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Abstract

Existing LLM-based agents primarily utilize
coarse-grained experiential memory, where ex-
periences are retrieved based on global task
or scene context. While effective in simple
settings, such coarse-grained memory lacks
the situational alignment required for com-
plex multi-step decision-making. As a result,
recalled experiences often fail to match the
agent’s current state, blurring reasoning focus
and leading to inaccurate decisions at critical
steps. To this end, we propose State-Aware
memory(SAMem), a new fine-grained mem-
ory paradigm for LLM agents that explicitly
aligns memory retrieval with the current state.
Instead of storing and reusing globally shared
experiences, SAMem organizes memory at the
level of state-specific reasoning thoughts, en-
abling the agent to retrieve only the most rel-
evant experience for the current decision con-
text. This state-conditioned memory allows
the agent to focus on the most informative rea-
soning cues at each step, rather than being
distracted by task-level but state-misaligned
guidance. Extensive experiments on com-
plex decision-making benchmarks demonstrate
that SAMem outperforms existing experien-
tial memory approaches, achieving superior
performance and substantially improved task-
solving efficiency. These results indicate that
state-aware, fine-grained memory enhances the
decision-making capabilities of LLM agents.

1 Introduction

Memory mechanisms enable large language model
(LLM) agents to learn from experiences(Anderson
et al., 2018; Dong et al., 2024; Hu et al., 2026;
Hatalis et al., 2023), which is key to improving their
performance on decision-making tasks(Shridhar
et al., 2021; Chang et al., 2024).

Experiential memory(Hu et al., 2026; Zhao et al.,
2024) enables LLM agents to store and retrieve
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Figure 1: Motivation of SAMem. (a) and (b) Task-level
and scene-level memory lack situational granularity,
leading to inaccurate decision-making. (c) Our state-
level memory features comparatively finer granularity,
providing focused and better guidance for reasoning.

past experiences, enhancing decision-making ca-
pabilities without the need for costly parameter
training(Zhang et al., 2025¢; Ouyang et al., 2025).
Most existing approaches rely on task-level mem-
ory(Wang et al., 2024b; Zhao et al., 2024; Zhou
et al., 2025), where experiences are stored as
holistic records, retrieved based on task similar-
ity, and reused throughout the entire task execu-
tion. While effective in simple settings, such meth-
ods become ineffective for complex multi-step
decision-making(Zhong et al., 2024; Gao et al.,
2025). The main issue is that agents rely on coarse-
grained memory, which provides globally shared
guidance that fails to align with the current state,
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leading to inaccurate decision-making. While sev-
eral methods introduce scene-level experience gran-
ularity(Gao et al., 2025; Fu et al., 2024) to allevi-
ate the aforementioned problems, they may fail
in tasks where clear scene boundaries are not de-
fined or or in scenarios with changing states. This
is primarily due to the insufficient granularity of
scene-level memory, which can obscure critical
decision-making steps.

To address this, we introduce State-Aware
memory(SAMem), a new fine-grained memory
paradigm for LLM agents that explicitly aligns
memory retrieval with the agent’s current state.
SAMem stores memory as state—thought pairs with
associated Q-values that captures the long-term
benefit of each thought under a given state. Specif-
ically, the agent explores the environment to gen-
erate thoughts and actions, forming state-aware
experience trajectories with rewards. These trajec-
tories are then used to update the Q-value of each
thought, resulting in a structured Q-table memory
composed of value-oriented state—thought pairs.
This structured memory enables the agent to re-
trieve and apply high-value thoughts tailored to
the state for decision-making. In addition, we add
a forgetting mechanism that actively deletes low
value and logically inconsistent entries, thereby
streamlining SAMem store.

We evaluate SAMem on three complex multi-
step decision-making benchmarks including ALF-
World(Shridhar et al., 2021) , ScienceWorld(Wang
et al., 2022), and Jericho(Hausknecht et al., 2020),
demonstrating that it outperforms existing base-
lines. Furthermore, we analyze the task-solving
efficiency of our method.

The contribution of this article can be summa-
rized as follows:

1) We propose SAMem, a state-aware memory
framework that enables fine-grained memory tai-
lored to the current state. It allows the agent to
focus on the most informative reasoning direction
at each step, rather than being distracted by task-
level but state-misaligned guidance.

2) We introduce a state-aware memory update
method that refines the Q-value estimates of state-
conditioned thoughts in memory. It uses environ-
mental feedback to learn explicit Q-values that eval-
uate the expected utility of each thought, optimiz-
ing memory over time.

3) Experimental results on complex decision-
making benchmarks demonstrate the superior per-
formance of SAMem over existing baselines.

2 Preliminaries

Markov Decision Process The interaction process
of an LLM agent in decision-making tasks can be
formulated as a Markov decision process (MDP).
We use MDP to solve the problem in this article. It
is defined by the tuple(S, A, P, R, ~y), where S and
A denote the state and action spaces, P(s'|s,a)
is the state transition probability, R(s,a) is the
reward function(Sutton and Barto, 1999). The ob-
jective is to find a policy m(als), which defines a
probability distribution over actions for each state
and maximizes the expected discounted cumulative
return Gy = Y o0 o Vo Rt 1-

Q-Learning Our memory update process uses Q-
learning. Q-Learning is a reinforcement learning
algorithm. It directly estimates the optimal action-
value function Q*(s, a), which represents the max-
imum expected cumulative reward achievable by
following any policy after taking action a in state s.
The core of Q-Learning is the iterative update rule:

Q (s¢,ar)  Q (s, a¢) + o[+

1
vmaf;LXQ(StH,a’) —Q(st,a1) |, W

Where o € (0, 1] is the learning rate.

3 Method

3.1 Overview

We propose a state-aware structured memory frame-
work that provides LLM agents with situationally
focused guidance under the current state. As shown
in Figure 2, our framework comprises two key com-
ponents: SAMem construction and SAMem utiliza-
tion.

