factor.

At each time step, the agent selects an action at based on
its history of observations and actions, receives a new ob-
servation ot, and obtains a reward rt. Due to partial observ-
ability, the agent maintains a belief state bt, a probability
distribution over possible latent states, which is recursively
updated using the history of actions and observations:

bt(s
′) = η ·O(s′, at, ot)

∑
s∈S

T (s, at, s
′)bt−1(s) (1)

Here, bt(s
′) denotes the belief in state s′ at time t,

O(s′, at, ot) is the probability of observing ot after taking
action at in state s′, T (s, at, s′) is the probability of tran-
sitioning from state s to s′ after taking action at, bt−1(s)
is the belief in state s at the previous time step, and η is a
normalization factor.

The objective in POMDP is to learn a policy π(a|st) that
maximizes the expected cumulative reward:

J(π) = Eπ

[ ∞∑
t=0

γtR(st, at, st−1)

]
(2)

Efficient belief state estimation and policy optimization are
crucial for solving POMDP, especially in complex environ-
ments with high-dimensional observations and limited ac-
cess to expert data.

Methods
The primary challenge in applying reinforcement learning
to POMDPs lies in effectively estimating belief states from
partial observations. We propose a novel framework that
leverages pre-trained LLMs to compress observation-action
trajectories into belief state representations without requir-
ing domain-specific fine-tuning. Our approach addresses the
fundamental modality and semantic alignment challenges
through a theoretically-grounded pipeline that integrates
several key components, as illustrated in Figure 3.

Framework Architecture
Our end-to-end framework, as depicted in Figure 2, con-
sists of three principal components working in concert: (1)
a Knowledge-Enhanced Belief State Estimation (KEBSE)
module that leverages pre-trained LLMs, (2) a perceptual
encoder that extracts spatial features from observations, and
(3) a policy optimization module based on any online RL
algorithm for action selection and learning.

At the core of our approach is the theoretical insight
that the sequence of actions and observations constitutes a
sufficient statistic for belief state estimation in POMDPs.

Figure 2: Complete ELSLLM pipeline, including the fully
frozen KEBSE module, trainable downstream online rein-
forcement learning algorithm, and perceptual encoder.

The KEBSE module leverages this principle by encoding
the trajectory (ainit, o0, a0, o1, . . . , at−1, ot) using a pre-
trained LLM to produce a sequence of latent representa-
tions (h0, h1, . . . , ht), which function as belief state esti-
mates. This process effectively mirrors the recursive belief
update in Equation 1 but within the LLM’s representational
space. The primary challenge in this approach lies in bridg-
ing the modality gap between non-textual observations/ac-
tions and the LLM’s natural language input space, which we
address through our theoretically-grounded projection and
alignment mechanisms. ainit is initialized as an all-zero vec-
tor, is distinct from the discrete actions at that are one-hot
encoded, and denotes the start of the sequence.

Modality Bridging via Johnson-Lindenstrauss
Projection
To bridge the dimensional mismatch between observation-
action feature vectors and the LLM’s embedding space, we
implement a Johnson-Lindenstrauss Projection Layer (JLP),
as illustrated in Figure 3. According to Equation 1, both past
observations and actions are essential for estimating the be-
lief state, but prior works have largely ignored the role of
actions (Esslinger, Platt, and Amato 2022; Paischer et al.

Figure 3: Illustration of Johnson-Lindenstrauss Projection
(JLP) and Modern Hopfield Networks (MHN).
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2022a, 2023). Treating observations and actions as separate
tokens doubles an already long input sequence and increases
the encoding burden on pre-trained LLMs. Intuitively, con-
catenating each observation with its corresponding action
into a single token before feeding it to the model is prefer-
able. Our JLP maps concatenated observation-action pairs
into the LLM’s word embedding space while preserving
metric relationships with theoretical guarantees:

qt = JLP (xt), xt = concat(at−1, ot) (3)

This projection is based on the Johnson-Lindenstrauss
lemma (Johnson, Lindenstrauss et al. 1984; Dasgupta and
Gupta 2003), which ensures that for any pair of vectors
xt = concat(at−1, ot) and xt′ = concat(at′−1, ot′) with
difference d = xt − xt′ , the following holds with probabil-
ity at least 1− δ:∣∣∣∣∥Pd∥22

∥d∥22
− 1

∣∣∣∣ ≤ ϵ, 0 < ϵ < 1

where P ∈ Rdemb×(da+do) is a random projection matrix
with entries independently sampled from a Gaussian distri-
bution N (0, da+do

demb
). ∥ · ∥2 denotes the L2 norm, and

δ = 2 exp

(
−demb(ϵ

2/2− ϵ3/3)

2

)
.

