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Abstract

Long-horizon agents operate over extended se-
quences of reasoning and actions, but this in-
evitably accumulates context noise, resulting in
excessive computational cost and information
overload. Existing approaches commonly rely
on fixed, rule-based summarization strategies
(e.g., summarizing every few steps), which are
inflexible, lack generalization, and often intro-
duce irreversible information loss. We propose
Self-Sum, a framework that empowers agents to
autonomously decide when and what to summa-
rize by modeling summarization as a first-class
internal cognitive action, unified with exter-
nal environmental actions within a multi-turn
decision-making process. Specifically, we in-
troduce a two-stage training recipe consisting
of (i) a cold-start supervised fine-tuning stage
that bootstraps summarization behavior, and (ii)
a lightweight, summarization-aware reinforce-
ment learning stage that refines summarization
timing and content while discouraging unneces-
sary summaries. Experiments on multiple long-
horizon benchmarks show that Self-Sum consis-
tently outperforms no-summarization and rule-
based baselines, with particularly strong gains
in generalization. Analysis further reveals that
Self-Sum learns to summarize sparsely at mean-
ingful moments and preserves task-relevant
information, highlighting the importance of
jointly learning when and what to summarize
for robust long-horizon agent behavior!.

1 Introduction

Large language models (LLMs) have increasingly
been deployed as autonomous agents that interact
with external environments by interleaving reason-
ing with actions and observations (Gao et al., 2025;
Zhang et al., 2025a; Jin et al., 2025), enabling multi-
step interactions, giving rise to long-horizon agents
that operate over extended sequences of decisions,
especially in tool-rich or complex interactive envi-
ronments (Ye et al., 2025; Wu et al., 2025; Shen

'The code and data will be publicly available.
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Figure 1: Comparison of context management strate-
gies for long-horizon agents: (a) No summarization,
which struggles with context grows and eventual con-
text window overflow; (b) Rule-based summarization
(e.g., ReSum (Wu et al., 2025) or Verl-Agent (Feng
et al., 2025)), which follows fixed heuristic rules (e.g.,
periodic summarization) but risks premature truncation
of critical information; and our method (c¢) Multi-turn
Self-summarization, where the agent autonomously
decides when and what to summarize across turns, en-
abling more flexible and coherent information flow.

et al., 2025). However, as interaction horizons ex-
pand, the agent must condition their decisions on
an ever-growing history, incurring prohibitive com-
putational cost and introduces unavoidable context
noise (Zhou et al., 2025). Consequently, effective
context management has emerged as a central chal-
lenge (Ye et al., 2025; Lu et al., 2025).

To mitigate context growth, prior work has ex-
plored summarization as an effective mechanism
for distilling historical interactions into a compact
representation (Wu et al., 2025; Lu et al., 2025).
Existing approaches largely fall into two categories
when examined through the lens of summarization
timing (e.g., when to summarize) and summariza-
tion content (e.g., what to summarize). As shown
in Figure 1, methods without summarization de-



fer compression entirely, implicitly assuming that
the full interaction history remains equally relevant
throughout decision making (Yao et al., 2022b; Jin
et al., 2025). This strategy avoids information loss
but provides no control over when summarization
should occur, resulting in escalating context noise
and computational cost as horizons grow. In con-
trast, rule-based summarization introduces explicit
timing by triggering compression according to pre-
defined heuristics, such as fixed step intervals or
context-length thresholds (Wu et al., 2025; Lu et al.,
2025). However, these heuristics are agnostic to the
agent’s internal decision state and task progress, of-
ten forcing summarization at suboptimal moments
(e.g., too early or too late). More sophisticated
variants delegate summarization decisions to an ex-
ternal model that monitors the full trajectory (Wan
et al., 2025), but this decouples summarization
from the agent’s own decision-making process and
brings additional inference overhead.