In the SAMem construction stage, a summariza-
tion module integrates the accumulated raw ob-
servation history into a concise and accurate state.
Conditioned on this state, the LLM agent generates
a high-level reasoning thought and the correspond-
ing action to interact with the environment, forming
coherent state-thought trajectories. From these tra-
jectories, state-thought pairs are incrementally clus-
tered online, and their Q-values are updated based
on interaction feedback. This process produces a
structured memory as a Q-table, where each en-
try corresponds to a state-thought pair associated
with its learned Q-value. In the SAMem utilization
stage, the structured memory is leveraged to select
high-value reasoning thoughts conditioned on the
current state, guiding the agent’s decision-making.
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Figure 2: The SAMem framework comprises two parts. The system first constructs a state-aware, value-oriented
memory from interaction experiences, and then utilizes this memory to retrieve high-value reasoning thoughts to

guide decision-making under the current state.

3.2 SAMem Construction

We construct the SAMem as a table of
state—thought pairs, where each entry stores the
corresponding Q-value. A state is defined as a situa-
tional summary that encapsulates historical and cur-
rent raw observation at a given step, while a thought
represents the reasoning process that leads to a deci-
sion within that state. Building the SAMem during
training involves three main stages: trajectory for-
mation, online clustering and SAMem update. In
addition, we add a forgetting mechanism to remove
meaningless units.

Trajectory Formation. Since a single raw ob-
servation is often insufficient to fully characterize
the agent’s current situation, we introduce a situ-
ation summarization module that generates con-
cise and accurate state representations. For a

given timestep ¢, given raw observation sequence
Obsp.t = (0bsg, 0bsi, 0bsa, . .., 0bst), we prompt
an LLM to produce a summary as follows:

sumy <= LLMgummay (Obso.¢) 2)

We define sum as the state s;, representing the cur-
rent state at step . Our prompt templates are shown
in Appendix D.1. Conditioned on the current state
s¢, the LLM agent generates a high-level reasoning
thought th;, which serves as the reasoning process
behind the corresponding action:

thy < LLM (St) (3)

The LLM agent then generates the correspond-
ing action a; based on reasoning thought th,.
Through interaction with the environment, the
agent obtains the reward r; and the next state
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S¢+1, which is processed by the summarization
module. This cycle forms a continuous trajectory
T = {80,tho,a0,70, S1, - - - St, the, G, ey Sp41}s
which serves as the foundation for subsequent mem-
ory update and value estimation.

Online clustering. Each experience tuple (s, thy,
ag, Tt, St4+1) 18 associated with state and thought
entries in the Q-table via incremental online clus-
tering. Specifically, states are encoded into se-
mantic vectors using an embedding model (text-
embedding-v3) and matched to existing clusters
via cosine similarity. If the maximum similarity
exceeds a predefined threshold 6, the state is
merged into the nearest state cluster; otherwise, a
new state entry is created. The same procedure is
applied to reasoning thoughts. This dual-level clus-
tering organizes the Q-table around semantically
meaningful and reusable units, enabling efficient
indexing and improved generalization.

SAMem update. Following online clustering,
the mapped experience is then leveraged to iter-
atively update the SAMem. Instead of optimizing
over low-level actions that lack generalizability,
our framework operates on high-level reasoning
thoughts, facilitating the reuse of higher-order ex-
periential knowledge.

Our framework reframes the decision-making
process by treating the reasoning thought th of
LLM agent as a high-level action within a semanti-
cally enriched action space. We assume that each
action is uniquely determined by its correspond-
ing reasoning thought, allowing the underlying
MDP to be abstracted as (S, Th, P', R, ~) where
P'(s'|s,th) = P(s'|s,a) and R'(s,th) = R(s,a).
Under this assumption, the Q-function can be sim-
plified to Q(s, th). The optimal thought ¢h in state
s satisfies: th* = arg maxpern Q(s, th).

For the mapped state cluster s; and thought clus-
ter th;, the Q-value associated with the pair (s,
thy) is updated by analogy to the Bellman opti-
mality equation(Bellman, 1952), incorporating the
immediate reward and the discounted future value
estimated from the next state cluster:

Q (st,thy) =1+ - H%%XQ (St41,the), (4)

Then, the temporal differential error updates the
estimated Q value:

Q (st,the) + (1 = @)Q (st, the) + aQ' (s, the)

&)
where « is the learning rate and -y is the discount
factor. These Q-values are continuously updated,

thereby gradually improving the memory and en-
abling the agent to select memory content based on
the current state over time.

Forgetting mechanism. To prevent the SAMem
from becoming bloated with invalid entries, we
introduce a forgetting mechanism that performs
dual validation based on both estimated Q-value
and LLM-guided logical verification. Specifically,
SAMem assesses the richness of the thought space
for each state recorded in the Q-table. When a
state has more than five thoughts with non-zero
Q-values, the exploration for that state is consid-
ered relatively sufficient. The system then selects
the lowest-valued thought and uses the LLLM to as-
sess its logical validity, invalid thoughts are softly
pruned by setting their Q-values to zero, and empty
state rows or thought columns are subsequently re-
moved. This module structurally compresses the
memory, reducing storage overhead.

3.3 SAMem Utilization

During training, our agent uses a decayed e-greedy
strategy to improve its learning. This mechanism
dynamically adjusts the exploration rate €, prompt-
ing the agent to explore at the beginning of training
and gradually rely on high-quality memory learned
over time. This process is expressed as:

LLM(s)
LLM (s,arg max Q(s,th))

ife t

(th,a) «

if1— Et
(6)

where the exploration rate ¢; decays with training

steps, following an exponential decay strategy:

e = €0 - exp (—5;) , ™)

where g = 0.95, 8 = 6. During training, the
LLM agent explores with probability ¢, generating
novel trajectories without memory guidance. As €
decays, the agent increasingly exploits high-value
thoughts from the SAMem. This shift leads to the
generation of higher-quality trajectories, which al-
lows the agent to progressively leverage its learned
memory to generate more informative trajectories
and improve the efficiency and stability of memory
updates.