Token-level Semantic Alignment
While the JLP bridges the dimensional gap, further seman-
tic alignment is necessary to ensure that projected vectors
correspond to meaningful representations within the LLM’s
knowledge base. One effective approach is to use an atten-
tion mechanism to compute similarities and aggregate word
vectors(Jin et al. 2023). Given the belief state bt(s) at time
t, we typically obtain an estimate ŝt by

ŝt =


argmax

s
bt(s), state space is discrete,

E[st] =
∫

s bt(s) ds, state space is continuous.

We store all word embeddings of the pre-trained LLMs as
E = (e0, e1, . . . , e|V |), which serve as a basis for the state
space. For the query qt = Pxt, we compute the correspond-
ing vector et in the word-embedding space as described be-
low, using a temperature coefficient β to control the shape
of the distribution.

et =

|V |∑
i=1

pt(e)i ei, where pt(e)i =
exp

(
β (Eqt)i

)∑|V |
j=1 exp

(
β (Eqt)j

)
This formulation adapts to different retrieval needs:

et(β) =



1

|V |

|V |∑
i=1

ei, β = 0,

|V |∑
i=1

exp
(
β (Eqt)i

)∑
j exp

(
β (Eqt)j

) ei, 0 < β < ∞,

ek∗ , k∗ = argmaxi(Eqt)i, β → ∞.

The computation of Eqt is the most important. We use
Modern Hopfield Networks(Ramsauer et al. 2020) in Figure
3 as an example to balance time complexity and retrieval
accuracy; other faster retrieval methods can be used as sub-
stitutes or optimizations.

Latent States Estimation and Policy Learning
With the aligned token embeddings et, we lever-
age the pre-trained LLMs to process the sequence
(e0, e1, . . . , et), obtaining corresponding belief state repre-
sentations (h0, h1, . . . , ht). These belief states are then con-
catenated with spatial features extracted by the perceptual
encoder from the current observation, forming comprehen-
sive state representations for the policy optimization mod-
ule.

The PPO-based actor-critic networks consume these rep-
resentations to learn value functions and policy distributions,
enabling effective decision-making in partially observable
environments. Crucially, our approach requires no expert
data for fine-tuning the LLM, as the belief state estimation
function utilizes the frozen pre-trained model’s capabilities,
resulting in superior sample efficiency and generalization.

This integrated framework addresses the fundamental
challenges of POMDP reinforcement learning by combin-
ing the rich prior knowledge of pre-trained LLMs with
theoretically-grounded projection and alignment mecha-
nisms, enabling effective latent states estimation and policy
learning in complex partially observable environments.

Experiments
We conduct comprehensive experiments across a diverse set
of partially observable environments to validate the effec-
tiveness of our proposed framework. The empirical substan-
tiate three key findings:

• Our method consistently outperforms both memory-
free and memory-based baselines, including those using
LSTM, Transformer, or pre-trained models as memory
mechanisms, demonstrating superior sample efficiency
and asymptotic performance;

• The prior knowledge from pre-trained LLMs provides
substantial benefits for processing observation-action se-
quence histories, leading to more informed decision-
making under partial observability;

• The ELSLLM components facilitate more efficient
modality alignment and token-level semantic alignment
than conventional learnable approaches.