In contrast, humans naturally manage long-
horizon problem solving by selectively and proac-
tively summarizing past progress at meaningful
milestones, retaining only task-relevant informa-
tion for future decisions (Miller, 1956; Newell
etal., 1972). Inspired by this process, we argue that
summarization should be modeled as a first-class,
learnable cognitive action for the agent, analogous
to a human’s internal cognitive scratchpad (Miller,
1956). To this end, we propose Self-Sum, a frame-
work that enables the agent to decide both the tim-
ing and content of summarization itself. Specif-
ically, we reframe long-horizon interactions as a
multi-turn conversation between user and agent,
and model summary as one special internal cogni-
tive action for agent, unified with external environ-
mental actions within a shared decision space (see
Figure 1(c)).

To empower the agent to proactively and selec-
tively summarize current progress, we carefully
design a two-stage training recipe: 1) a cold-start
supervised fine-tuning stage bootstraps the model
to call summary and generate grounding content
with less hallucinations in a multi-turn conversation
setting; and 2) a summarization-aware reinforce-
ment learning stage further refines the agent’s sum-
marization behavior by discouraging unnecessary
summary actions while preserving task-relevant in-
formation. Through this training procedure, the
resulting agent can decide when and what to sum-
marize itself, along with taking appropriate environ-
mental actions. In summary, the main contributions

of this work are as follows.

* We reformulate long-horizon agent interaction
by modeling summarization as a first-class
internal cognitive action unified with external
environmental actions in a multi-turn decision
process.

* We introduce a simple yet effective two-stage
training recipe that enables agents to au-
tonomously decide when and what to sum-
marize.

* Extensive experiments on two challenging
long-horizon benchmarks show that Self-Sum
consistently outperforms no-summarization
and strong rule-based summarization base-
lines. Notably, Self-Sum exhibits substantially
stronger generalization across environments
and interaction horizons (up to +2.5 absolute
points), indicating more stable and reliable
long-horizon behavior.

2 Related Work

Language Agents. Large language models
(LLMs) have rapidly evolved as the core of au-
tonomous agents, with applications spanning tool
use (Jin et al., 2025; Qiu et al., 2025) and inter-
active decision-making (Feng et al., 2025; Zhang
et al., 2025b). Early work primarily relied on
prompting-based methods (e.g., ReAct (Yao et al.,
2022b)) or supervised fine-tuning (SFT) to encour-
age models to autonomously invoke different ac-
tions (Qian et al., 2025). However, recent stud-
ies have shown that these approaches often suf-
fer from limited generalization, especially in com-
plex or long-horizon settings (Chu et al., 2025).
Consequently, more recent research has shifted to-
ward reinforcement learning (RL) to scale both
reasoning and acting of LLM-based agents (Zhang
et al., 2025a; Wang et al., 2025), with many ap-
proaches adopting PPO (Schulman et al., 2017) and
GRPO (Shao et al., 2024) to enable agents to learn
directly from outcome-based rewards (Jin et al.,
2025; Wang et al., 2025). To further improve learn-
ing efficiency and stablize optimization, several
variants, such as RLOO (Ahmadian et al., 2024),
GiGPO (Feng et al., 2025), and RLVMR (Zhang
et al., 2025b), further improve learning by provid-
ing denser reward signals derived from state infor-
mation or intermediate reasoning processes. have
shown particular effectiveness in long-horizon and
interactive environments.
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Figure 2: Overview of Self-Sum. The agent interacts with the environment/user via external environmental actions
or proactively summarize progress via internal cognitive action, within a unified multi-turn conversation setting.
Self-Sum is trained with a two-stage recipe: warm-up SFT and summarization-aware RL.

Context Engineering. Effective context man-
agement is critical for LLM-based agents to per-
form long-horizon interactive tasks?. Most exist-
ing methods assume a single-turn context window
and rely on multi-step, interleaved reasoning and
acting within that window, which often leads to
context overflow and the accumulation of irrele-
vant or noisy information (Jin et al., 2025; Zhou
et al., 2025). To mitigate this issue, recent studies
introduce rule-based multi-turn context manage-
ment (Wu et al., 2025; Lu et al., 2025), such as
summarizing interactions every few steps, which
rely on static heuristics and risk premature or irre-
versible loss of crucial information.