During testing, at each decision-making step, the
LLM agent retrieves the thought with the highest
Q-value corresponding to the current state from
SAMem, and uses it to guide its final output.
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ALFWorld

ScienceWorld Jericho

Model Average
SR AR SR AR SR
baseline 62.7 35.5 222 32.9 10.0 32.7
Reflexion 78.8 43.7 25.6 35.6 10.0 38.7(+18.3%)
ExpeL 81.3 45.4 32.2 43.6 15.0 43.5(+33.0%)
GPT-40 AWM 82.3 46.0 28.9 44.1 15.0 43.3(+32.4%)
AutoGuide 83.3 49.3 26.7 47.8 15.0 44.4(+35.8%)
CDMem 90.5 52.1 30.0 54.0 20.0 49.3(+50.8%)
SAMem 98.5 65.4 40.0 63.8 35.0 60.5(+85.0%)
baseline 37.3 29.7 15.6 26.2 10.0 23.8
Reflexion 64.9 35.4 13.3 33.1 10.0 31.3(+31.5%)
ExpeL 70.1 384 18.9 37.6 15.0 36.0(+51.3%)
GPT-40-mini AWM 69.4 37.3 18.9 39.2 15.0 36.0(+51.3%)
AutoGuide 74.1 40.8 20.0 40.6 15.0 38.1(+60.0%)
CDMem 79.6 46.0 23.3 44.8 20.0 42.7(+79.4%)
SAMem 82.6 59.7 34.4 50.4 30.0 51.4(+116.0%)
baseline 51.5 31.6 12.2 29.6 10.0 27.0
Reflexion 67.2 40.5 14.4 34.3 10.0 33.3(+23.3%)
ExpeL 72.1 42.8 17.8 422 15.0 38.0(+40.7%)
Qwen-2.572b  ,0h 73.1 447 17.8 41.1 15.0 38.3(+41.9%)
-instruct AutoGuide 76.9 47.3 21.1 424 15.0 40.5(+50.0%)
CDMem 80.6 49.9 222 46.7 20.0 43.9(+62.6%)
SAMem 85.1 61.0 28.9 52.5 30.0 51.5(+90.7%)
baseline 52.2 26.9 10.0 27.6 10.0 25.3
Reflexion 68.7 35.1 13.3 33.3 10.0 32.1(+26.9%)
ExpeL 73.9 39.8 17.8 38.6 15.0 37.0(+46.2%)
Llama-3.1-70b W00 74.6 403 16.7 38.5 15.0 37.0(+46.2%)
-instruct AutoGuide 78.1 42.6 17.8 39.2 15.0 38.5(+52.2%)
CDMem 81.3 47.8 21.1 41.0 20.0 42.2(+66.8%)
SAMem 88.8 57.7 23.3 48.3 25.0 48.6(+92.1%)

Table 1: Performance comparison of different models on ALFWorld, ScienceWorld and Jericho. SR(%) and AR
denote success ratio(%) and average reward(score), respectively. Results are averaged from three runs. We run
experiments on GPT-40, GPT-40-mini, Qwen-2.5-72b and Llama-3.1-70b.

4 Experiment

4.1 Setting

We conduct experiments in complex decision-
making benchmarks: 1) ALFWorld(Shridhar et al.,
2021)! focus on embodied reasoning for daily
household tasks. We select five tasks from each
task type in the training set of ALFWorld during
training. We evaluate our method on an unseen test
set comprising 134 tasks across all six types. 2)
ScienceWorld(Sciworld)(Wang et al., 2022)% en-
compasses a diverse set of tasks, ranging from
short-term to long-term. Our experiment covers
all 30 types of tasks. We select three tasks per
type for training. The evaluation uses a unseen test
set of 90 tasks, formed by selecting three variants
for each task type. 3) Jericho(Hausknecht et al.,
2020) evaluates LLM agents’ sequential decisions
in classic interactive fiction games. The test set
for Jericho are based on AgentBoard(Chang et al.,
2024) 3. Jericho is used as an additional environ-
!Datas available at https://alfworld.github.io/

2https://github.com/allenai/ScienceWorld
3https://github.com/hkust-nlp/AgentBoard

ment to test the online evolving learning capability
of our memory framework. Details can be found in
Appendix B.1.

4.1.1 Baselines

To fully demonstrate the effectiveness of our
method, we compared SAMem with the follow-
ing methods: Reflexion(Shinn et al., 2023); Ex-
peL(Zhao et al., 2024); AWM(Wang et al., 2024b);
AutoGuide(Fu et al., 2024); CDMem(Gao et al.,
2025). Details of baselines can be found in Ap-
pendix B.2.

4.1.2 Implementation

When used for indexing, we employ text-
embedding-v3 with the default embedding dimen-
sion of 1024. For the situation summarization mod-
ule, we use GPT-40. The memory construction
process for all algorithms is performed over 9 itera-
tions on the training set. For evaluation, ALFWorld
evaluates performance based on success rate, while
ScienceWorld and Jerich based on both success rate
and average reward (score). In addition to compare
the efficiency of different methods, we add a Suc-
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Figure 3: Visualization of agent performance over training iterations on ALFWorld, ScienceWorld, and Jericho.

cess weighted by Path Length (SPL) (Anderson
et al., 2018; Duan et al., 2022) to assess the effi-
ciency of task-solving. SPL is calculated using the
following formula:

1 & L,
RSPL = N ZSUCC@SSim (8)
i=1 ’

where N is the number of tasks; Success; is the
success or failure of task 7 (1 represents success);
P; represents the actual path length of task i; An
SPL value closer to 1 indicates that the sequence
of decision steps is nearer to the optimal path. De-
tails can be found in Appendix B.3.