We compare against four baseline approaches: standard
PPO (Schulman et al. 2017) without memory mechanisms
(PPO), an extension of PPO augmented with LSTM-based
memory module (LSTM-PPO) (Cobbe et al. 2020), DTQN
(Esslinger, Platt, and Amato 2022), which trains Transform-
ers from scratch as a memory mechanism, and HELM (Pais-
cher et al. 2022a), which uses a frozen Hopfield network to-
gether with pre-trained models to compress historical obser-
vation sequences. Our proposed method, ELSLLM, incorpo-
rates a frozen pre-trained TransformerXL (Dai et al. 2019)
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Figure 4: Overview of experimental environments and tasks.
Red text indicates the difficulty level of each environment. In
RandomMaze and Minigrid, ”full” denotes tasks with com-
plete observability, while ”partial” denotes tasks with partial
observability. We exclusively use the ”partial” visual obser-
vations in our subsequent experiments. The Procgen envi-
ronment is inherently partially observable.

as the memory module and employs PPO for policy opti-
mization. Beyond architectural differences in memory de-
sign, ELSLLM further distinguishes itself through the way
it models historical context: it integrates both past observa-
tions and past actions to form a belief-state-like representa-
tion. This encoding strategy aligns with the Bayesian update
formulation used in POMDPs for belief state estimation, en-
abling ELSLLM to more effectively infer the underlying la-
tent state. We evaluate all methods on multiple tasks across
three increasingly challenging environments (Figure 4).

RandomMaze RandomMaze (Zuo 2018) is a partially ob-
servable maze navigation task with procedurally generated
mazes. Each episode samples a maze size uniformly from
{5,...,25}. The agent receives an egocentric 9 × 9 RGB ob-
servation and selects one of four discrete actions (up, down,
left, right). Episodes last up to 100 timesteps. Illegal moves
(out of bounds or into walls) give reward −1 and terminate
the episode; legal moves that do not reach the goal yield
−0.01; reaching the goal gives +1 and ends the episode.

Figure 5 demonstrates the training dynamics and final per-
formance of all three methods in the RandomMaze environ-
ment. Our proposed method, ELSLLM, converges at a rate
comparable to memory-free PPO, which exhibits the fastest
convergence. However, ELSLLM significantly outperforms
PPO in terms of final average cumulative reward and success
rate, while also achieving shorter average episode lengths,
indicating more efficient and effective navigation behavior.
In contrast, LSTM-PPO demonstrates the slowest conver-
gence rate, likely due to the difficulty of fitting observation
sequences with LSTM architectures in high-dimensional in-
put spaces. This results in suboptimal learning dynamics un-
der the limited training budget, leading to performance infe-
rior to both PPO and ELSLLM.

The superior performance of ELSLLM can be attributed
to its use of pre-trained large language models, which pro-
vide strong prior knowledge for encoding observation-action
histories. By generating richer latent representations aligned

Figure 5: Performance analysis on the RandomMaze envi-
ronment. The top row shows training curves for episode re-
ward, episode length, and success rate over training epochs.
The bottom row summarizes the average performance met-
rics computed over the final 20,480 environment interaction
steps. Episode reward refers to the average cumulative re-
ward per episode, episode length denotes the average num-
ber of steps per episode, and success rate measures the aver-
age rate at which the agent successfully completes the nav-
igation task. To prevent negative values from distorting vi-
sual comparisons, we apply an exponential transformation
to episode rewards, R′ = exp(R). This transformation is
applied only for the RandomMaze.

with belief-state estimation in POMDPs, ELSLLM facili-
tates better temporal abstraction and improves the down-
stream reinforcement learning process, enabling both faster
convergence and higher asymptotic performance.

Minigrid Minigrid (Chevalier-Boisvert et al. 2023) is
a goal-oriented 2D gridworld. we evaluate seven repre-
sentative tasks: DoorKey-5x5(DK5), DoorKey-6x6(DK6),
Dynamic-Obstacles-Random-6x6(DOR), FourRooms(FR),
KeyCorridorS3R1(KC), RedBlueDoors-6x6(RBD) and Un-
lock. The names in parentheses are task abbreviations, which
we will use in the presentation of experimental results. We
use a partial-observability wrapper that limits the agent’s
view to a 7 × 7 front-facing window, so the agent cannot
see beyond doors. The agent has seven actions (left, right,
forward, pickup, drop, toggle, done). Success yields a time-
discounted reward 1−0.9×(step count/max steps), while
failure within the step limit gives zero. Tasks are challenging
due to sparse rewards, constrained visibility, and the need for
exploration, hazard avoidance, and long-term memory.