3 Methods

We first formalize our introduced multi-turn long-
horizon framework and then present our proposed
Self-Sum method, which employs a two-stage train-
ing paradigm: 1) cold-start supervised fine-tuning
(SFT) and 2) summarization-aware reinforcement
learning (RL), as shown in Figure 2, to learn when
to summarize and what to summarize automati-
cally.

31

In the multi-turn long-horizon agentic tasks, the
agent M is initized with a question ¢, an environ-

Multi-turn Long-horizon Framework

2https://www.anthropic.com/engineering/
effective-context-engineering-for-ai-agents

ment £, and an environmental action space A, =
{ai,...,a,} defined by the environment. It needs
to interact with the environment or the human user
by executing a specific action in .4, obtaining the
corresponding observation or feedback from £ or
human user, and iteratively repeating this process-
ing until the final answer is driven. Without loss
of generality, a complete trajectory with 7' turns
between user and agent is defined as follows:

Hr = (Uy, A1,Us, Ao, ...,

Ur,Ar), (D

where U; is the user turn which may con-
tain task query or environmental feedback
depending on tasks, and A; denotes the agent
turn, which includes the agent’s internal rea-
soning process and the selected action such as
<think>...</think> <action>...</action>.
Therefore, each turn represents one atomic action
determined by the agent itself, making credit
assignment across individual steps significantly
more easier compared with single turn. We note
that this setup also can be easily extended to
dialogue and other multi-turn tool-integrated
settings, which we leave for future work.

3.2 SFT Data Acquisition

In order to warm up the model, we design a two-
stage data construction pipeline to generate the
training dataset: (1) summary and reasoning gener-
ation, and (2) multi-turn conversation construction.
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Step 1: Summary and Reasoning Gen-
eration. Given a successful trajectory 7 =
{(01,a1), ..., (opr,apr} and o4, a; are i-th observa-
tion and action, we first process the entire trajectory
using an off-the-shelf large language model (e.g.,
GPT-5-mini). The model is instructed to analyze
the trajectory from a global perspective and to de-
termine, at each step, whether a summarization op-
eration should be triggered. For each summary step,
the model is then instructed to generates both (i) a
concise summary of the progress so far, grounded
in observable results rather than inferred or fabri-
cated details; and (ii) an accompanying explanation
that justifies why the current step is an appropriate
time to summarize. This global trajectory-level pro-
cessing offers two benefits. First, summaries are
generated with access to the full trajectory, thereby
avoiding error accumulation that may arise from in-
cremental or stepwise summarization. Second, the
generated justifications serve as explicit reasoning
signals that supervise the model’s summarization-
timing decisions. In addition, we instruct the same
model to generate action-level reasoning at every
step, explaining why the selected action is appropri-
ate given the context (see prompts at Appendix A).

Step 2: Multi-turn Conversation Construc-
tion. After obtaining summaries {s{,...,s5,},
explanations {s{,...,s5,}, and action rationales
{r1,...,mar}, we reorganize the trajectory into a
multi-turn conversational format, where each trajec-
tory is partitioned into several segments according
to the number of summarization steps k. Formally,
the trajectory is segmented as follows:

H = (U Ay, U, AL Uiy, ATy ),

H> = (UM Ao, ..., Uj, AL Ujp, AS4 0 ),

Hk+1 = {U(k>7 Atk+17 ey UT7 AtT? UT+17 A%+l}

Here, U(®) = ¢ denotes the initial query. For
k> 1, U® = (q,s;) represents the query aug-
mented with the summary s, generated at k-th
summarization step. The U; denotes observation
or feedback by the environment or human during
multi-turn interaction. Each turn (U®), ... U;, A;)
is treated as an independent multi-turn training in-
stance, with loss applied at the final assistant turn.
We distinguish three types of assistant actions: 1)
standard turn (i.e., A1), corresponding to normal
reasoning and chosen action from pre-defined ad-
missible environmental actions; 2) summarization-
timing turn (i.e., At), which indicate the decision