4.2 Results

Main Results with Different LLMs. As shown
in Table 1, SAMem significantly outperforms
the baseline methods across ALFWorld, Science-
World, and Jericho. Expel(Zhao et al., 2024)
and AWM(Wang et al., 2024b) retrieve workflows
or past experiences based on task but lack con-
textual guidance, which can result in irrelevant
or confusing suggestions. AutoGuide(Fu et al.,
2024) and CDMem(Gao et al., 2025) provide scene-
level guidance, which yields better performance
than previous methods. However, the granular-
ity remains relatively coarse, leading to incorrect
decision-making. As demonstrated by the case
study presented in Appendix C.2, our method pro-
vides the agent with state-level guidance derived
from the high-value thought, allowing the agent to
focus on the most informative reasoning cues at
each step. This experiment demonstrates that tran-
sitioning from task-level to scene-level, and then
to state-level memory, enhances decision-making
with finer-grained memory.

Analysis on Efficiency. The agent’s efficiency is
measured by its ability to maximize rewards while
minimizing action steps. We compare the SPL of
different methods on ALFWorld, as depicted in

Reflexion AutoGuide CDMem Ours

0.40
0.38 038
6

0.40

0.35
03 033 033

0.30

Success weighted by path length (SPL)

GPT-40 GPT-40-mini

Different Methods

Figure 4: SPL Performance of different methods. This
figure shows the SPL values of different methods under
different LLMs evaluated on ALFWorld. Our method
consistently outperforms the baselines in task efficiency.

Figure 4. Compared with other methods, the SPL
value of our method is the highest, with GPT-40
and GPT-40-mini reaching 0.53 and 0.40, respec-
tively. Details of the SPL values for different tasks
can be found in Appendix B.3. On ScienceWorld,
following similar analysis (Song et al., 2024), we
compare the score trajectories of different methods,
as shown in the Figure 5. Compared to AutoGuide
and CDMem, SAMem can achieve higher scores
with fewer action steps. This suggests that this
finer-grained memory can enhance the task-solving
efficiency of agents.

Analysis of the Iterative Process. Figure 3 illus-
trates the progression of training process. In the
initial stage, SAMem explores diverse trajectories,
and its success rate is slightly lower than those of
other methods. As the memory is progressively op-
timized, the performance of SAMem improves ac-
cordingly. The baseline method improves quickly
initially, but as iterations continue, its experience
becomes entrenched, hindering further progress.
This indicates that coarse-grained memory tends to
become rigid after a certain point, limiting further
improvement despite continued updates.
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Compared to AutoGuide and CDMem, Our method
can achieve higher scores with fewer action steps. Our
method outperforms the baselines in task efficiency.

Table 2: Ablation on key components on GPT-40. w/o
Q-learning denotes removing Q-value iteration. w/o
Situation processing denotes removing summarization
and clustering. w/o Decayed e-greedy means that mem-
ory is not utilized during training. ALFWorld uses suc-
cess rate(%) whereas the others use average reward.

Model ALFWorld SciWorld Jericho
SAMem(Full) 98.5 65.4 63.8
w/o Q-learning 84.3 47.4 44.6
w/o Situation processing 82.8 48.5 50.4
w/o Decayed e-greedy 94.0 62.4 57.8

4.3 Ablation Studies

Component Ablations. We evaluate the impact
of several modules on SAMem, as shown in the
Table 2. The removal of the Q-learning module
leads to a substantial decline in performance. This
directly demonstrates that introducing Q-value eval-
uation mechanism is essential for our memory up-
date. Removing the situation processing, which re-
duces the state to the raw current observation with-
out summarization and clustering, also causes no-
ticeable performance degradation, highlighting the
crucial role of situation processing in the system.
Removing the decayed e-greedy strategy causes a
performance decline, which indicates that it serves
as a contributing factor. The ablation study high-
lights the critical importance of these modules for
effective state-level memory.

Forgetting Ablation. We analyze the effect of
ablating the forgetting mechanism on the size of
SAMem. We conducted same iterations of train-

12001 W Ours(No Forget)
1000 I Ours(Forget)
@
N
7 800
)
s 600
=
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= 400
200
0- .
ALFWorld ScienceWorld Jericho

Benchmark

Figure 6: The effect of the forgetting mechanism on
SAMem size.
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Figure 7: The effect of similarity threshold 6y, on per-
formance and state space size. The bar chart represents
the performance across different benchmarks, while the
red line indicates the average state space.

ing using GPT-40. As shown in the Figure 6, the
memory size of the model with the forgetting mech-
anism is significantly smaller than that of the model
without it, which intuitively demonstrates the posi-
tive impact of the forgetting mechanism in control-
ling memory inflation.

4.4 More Analysis

Similarity Threshold Analysis. To study the im-
pact of similarity threshold 6y, we test different
Osim and analyze how they affect the experimen-
tal results and the size of the state space in the
SAMem. Average state space refers to the mean
state space size averaged across the three environ-
ments. Figure 7 shows that the similarity threshold
strikes a trade-off: higher values improve cluster-
ing accuracy and performance, but also expand the
state space and may reduce retrieval efficiency. To
balance these factors, we typically set the similar-
ity threshold to an intermediate value of 0.85. The
analysis on thoughts is in Appendix C.1.

Action-Level Optimization vs. Thought-Level
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Table 3: Success rate(%) of action-level and thought-
level methods on ALFWorld unseen test set.

Model n=3 n=5 n=7 n=9
Action-level 70.1 72.4 76.1 79.9
Thought-level 89.6 95.5 97.7 97.7
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Figure 8: Cost analysis of SAMem. SAMem achieves
a decisive performance advantage in exchange for an
acceptable increase in cost.

Optimization. We compare SAMem’s action-
level optimization paradigm with the thought-level
method using GPT-40 on ALFWorld, training on n
tasks per type for five iterations each. The results
are shown in the Table 3. The action-level approach
exhibits limited generalizability, as merely provid-
ing action instructions fails to convey the underly-
ing rationale, hindering adaptation to similar state.
In contrast, the thought-level method emphasizes
reasoning patterns, which more effectively conveys
knowledge and achieves strong performance with
minimal training.