Tasks DK5 DK6 DOR FR KC RBD Unlock
Mean 0.94 0.31 0.94 0.09 0 0 0.64
Std 0 0.29 0 0.02 0 0 0.3

Table 1: Results for DTQN (hyperparameters kept the same
as in the original paper) on seven Minigrid tasks (task names
are given as abbreviations)

Figure 6 and Table 1 demonstrates the training dynamics
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Figure 6: Performance analysis across seven Minigrid tasks. The top row shows training curves of episode reward over training
epochs. The bottom row reports the average episode reward over the final 20,480 interaction steps. To account for varying task
complexity, FourRooms, RedBlueDoors-6x6, and Unlock tasks are trained for 2,000 epochs, while other Minigrid tasks are
trained for 1,000 epochs. Task names are given as abbreviations.

and final performance of all four methods across the Min-
igrid environment suite. Our proposed ELSLLM method
consistently achieves either the best results or on par with
the strongest baseline, in terms of both convergence speed
and final policy quality. This highlights ELSLLM’s supe-
rior capability on moderately challenging partially observ-
able tasks. LSTM-PPO exhibits mixed performance com-
pared to memory-free PPO: outperforming on certain tasks
while underperforming on others. This inconsistency likely
stems from the trade-off between the expressive power of
recurrent representations and the increased difficulty of se-
quence modelling in these chanllenging tasks. Specifically,
while LSTMs can, in principle, retain informative tempo-
ral features, they also introduce training instability and opti-
mization difficulties, especially under limited training bud-
gets. Given a constraint of a maximum training budget of
2,000 epochs, DTQN and LSTM-PPO do not fully con-
verge on some most challenging tasks, i.e., FourRooms,
RedBlueDoors-6x6, and Unlock, leaving its asymptotic per-
formance potential on these tasks inconclusive. One likely
reason is that Transformer and LSTM trained from scratch
struggle to capture long-term dependencies with limited
data, which negatively affects final performance. HELM’s
experimental results are similar to those reported in the orig-
inal paper (Paischer et al. 2022a) but remain significantly
inferior to ELSLLM, indicating that pre-trained models that
compress history using only visual observations are insuffi-
cient for capturing long-term dependencies in the Minigrid
environment.

Method PPO LSTM-PPO HELM ELSLLM
MSE 0.0207 0.1686 0.0098 0.0004

Table 2: MSE of estimated state-values on sampled Unlock
trajectories.

To better assess the impact of our method on belief-state
estimation, We sampled trajectories in the Unlock environ-
ment using ELSLLM, HELM, LSTM-PPO, and PPO, all

trained for 2 million steps. We evaluated each trajectory’s
value with the value function learned by the correspond-
ing method, and computed the MSE against the true returns
computed from the reward function. As shown in Table 2,
ELSLLM’s estimated V-values are the most accurate, indi-
cating that its belief-state estimates are sufficiently precise.

Procgen Procgen (Cobbe et al. 2020) is a suite of gen-
erated environment designed to encourage agents to learn
generalizable skills rather than overfitting to specific trajec-
tories. In this paper, we conduct extensive experiments on
four representative tasks: maze, miner, caveflyer and dodge-
ball.

All these tasks demand extended memory capabilities, re-
quiring agents to explore and acquire specific skills under
constrained visibility. Furthermore, they feature sparse re-
ward structures that necessitate sophisticated credit assign-
ment mechanisms for effective learning.

Figure 7 demonstrates the training dynamics and final per-
formance of all three methods across the Procgen environ-
ment suite. On the Dodgeball and Miner tasks, ELSLLM ex-
hibits clear advantages in both convergence speed and final
performance, indicating that demonstrates that frozen pre-
trained large language models provide superior capabilities
for POMDP latent state estimation in long-sequence tasks
compared to LSTMs trained from scratch. By leveraging
rich prior knowledge through our KEBSE module to align
both modality and knowledge, ELSLLM can estimate latent
states in partially observable Procgen environments more ef-
fectively than learnable CNN or LSTM based architectures,
specifically in settings with larger observation and action
spaces. ELSLLM shows consistent advantages across Ran-
domMaze, Minigrid, and Procgen Maze tasks, confirming its
scalability and robustness across similar task domains. All
four methods fail to learn useful information and skills in
the Caveflyer task, unable to complete the challenging navi-
gation requirements. A likely reason is that the tasks require
too many steps, making it difficult for existing methods to
model long-term dependencies and perform effective credit
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Figure 7: Performance analysis across four Procgen tasks.
The top row shows training curves of episode reward
over training epochs. The bottom row presents the average
episode reward over the final 20,480 interaction steps. All re-
sults show the performance of each method over 2,000 train-
ing epochs.

assignment; future work should explore more effective long-
term memory mechanisms and reward design.