to initiate summarization with the generated ex-
planations s{; and 3) summarization-content turn
(i.e., A7, 1), which generate the summary s§, con-
ditioned on the preceding interactions if the sum-
mary action is triggered. By explicitly separating
summarization timing from summarization content,
this formulation enables fine-grained supervision
and facilitates more precise learning of summariza-
tion behavior within multi-turn interactions. Conse-
quently, we collect around 1, 000 training samples
from a small set of successful trajectories (= 300)
to teach model when is a good timing to summa-
rize and what a good summary looks like. The data
statistic analysis can be found in Appendix B.1.

3.3 Summarization-aware RL

To enable the model to proactively summarize
its progress during task execution, we augment
the original external environmental action space
A, with an additional internal action space As =
{summary}. Under this formulation, the model
follows the same decision-making process to de-
termine when summarization is appropriate itself,
rather than a heuristic post-processing step. Once
the model selects the summary action, it generates
the corresponding summary in the subsequent turn.
This design allows summarization behavior to be
learned end-to-end within the reinforcement learn-
ing (RL) framework, as shown in Figure 2.

Episode Relative Advantages We primarily fol-
low GiGPO (Feng et al., 2025) and organize the
trajectories and their corresponding returns into an
episode-level group to compute relative advantages.
Specifically, we collect a group of N trajectories
and their corresponding returns for each task:

GF = {(r1, R(11)), ..., (T8, R(7N))}, ()

where each trajectory 7; = {H},...,H] } span
the full decision horizon 7. We then compute an
episode relative advantage for each trajectory to
captures whether the agent successfully completes
the assignment across the entire episode.

R(m;) — mean({R(Tj)};\f:l) 3)
Fnorm({R(Tj)}j'V:I)

AP (75) =

Summary Relative Advantages While episode-
level advantages provide a global learning signal,
they are insufficient to guide when and how sum-
maries should be produced. To address this, we



AlfWorld SciWorld

Models Methods  —: ¢ Look  Clean Heat  Cool  Pick2 All Succ.
No Summarization
GPT-40 Prompting 75.3 60.8 31.2 56.7 21.6 49.8 48.0 454
Gemini-2.5-Pro  Prompting 92.8 63.3 62.1 69.0 26.6 58.7 60.3 -
DeepSeek-R1 ReAct - - - - - 68.8 222
GPT-40 ReAct - - - - - 57.3 45.4
Qwen2.5-1.5B-Instruct

PPO 64.8135 40.546.9 571449 60.616¢ 46.4140 4744119 Hd4i3q -
Rule-based RLOO 88.3130 52.8486 71.0459 628487 66.4155 56.9147 69.7105 -

GRPO 85.3415 53.718.0 84.516.8 782179 59.7450 53.5456 72.8136 21.1

GiGPO 944459 67.5446 94.8438 944478 798,47 764454 86.7417 25.8
Multi-turn ReSum 96.211.4 63.3i0 5 IO0.0iQ 0 93~3i2.4 63.3i4 rd 83‘3i2 1 86.5i0 7 44.011 3

Self-Sum  100.0400 86.7+47 100.0100 88.3+62 65.0100 83.3121 888110 | 451404
Qwen2.5-7B-Instruct

PPO 92.3:&4_0 64-0;&8.4 92.5;&2 4 89.517_0 80.3:&2 0 ()8.818 3 80.412_7 46.9
Rule-based RLOO 87.6443 782483 87.34¢ 81.317¢6 719152 489484 T75.5146 -

GRPO 90.845.1 66.1167 893154  T4.Ti69 725154 64.7473 T7.6152 49.1
Multi-turn ReSum 99.1414 83.3+47 984499 90.0490 68.3162 89.419; 89.841.3 57.8493