Computational Cost Analysis. We conduct a cost
analysis of token consumption for different meth-
ods on ALFWorld based on the GPT-40-mini, as
shown in the Figure 8. Each method is run for 10
trials. Although our method introduces additional
token overhead due to per-step situation summa-
rization, the overall token consumption remains at
a manageable level. In contrast, scene-level meth-
ods like AutoGuide rely on the LLLM for repeated
comparisons and reflections during experience up-
dates, resulting in higher token consumption. Our
method maintains an acceptable token cost while
achieving superior performance.

5 Related Work

Memory for LLM agent. Memory mechanisms
are crucial for enhancing the capabilities of LLM
agents(Zhang et al., 2025¢c; Hu et al., 2026; Wang
et al., 2023; Yin et al., 2024; Chen et al., 2023;
Liu et al., 2023). Some works focus on the con-
text window limitations and memory management
in conversational LLM systems(Hu et al., 2023),
such as MemO(Chhikara et al., 2025), Memory-
Bank(Zhong et al., 2024), MemoChat(Lu et al.,
2023). Some memory mechanisms are designed
to address the needs of task-solving for decision-
making LLM agents(Zheng et al., 2023; Zhao
et al., 2024; Wang et al., 2024a), primarily address-
ing experience extraction and reuse, such as Me-
mento(Zhou et al., 2025), G-Memory(Zhang et al.,
2025a). Our memory work focuses on supporting
LLM agents in multi-step decision-making tasks.
Experiential Memory for decison-making. Ex-
periential memory for LLM agents allows the in-
tegration of past interactions and experiences, en-
hancing their decision-making capabilities(Feng
et al., 2025; Tan et al., 2025; Zhang et al., 2025b;
Yang et al., 2025). Some memory systems have fo-
cused on task-level memory, where experiences
are retrieved based on task similarity, such as
AWM(Wang et al., 2024b), ExpeL(Zhao et al.,
2024). Some studies focus on scene-level meth-
ods(Fu et al., 2024). Methods like ReMe(Cao et al.,
2025) and CDMem(Gao et al., 2025) have demon-
strated the utility of scene-level guidance, where
memories are indexed according to broader situa-
tional cues. However, these approaches still suffer
from limitations in granularity, which can lead to
less relevant or overly general guidance in complex
multi-step decision-making. In contrast, our work
focuses on a significantly finer-grained memory.

6 Conclusion

In this research, we propose SAMenm, a state-aware
memory framework that provides fine-grained guid-
ance tailored to the agent’s current state. SAMem
stores state-thought pairs alongside their corre-
sponding Q-values, which represent the expected
long-term utility of each reasoning thought in a
given state. The agent can refine its memory, ensur-
ing that high-value thoughts are prioritized while
low-value and unreasonable thought is pruned.
This structured memory allows the agent to retrieve
and apply the high-value thoughts for decision-
making, leading to improved accuracy and effec-
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tiveness over time. Experimental results on three
complex reasoning environments demonstrate the
superior performance of SAMem over existing
baselines. Additionally, it achieves higher task-
solving efficiency compared to the baselines.

Limitations

Despite its effectiveness in decision-making tasks,
SAMem has several limitations. First, our method
currently relies on tabular Q-learning. Although
situation summarization and online clustering en-
able effective abstraction and keep the state/thought
spaces tractable in our experiments, the Q-table
may not scale to domains with higher state diver-
sity and more complex reasoning patterns. Future
work will explore function approximation methods,
such as neural networks, to replace the Q-table,
which may have additional data-related challenges.
Second, in environments with sparse or zero re-
wards, Q-value iteration may becomes more chal-
lenging and unstable. Addressing these limitations
and extending our framework to broader applica-
tion domains remain important directions for future
exploration.

Ethical Statement

All datasets used in this work are publicly avail-
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A Detailed Descriptions of SAMem

State Details State is a situational summary that
encapsulates both historical and current context.
It distills a sequence of raw observations into a
coherent, succinct representation. For example, in
ALFWorld, the state at a given step might be: You
have found the target object. You have picked up
the target object. In ScienceWorld, the state might
be: You move the thermometer to the inventory. You
move the metal pot to the inventory. You move the
metal pot to the sink. In Jericho, the state might be:
The ocean water is a bit deep, but with the snorkel
on you can breathe. The shore is to the south. The
island looms ahead to the north.

It is important to note that Jericho, being a story-
driven adventure game, often generates lengthy
raw historical observations. The raw current obser-
vation typically provides sufficient information to
represent the present situation. Therefore, in the
Jericho, our summarization is focused exclusively
on summarizing the raw current observation.

Thought Details Thought represents the reasoning
process underlying decision-making in a situation.
It is worth noting that in order to prevent over spe-
cialization of thoughts, we impose semantic con-
straints in the system prompts: all expressions are
de-indexicalized, and any reference to specific enti-
ties should be avoided, thereby ensuring the trans-
ferability of thought templates. SAMem stores
state—thought pairs together with their correspond-
ing Q-values, which estimate the long-term value
of generated thoughts.
Clustering Details We implemented an online
similarity-based clustering mechanism. Taking
state clustering as an example, we use a FAISS
vector store to maintain state. When a new state
is encountered, we compute the cosine similarity
between its vector representation and all existing
state vectors in the Q-table. If the maximum sim-
ilarity exceeds a predefined threshold (0.85), the
state is assigned to the most similar existing state
cluster; otherwise, it is initialized as a new entry
in the Q-table. The same clustering procedure is
applied to the thought space.

The pseudocode of SAMem update process is
shown in Algorithm 1.

B Evaluation Details

B.1 Environment Details

ALFWorld(Shridhar et al., 2021): ALFWorld is
a text-based interactive simulator designed for em-
bodied reasoning (licensed under the MIT License).
To demonstrate the generalization of our method,
we train on the training task set and evaluate on an
unseen testing set. During training, we selected five
tasks from each task type in the ALFWorld training
set. During testing, we use a publicly available test
set, which consists of 134 tasks covering 6 types.