Ablation Study
We conduct comprehensive ablation studies on the Unlock
task in the Minigrid environment to investigate two criti-
cal research questions: (1) Does the Johnson-Lindenstrauss
Projection (JLP) enable effective modality alignment? (2)
Do pre-trained large language models and their embedded
prior knowledge contribute to processing historical action-
observation sequences?

To address the first question, we introduce the ELSLLM-
TrainInput variant, which replaces both the JLP and MHN
components in ELSLLM with learnable MLP layers. This
variant aims to learn input representations for the pre-trained
LLM through environmental exploration rather than leverag-
ing our theoretically-grounded projection mechanism.

To address the second question, we design the ELSLLM-
TrainLLM variant, which retains the JLP layer for dimen-
sional mapping but removes the MHN component contain-
ing pre-trained LLM prior knowledge. Instead of utilizing
pre-trained TransformerXL weights, this variant employs
randomly initialized weights and learns representations of
historical action-state pairs from scratch through agent ex-
ploration.

The ablation study yields several key insights into the
contributions of our framework’s components. The full EL-
SLLM model achieves the fastest convergence and highest
final performance, confirming the effectiveness of our inte-
grated design. The ELSLLM-TrainInput variant, which re-
moves the JLP component, achieves the second-best per-
formance, indicating that action-observation pair represen-
tations are relatively learnable through environmental ex-
ploration. Importantly, this variant still benefits from pre-
trained LLM knowledge, achieving sub-optimal but com-
petitive performance, which demonstrates the crucial impor-
tance of the pre-trained knowledge embedded in large lan-
guage models.

The ELSLLM-TrainLLM variant, which removes all pre-

Figure 8: Ablation study results on the Minigrid Unlock
task. The top row shows training curves of episode re-
ward over training epochs for three variants: ELSLLM (full
model), ELSLLM-TrainInput (replacing JLP and MHN with
learnable MLPs), and ELSLLM-TrainLLM (using randomly
initialized TransformerXL without pre-trained weights). The
bottom row reports the average episode reward over the final
20,480 interaction steps. All methods are trained for 2,000
epochs, demonstrating the individual contributions of our
JLP modality alignment and pre-trained LLM knowledge
component.

trained knowledge and learns the language model from
scratch, exhibits the poorest performance, on par with
LSTM-PPO. This results highlights the inherent difficulty
of learning memory mechanisms solely through exploration
in POMDPs, regardless of whether a Transformer or LSTM
is used. The poor performance of ELSLLM-TrainLLM di-
rectly validates the substantial benefit of pre-trained LLMs
in latent state inference, emphasizing the core contribution
of leveraging frozen LLMs for belief representation in par-
tially observable environments.

Conclusion
We introduce ELSLLM, a novel framework that leverages
pre-trained large language models for latent state estima-
tion in partially observable reinforcement learning. Draw-
ing inspiration from the analogy between LLM token gener-
ation and POMDP belief state updates, our approach em-
ploys Johnson-Lindenstrauss projection and modern Hop-
field networks to bridge the modality gap between visual
observations and discrete actions with the natural language
input space of pre-trained LLMs. Comprehensive experi-
ments across RandomMaze, Minigrid, and Procgen envi-
ronments demonstrate that ELSLLM achieves superior per-
formance compared to both memory-free and LSTM-based
approaches. Our ablation studies confirm the importance
of each component, particularly highlighting the significant
benefits of leveraging frozen pre-trained LLM knowledge
for POMDP tasks. This work opens promising new direc-
tions for integrating foundation models with reinforcement
learning in partially observable environments.
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