Self-Sum IOO-OiO 0 100-0i0 0 96.8i4 5 95-0i0 0 61.7i2 4 95-5i0 0 91-9i0 4 59-1i0 2

Table 1: The main results of different summarization-based methods on AlfWorld and SciWorld. Some results are
directly copied from Feng et al. (2025), we bold the best score among all models.

introduce fine-grained, summary-specific advan-
tages that operate at the turn level. Specifically,
we decompose summary-related rewards into two
components: 1) summarization-timing reward R,
which evaluates whether summaries are generated
at appropriate steps; and 2) summarization-content
reward RS, which evaluates the quality and use-
fulness of the generated summaries. If a task is
successfully completed and the model generates
M summaries, these rewards are evenly distributed

across the summary tutrns:
C
B =Xe @)
M M
This design encourages the agent to produce
summaries more selectively and thoughtfully, pro-
moting careful decisions about both the timing and
content of summarization rather than frequent or
redundant summaries. Furthermore, we group the
summary-related turns within the task and normal-

ize their rewards within that group:

T At =

Ay = e b )

tag
where tag either is summary-timing or summary-
content, and fiq¢ and ;44 are the mean and stan-
dard deviation of summary-related rewards for all
turns with that specific tag. The final turn-level ad-

vantage A; is a combination of these two signals:

A=A+ A7 (6)

Finally, we optimize the policy 7y using a

clipped surrogate objective with KL divergence
regularization:

Eﬁnal = Et [min(rt(ﬂ)At, ftAt)]
— AL DKL (70| Tref),

where 7y = clip(r¢(0),1 —€,1 +€), 7(6) is the
importance sampling ratio, and Ak, controls the
strength of KL penalty.

(N

4 Experiments

4.1 Setup

Benchmarks. We train the LLM-based agents on
two challenging benchmarks: 1) ALFWorld (Shrid-
har et al., 2021), which is an embodied environ-
ment designed to assess the ability of LLM agents
to perform multi-step decision-making; and 2) Sci-
enceWorld (Wang et al., 2022), which focuses on
text-based scientific experimentation.

Baselines. We compare our approach with a
range of competitive baselines: 1) No summa-
rization: GPT-40, Gemini-2.5-Pro, DeepSeek-V3;
2) Rule-based summarization: PPO (Schulman
et al., 2017), RLOO (Ahmadian et al., 2024),
GRPO (Shao et al., 2024), GiGPO (Feng et al.,
2025) based on implementation of verl-agent?
which always pass latest two observations and
actions into next turn; and 3) Multi-turn self-
summarization: We re-implement ReSum (Wu
et al., 2025) under this setting and summarize the
progress every 3 steps using the policy model itself;
and our proposed Self-Sum.

Shttps://github.com/langfengQ/verl-agent
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Implementation Details and Metrics. We
largely follow the setting of GiGPO (Feng et al.,
2025) to ensure fair comparison, we set the max-
imum prompt length to 2048 tokens to evaluate
whether the model can proactively summarize inter-
mediate progress. We also set the summary-related
reward as 5 and the agent will get summary re-
wards only when it successfully complete the task
and it calls summary actions. If the prompt exceeds
this limit during training, the task is considered a
failure, thereby enforcing the policy model to sum-
marize its progress. We run our main experiment
with two different seeds and evaluation for three
times with different seeds to avoid randomness. We
mainly report the success rate for all benchmarks
used in our experiments following previous works
(Feng et al., 2025).

4.2 Main Results

Table 1 shows the final results. Overall, there are
two key important findings.

The effectiveness and robustness of context man-
agement depends critically on whether it can
adapt both when to summarize and what to
summarize across environments. Across bench-
marks and models, Self-Sum consistently outper-
forms no-summarization and strong rule-based
summarization baselines, as well as other multi-
turn summarization strategies. This result under-
scores the importance of learning adaptive sum-
marization policies, rather than relying on fixed
heuristics, to handle diverse task structures and
interaction horizons. We observe remaining weak-
nesses on specific sub-tasks (e.g., Cool and Clean),
which are likely attributable to SFT data imbalance
and repetitive action patterns; we analyze these
cases further in § 5.4.