ScienceWorld(Wang et al., 2022): ScienceWorld
is a text-based interactive simulation environment
for scientific knowledge and procedural reasoning
(licensed under the Apache-2.0 license). Due to the
variety of task types, we divide the 30 task types
into three different difficulty levels based on the av-
erage number of steps(Gao et al., 2025), as shown
in Figure 9. Tasks that can be completed within
20 steps are defined as Level-1, with a total of 10
types of tasks and the max steps set to 20. Those
requiring between 20 and 70 steps are classified
as Level-2, also with a total of 10 types of tasks
and a maximum of 20 steps. Tasks needing 70 or
more steps are designated as Level-3, for which the
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Algorithm 1 SAMem Update

1: Initialize Q-table Q(-,-) =0
2: Summarization module L L Mgymmary
3: Trial number H
4: Number of training tasks N
5: Initialize exploration rate €
6: for h < 0 to H do
7. for task n <~ O to N do
8: s = LLMgummary(Obso:)
9: Sample u ~ Uniform(0, 1)
10: if u < € then
11 th,a <— LLM(s)
12: else
13: th* < arg maxy, Q(s,th)
14: th,ya < LLM (s, th*)
15: end if
16: obs’,r,done + env.step(a)
17: s LLMsummaIy(ObSO:tJrl)
18: Collect transition tuple (s, th,a,r,s’)
19: Associate the experience with existing
memory entries via clustering
20: s <— ClusterMatch(s)
21: th < ClusterMatch(th)
22: s’ + ClusterMatch(s")
23: Perform the following Q-learning update
rule for this transition:
24: Q'+ r + ymaxy, Q(s',th)
25: Q(s,th) + (1 —a)Q(s,th) + aQ’
26: Decay €
27: if done then
28: break
29: end if
30:  end for
31: end for

32: return Q(-,-)

max steps is set to 40. During traing, we randomly
select three tasks per task type. The evaluation is
then performed on a unseen test set of 90 tasks that
consists of the top 3 variants of each task type.

Jericho(Hausknecht et al., 2020): Jericho is
a benchmark for evaluating sequential decision-
making by LLM agents in classic interactive fiction
games. We follow the AgentBoard(Chang et al.,
2024) task set. The task set comprises 20 tasks,
each mapped to a unique game, including 905,
Acorncourt, Afflicted, Balances, Dragon, Jewel,
Library, Omniquest, Reverb, Snacktime, Zenon,
Zork1-3, Detective, Night, Pentari, Weapon, Dark-
hunt, and Loose. Jericho is used as an additional

environment to test the online evolving learning
capability of our memory framework. We train and
evaluate our method on this task set.

B.2 Baseline

1) Reflexion(Shinn et al., 2023) is one of the earli-
est memory mechanisms, which enhances working
memory by transforming failure cases into struc-
tured reflections. 2) ExpeL(Zhao et al., 2024)
autonomously gathers success/failure trajectories
from training tasks, extracts general insights and
retrieves similar successful experiences via task
similarity, then leverages them to enhance decision-
making in unseen tasks during inference with a sin-
gle attempt. ExpeL is a typical task-level method,
where experiences are retrieved and utilized based
on the overall task context. 3) AWM(Wang et al.,
2024b) induces reusable, abstract workflows for
the task from trajectories and integrates them into
agent memory to guide decision-making. 4) Au-
toGuide(Fu et al., 2024) is a framework that auto-
matically extracts trajectory snippet-aware guide-
lines from contrastive trajectories. This approach
identifies the divergence point between success-
ful and suboptimal trajectories, encodes the shared
prior context into natural language, and extracts
actionable decision rules from their contrasting ac-
tions. AutoGuide is a scene-level method. 5) CD-
Mem(Gao et al., 2025) is an efficient online mem-
ory framework designed for LLM-centric agents.
It employs a multi-stage encoding process (expert,
short-term, and long-term) to extract structured
knowledge, while integrating awareness of both en-
vironmental and task contexts for effective memory
storage and retrieval. CDMem is also a scene-level
method, relying on the environment for experience
retrieval and reuse.

B.3 Implementation Details of SPL Value
Calculation

To compare the efficiency of different methods,
we evaluated the SPL values of different methods
on ALFWorld. SPL is a widely recognized and
authoritative metric for evaluating the efficiency of
robot navigation algorithms (Anderson et al., 2018;
Gervet et al., 2023), commonly applied in open
environments such as home service robotics (Chen
et al., 2021; Zheng et al., 2024; Gervet et al., 2023)
and rescue operations. It accounts not only for the
success rate but also for the path length. In the
process of calculating SPL, it is necessary to know
the oracle step of the task, which is the shortest

14702



number of action steps required to complete the
task. We set the optimal number of steps based on
the actual task on ALFWorld, as shown in Table 4.

Table 4: Optimal number of steps on ALFWorld

Task type Optimal Number of Steps
Put 4
Clean 6
Heat 7
Cool 6
Examine 4
Puttwo 8

Whereas the prior section illustrate the data with
a bar chart, this section provides a more detailed,
value-specific breakdown for each task type. We
calculated the SPL values of different methods in
different tasks, as shown in Table 5.

Table 5: Comparison of SPL values for different meth-
ods on ALFWorld.

Method Put Clean Heat Cool Exa. Puttwo ALL

GPT-4o0
Reflexion 0.47 0.36 0.33 032 027 038 0.36
ExpeL 0.40 0.37 036 036 040 039 0.38
AWM 0.40 0.39 037 034 039 040 0.38
AutoGuide 0.36 0.41 0.38 038 042 045 040
CDMem 0.52 043 038 039 045 042 043
SAMem  0.54 0.50 043 045 0.69 0.57 0.53

GPT-40-mini
Reflexion 0.35 031 0.34 0.20 034 0.28 0.30
ExpeL 0.37 030 035 026 032 030 0.32
AWM 0.37 030 036 028 032 032 033
AutoGuide 0.38 0.30 0.36 0.29 0.33 031 0.33
CDMem 0.39 032 0.38 034 034 033 0.35
SAMem 041 036 044 046 037 036 040

C Further Anaylsis
C.1 Thought Similarity Threshold Analysis

We evaluate different similarity thresholds gy, and
analyze their impact on both performance and the
size of the thought space in SAMem. The av-
erage thought space size is computed across the
three environments. As shown in Figure 9, low
similarity thresholds lead to coarse thought repre-
sentations, resulting in inaccurate clustering and
degraded performance. Increasing the threshold
improves clustering precision, but at the cost of
an expanded thought space, which indirectly re-
duces retrieval efficiency. To balance performance
and thought space size, we adopt an intermediate
similarity threshold of 0.85 in all experiments.

w
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Figure 9: The effect of similarity threshold 6y;,,, on
performance and thought space size.