Different environments impose different require-
ments on summarization timing and content.
The relative effectiveness of summarization strate-
gies varies substantially across environments. On
AlfWorld, where task structures are relatively sim-
ple and long-term dependencies are limited, rule-
based methods (e.g., GiGPO) can match or even
outperform multi-turn ReSum, suggesting that
fixed heuristics are sometimes sufficient. In con-
trast, SciWorld demands longer-term state tracking
and tighter coupling between early observations
and later decisions. In this regime, rigid summa-
rization rules frequently fail to preserve critical
information. As a result, ReSum yields substantial

Reward AlfWorld SciWorld
Succ. #Sum. | Succ. #Sum.
Self-Sum 88.8 291 45.1 1.49
- wloSFT | 484 038 | 78 005
w/o RL 52 4.77 39 1.53
w/o summary reward | 88.2  2.81 42.5 1.47

Table 2: The ablation study results on Qwen2.5-1.5B-
Instruct model. We additionally report the average num-
ber of summary action used during the inference.

Reward AlfWorld SciWorld
Succ. #Sum. | Succ. #Sum.
1 84.3 2.85 37.5 0.59
3 86.5 2.67 41.2 0.67
5 88.8 291 45.1 1.49

Table 3: The effects of different value of summary re-
wards across two benchmarks. We report both sucess
rate and average number of summary calls.

gains over other baselines, and our proposed Self-
Sum further improves performance by enabling the
agent to decide autonomously when to summarize
and what information to retain.

5 Analysis

In this section, we provide detailed analysis and
case study to showcase the advantages of our pro-
posed method and current bottlenecks to guide fu-
ture work.

5.1 Ablation Study

Effects of SFT and RL. We conduct a controlled
ablation study by removing key components of
Self-Sum to analyze the contribution of each part.
Table 2 reports the results. Removing SFT signifi-
cantly degrades performance and almost eliminates
the use of the summarization action. This indi-
cates that SFT is essential for teaching the model
when to summarize and how to summarize. In
contrast, removing RL leads to poor performance
with more summary action used, which suggests
RL primarily refines the content of summarization.
In addition, the fine-grained summarization reward
design further regulate the agent’s summarization
behavior, leading to improved performance. To-
gether, these results demonstrate that effective long-
horizon agents requires learning both what to sum-
marize and when to summarize, and that SFT and
RL play complementary roles in enabling these two
capabilities.

Effects of Reward. We additionally set the sum-
mary timing and content reward as different num-
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Figure 4: The comparison of summarization behavior
between Self-Sum and ReSum, in terms of both summa-
rization timing and content from 4 different dimensions
respectively.

bers (e.g., 1,3,5) to investigate the effects. Table 3
shows the results. It can found that increasing the
number of reward tends to encourage the model to
use more summary actions, leading to better perfor-
mance, while the reward exceeds 5 does not bring
significant differences in our experiments.

5.2 Behavior Analysis

Efficiency Analysis. We also draw the training
dynamics of timing and summary actions as shown
in Figure 3. On the left side, it is evident that
our proposed Self-Sum consistently cost less cu-
mulative training time than ReSum under the same
step budget, indicating improved training efficiency
across model scales, especially for larger model.
On the right side, ReSum exhibits heavy summary
usage at the beginning of training, which gradu-
ally decreases over time, whereas Self-Sum main-
tains fewer and more stable summary invocations
throughout training. These trends suggest that our
proposed Self-Sum learns to call summarization
more selectively rather than frequently, leading to
both reduced computational overhead and more
efficient training.

Summary Analysis. We randomly sample 50
task-matched trajectories from the outputs of

AlfWorld SciWorld
Methods \—5——7 L2 | L0 LI L2
DS-V3 60.2 65.9 53.9 27.3 352 26.5
DS-R1 68.8 70.2 67.3 22.2 314 29.1
Qwen2.5-1.5B-Instruct
GRPO 76.6 71.1 29.7 21.1 13.7 10.9

GiGPO 86.7 83.2 48.0 25.8 15.2 4.7

86.540.7 83.340.4 - 44.041.3 359417 35.241 7

" SelfSum | 88.8110 84.4109 48.4402| 45.1104 36.210.9 36.5413
Qwen2.5-7B-Instruct
GRPO 79.3 77.3 52.3 49.1 30.1 26.6
GiGPO 89.5 90.2 67.2 534 352 25.8

89.841.385.2413 - 57.842346.4401 41.850.1

Self-Sum 91-9i0.4 87.5i2_3 68.2i3_0 59-1i0.2 49-0i0.6 44-310.2

Table 4: The generalization results on unseen tasks in
ALFWorld and SciWorld: 1) LO: seen task variants and
categories as same as main experiment; 2) L1: unseen
task variants but seen task categories; and 3) L2: unseen
task variants and categories. DS means DeepSeek.

Self-Sum and ReSum, and employ an LLM-as-a-
judge (Zheng et al., 2023) to evaluate the qual-
ity of the generated summaries along both timing
and content dimensions. Specifically, we instruct
GPT-5-mini to score summarization behavior in
terms of timing (e.g, Necessity, Timeliness, Task
Awareness, and Avoidance of Redundancy) and
content (e.g., Coverage of Critical Information,
Faithfulness, Level of Abstraction, and Future Util-
ity). The full evaluation prompt is provided in the
Appendix A.2. As shown in Figure 4, Self-Sum
consistently outperforms the strong baseline across
all evaluated dimensions, demonstrating clear ad-
vantages in both when to summarize and what to
summarize.

5.3 More Results

Out-of-domain Evaluation. Table 4 reports the
generalization performance on unseen tasks in Alf-
World and SciWorld under increasing levels of dis-
tribution shift. As expected, all methods experience
substantial performance degradation as task vari-
ants and categories become fully unseen (e.g., L1
— L2), reflecting the inherent difficulty of trans-
ferring long-horizon policies to novel task struc-
tures. Further analysis on failure cases reveal the
model tends to generate relatively more halluci-
nations for these unseen tasks. Overall, Self-Sum
achieves the strongest generalization performance
across settings, with particularly clear advantages
in the more challenging SciWorld environment.

Results on Webshop. We additionally imple-
ment Self-Sum on WebShop using the Qwen2.5-
1.5B-Instruct backbone, with results reported in



Methods WebShop
Score. Succ.
GPT-40 31.8 23.7
Gemini-2.5-Pro 42.5 35.9
AgentLM-7B (Zeng et al., 2024) - 36.5
AgentEvol (Xi et al., 2024) - 76.5
GiGPO-1.5B 83.5118 6744145
GiGPO-7B 86.2106 75.2438
“Self-Sum ] 892407 771405

Table 5: The results of Self-Sum on WebShop (Yao et al.,
2022a) with Qwen-2.5-1.5B-Instruct.

Table 5. It is found that Self-Sum consistently
outperforms prior prompting-based and rule-based
summarization methods by a clear margin on both
score and success rate. Notably, despite using a
smaller 1.5B model, Self-Sum surpasses several
strong baselines built on 7B backbones (e.g., Agen-
tEvol (Xi et al., 2024) and GiGPO-7B), achieving
the highest average score (89.2) and success rate
(77.1) with low variance across runs. These re-
sults indicate that Self-Sum generalizes effectively
to complex, real-world environments such as web
navigation, highlighting the robustness of proac-
tive, model-driven summarization for long-horizon
decision making.