C.2 Case study

To order to provide deeper insights into the effec-
tiveness of SAMem, we conduct a case study of
its decision-making process. As illustrated in Fig-
ure 10, we present an example from a randomly
selected cool task in the ALFWorld test set. Ex-
pel(Zhao et al., 2024) uses task-level experience,
with all guidelines available at each timestep. This
abundance of information, which may not always
align with the current situation, can lead to incor-
rect decisions. CDMem(Gao et al., 2025) uses
scene-level memory, retrieving information based
on the environment. Its coarse granularity still
limits decision-making effectiveness. In contrast,
SAMem use state-level memory, obtaining high-
value guidelines that match the current state, which
leads to superior decision-making performance.

D Implement Prompts

D.1 Summarization pormpt

Figure 12 illustrates the prompts employed in our
summarization module. These prompts are de-
signed to extract and condense key information
from historical observations and current raw obser-
vation.

D.2 Interaction prompt for agent

Figure 13, 14, 15 show the interaction prompts
employed by the agent across three distinct envi-
ronments: ALFWorld, ScienceWorld, and Jericho.

D.3 logical check prompt

Figure 16 presents the prompt used for the logi-
cal check within the forgetting module. The core
function of this prompt is to verify the logical con-
sistency between the thought and the state.
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ExpeL
Obs: (You arrive at countertop 2. On
the countertop 2, you see... )

Task-level memory:

o When you locate a relevant item,
clearly state its assigned identifier
and precise location as you engage
with it. For any item that is found,
specify its identifying number and
where it was located during any
interaction.

o Ifan action on an object yields no
result, pause to analyze ....

Action: go to countertop 1 (/]

Obs: (You arrived at the countertop 1.

On the countertop 1, you see... )

Task-level memory:

o When you locate a relevant item,
clearly state its assigned identifier
and precise location...

o Ifan action on an object yields no
result, pause to analyze ....

Action: take mugl from countertop 1
Obs: (Nothing happened ) e

CDMem

Obs: (You pick up the bread 1 from the
countertop 1.)

Scene-level memory:

» task insight: In the cool task, you
should first find the item and think
about where it may appear. You go to
its possible places to search for...

> env insight: Countertop 1 has a cup
and egg. Countertop 2 has a bowl.
Cabinet 1 has a cloth and a soapbar...

Action: cool bread 1 with fridge 1 e
Obs: (Nothing happened )

Scene-level memory:

> task insight: In the cool task, you
should first find the item and think
about where it may appear. You...

> env insight: Countertop 1 has a cup
and egg. Countertop 2 has a bowl...

Action: go to fridge 1 Q

Obs: (You arrived at the stoveburner 3.)

Scene-level memory:

» task insight: In the cool task, you
should first find the item and think
about where it may appear. You go
to its possible places to search for...

» env insight: Stoveburner 1 has
nothing. Stoveburner 2 has a pot...

Action: go to fridge 1

SAMem
Obs: (You pick up the bread 1 from the
countertop 1.)

State: You have found the target object.
You have picked up the target object.

Thought: Since the target object is not
cooled, you should first go to a location
with a cooling appliance.

Action: go to fridge 1 Q
Obs: (You arrived at the fridge 1.)

State: You have found the target object. You
have picked up the target object.You have
arrived at fridge.

State-level memory:
Thought: You are now at a location
where cooling is possible. Cool the

target object using the available cooling
receptacle.

Action: cool bread 1 with fridge 1 Q
Obs: (You cool the bread 1 using the
fridge 1.)

State: You have found the target object. You
have picked up the target object.You have
cooled the target object.

Thought: Now that the target object
is cooled, you should now move to
the final destination. Once there, ...

Action: go to diningtable 1 (/)

Figure 10: Case study.
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Task Type Topic Name Lens | Vars Level
1-1 Matter Changes of State (Boiling) 107.7 30 Yk k
1-1 Matter Changes of State (Melting) 78.6 30 Sk ke
1-1 Matter Changes of State (Freezing) 88.9 30 kK
1-1 Matter Changes of State (Any) 75.2 30 Sk ke
2-1 Measurement Use Thermometer 21.4 540 * k
2-2 Measurement Measuring Boiling Point (known) 35.2 436 %k
2-3 Measurement Measuring Boiling Point (unknown) 65 300 * K
3-1 Electricity Create a circuit 13.6 20 *
3-2 Electricity Renewable vs Non-renewable Energy 20.8 20 * *
3-3 Electricity Test Conductivity (known) 25.6 900 sk
3-4 Electricity Test Conductivity (unknown) 29 600 * K
4-1 Classification Find a living thing 14.6 300 *
4-2 Classification Find a non-living thing 8.8 300 *
4-3 Classification Find a plant 12.6 300 *
4-4 Classification Find an animal 14.6 300 *
5-1 Biology Grow a plant 69.5 126 * K
5-2 Biology Grow a fruit 79.6 126 * Fook
6-1 Chemistry Mixing (generic) 33.6 32 * K
6-2 Chemistry Mixing paints(secondary colours) 15.1 32 *
6-3 Chemistry Mixing paints(tertiary colours) 23 36 * *
7-1 Biology Identify longest-lived animal 125 *
7-2 Biology Identify shortest-lived animal 7 125 *
7-3 Biology Identify longest-then-shortest-lived animal 8 125 *
8-1 Biology Identify life stages (plant) 40 14 * K
8-2 Biology Identify life stages (animal) 16.3 10 *
9-1 Forces Inclined Planes (determine angle) 97 168 %k ok
9-2 Forces Friction (known surfaces) 84.9 1386 * kK
9-3 Forces Friction (unknown surfaces) 123.1 162 %k ok
10-1 Biology Mendelian Genetics (known plants) 130.1 120 %k k
10-2 Biology Mendelian Genetics (unknown plants) 132.1 480 Yk k

Figure 11: Chosen different difficulty levels tasks of ScienceWorld benchmark. Lens is the average length of the
standard agent’s trajectories. Vars is the total number of variants in this environment. A single star represents
Level-1 in our article, two stars represent Level-2, and three stars represent Level-3.
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ALFWorld

You are now a situation summarizer. Please summarize the information related to the
environmental tasks and interactive historical observations given to you.

Note that you should first carefully consider your task type, target object, and destination.
To ensure universality, please don’t specify the specific item. Instead, refer to the target
items as "target objects" and the locations in the task as "final destinations".

Request: Extract and synthesize key information related to the tasks and historical context.
For example,

You have discovered original target object ! You have picked up the original target object!

You should provide a clear and concise description of the situation.

ScienceWorld

You are now a situation summarizer. Please summarize the information related to the
environmental tasks and interactive historical observations given to you.

Note that you should first carefully consider your task.

Request: Extract and synthesize key information related to the tasks and historical context.
For example,

You focus on the thermometer. You focus on the unknown substance B. You move the

thermometer to the inventory.

You should provide a clear and concise description of the situation.

Jericho

You are now a situation summarizer. Please summarize the information related to
environmental tasks and interactive historical observations.

Note that you should first carefully consider your task.

Request: Extract only the most essential facts and conclusions, using highly concise

language to avoid missing any key information.

You should provide a clear and concise description of the situation.

Keep the abstract within 3 sentences.

Figure 12: Summarization pormpts.
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ALFWorld

You are an intelligent guide in an interactive household environment. Your task is to
assist Agent in accomplishing household tasks within the environment.
Please analyze the current situation and use your reasoning ability to provide solutions

or guidance.

The available actions are:

go to {recep}

take {obj} from {recep}

move {obj} to {recep}

open {recep}

close {recep}

use {obj}

clean {obj} with {recep}

heat {obj} with {recep}

cool {obj} with {recep}

where {obj} and {recep} correspond to objects and receptacles.

If current is "Nothing happened", that means the previous action is invalid or incorrect
and you should try more options. To ensure universality, please do not specify the

specific item.

Remember, you are currently providing high-level and universal guidance that can assist
the agent in executing available actions. Please do not include specific targets or
locations. Before taking any action, please check if you are in a suitable location to

perform the action related to the task.
Keep your response to two or three sentences each turn.
**Output Format: **

Your output must strictly follow this format:

Thought: your thoughts.

Figure 13: Prompts for agent on ALFWorld.
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ScienceWorld

You are a helpful assistant to do some scientific experiment in an environment.
You should explore the environment and find the items you need to complete the
experiment. Please analyze the current situation and use your reasoning ability to

provide solutions or guidance.

The available actions are:

open OBJ: open a container

close OBIJ: close a container

activate OBJ: activate a device

deactivate OBJ: deactivate a device

connect OBJ to OBJ: connect electrical components
disconnect OBJ: disconnect electrical components
dunk OBJ in OBJ

eat OBJ

flush OBJ

use OBJ on OBJ

look around: describe the current room

look at OBJ

read OBJ: read a note or book

move OBJ to OBJ: move an object to a container
pick up OBJ: move an object to the inventory
pour OBJ in OBJ

put down OBJ

mix OBJ: chemically mix a container

go LOC: teleport to a specific room

focus on OBJ: signal intent on a task object

wait: task no action for 10 steps

waitl: task no action for a step

To ensure universality, please do not specify the specific item.
Remember, you are currently providing high-level and universal guidance that can assist
the agent in executing available actions. The specific color of the task object does not

appear in think of content.
Keep your response to two or three sentences each turn.
**Qutput Format: **

Your output must strictly follow this format:

Thought: your thoughts.

Figure 14: Prompts for agent on ScienceWorld.

14708



Jericho You are a game master in fictional text games. You are in a fictional game environment
and you need to accomplish goals by performing actions. Please analyze the current

situation and use your reasoning ability to provide solutions or guidance.

Here are the actions you can do:

Examine <place/obj>: check the details of something.

Take <obj>: pickup obj.

Put down <obj>: leave a obj at your current place.

Drop <obj> : drop obj.

Check valid actions: Check actions you can use.

South: go south.

North: go north.

East: go east.

West: go west.

Up: go up.

Down: go down.

Other available actions could be determined through check valid actions.

The execution object of the action must be in available objects list, otherwise it is
invalid. Remember, you are currently providing high-level and universal guidance.

Keep your response to two or three sentences each turn.

**Output Format:**
Your output must strictly follow this format:

Thought: your thoughts.

Figure 15: Prompts for agent on Jericho.
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You are an expert evaluator specialized in logical verification of decision-making processes. Your
task is to assess the logical consistency and validity of an agent's thought given a specific state in a
task. Your assessment must determine whether the thought is a valid and logically sound

derivation from the given state, not whether it is the smartest or most optimal decision.

Input:
State: [Insert the full state description here. This should include the agent's current observations,
relevant inventory, current goal, and any other critical context. ]

Thought: [Insert the candidate thought string to be evaluated here. ]

Evaluation Guidelines:

1. Reasoning Rationality: Whether the reasoning steps in the thought naturally follow from the
state and conform to common sense or domain-specific logic. Focus on logical structure and
contextual fit.

2. Non-Contradiction: The conclusions or intermediate steps of the thought cannot conflict with

any information in the state.

Important Instructions:

Focus on logical structure and contextual fit, not on the optimality or brilliance of the thought.

You must output ONLY a single line in the exact following format.

Don’t include any other text, commentary, or formatting. You must output your evaluation
strictly in the following format.

**Output Format: **

is_valid: <True|False>

Figure 16: Prompt for LLM agent logicial check.
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