5.4 Others

Error Analysis. Figure 6 presents a breakdown
of failure cases across AlfWorld and SciWorld.
Only a small fraction of failures are attributable
to summary-related issues, such as omitting criti-
cal task information or producing inaccurate state
descriptions (e.g., object status), reflecting the ef-
fectiveness of our training recipe. The majority of
errors stem from repetitive or invalid actions that
cannot be executed by the environment. This in-
dicates that agents often fall into action loops or
repeatedly execute redundant steps without mak-
ing substantive progress. Together, effective long-
horizon control calls for more fine-grained credit
assignment between internal summarization deci-
sions and external environmental actions, in addi-
tion to optimizing the timing and content of sum-
maries, which we leave to future work.

Case Study. We randomly sample a successful
trajectory of Self-Sum on AlfWorld and provide a
partial segment in Figure 5. It can be observed
that Self-Sum proactively tracks task progress and
identifies appropriate moments to summarize, such
as at a meaningful milestone (Step 8). At this point,

now at step 8 and your current observation is: You move the
spraybottle 1 to the garbagecan 1.

<thinking> rgon
.</thinking>
<action>summary</action>

User | Your task in current step is to summarize current progress for
the original task goal so far by generating your summarized

User [Your task is to: put two spraybottle in garbagecan. You are ]

information between <summary> and </summary> tags.

<summary>at sidetable 1, i found two spraybottles and took
one. i have explored sidetable 1 but open questions include
whether i missed another open state or if i need to explore Agent
other locations to find the second spraybottle. i have placed
one spraybottle in the garbagecan and found it empty, so i

have completed part of the task. next steps include finding the

second spraybottle to place in the garbagecan.</summary> New

interaction

some summarized information from previous steps as shown

User | Your task is to: put two spraybottle in garbagecan. You have
in below: <summary> .. </summary>. You are now at step 10.

<thinking> Agent
.</thinking><action>go to sidetable 1</action> @

Figure 5: A trajectory segment of Self-Sum in AlfWorld.
We use different color to indicate , action, gen-
erated summaries.

the agent generates a well-grounded summary that
accurately captures completed sub-goals and re-
maining uncertainties, while also outlining plau-
sible next steps. Crucially, this summary is later
effectively reused to guide subsequent decision-
making. When the interaction is reinitialized (Step
10), the agent correctly conditions on the summa-
rized state without relying on the full raw trajectory,
and selects the appropriate action to continue the
task. Overall, this case study demonstrates that Self-
Sum supports coherent long-horizon behavior by
coupling timely summarization with informed fu-
ture actions through effective reuse of summarized
context.

6 Conclusion

In this paper, we propose Self-Sum, a framework
that reformulates long-horizon agent interaction
as a multi-turn decision process and models sum-
marization as a first-class internal cognitive action
unified with environmental actions. This design
enables agents to autonomously decide when and
what to summarize with a carefully designed two-
stage training recipe, allowing context compres-
sion to be learned rather than imposed by fixed
heuristics. Experimental results on ALFWorld, Sci-
World and WebShop demonstrate that Self-Sum
consistently outperforms no-summarization and
rule-based summarization baselines, with particu-
larly strong gains in generalization to unseen tasks.



Limitations

Following previous methods (Feng et al., 2025), we
adopt the same backbone models from the Qwen2.5
series to ensure a fair and controlled comparison.
Our implementation choices are guided by a focus
on isolating the effects of the proposed summariza-
tion framework, rather than scaling model size or
introducing additional components. While larger
backbone models may further improve absolute
performance, our approach is inherently model-
agnostic and can be readily extended as computa-
tional resources permit. In addition, we deliber-
ately avoid outsourcing summarization to separate
or more powerful models, as doing so would dele-
gate summarization decisions to external modules
and obscure the goal of learning summarization as
an integral part of the agent’s own decision-making
process.
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Data AlfWorld | SciWorld
# trajs 300 300
# samples 978 1199
# summaries 678 899
# assistant turns 4,051 6,721

Table 6: The data statistics analysis for both AlfWorld
and SciWorld.

[ Poor summary [ Repetitive action [ Wrong action [ Others

Alfworld SciWorld

30.8%

[
| 30.5%

Figure 6: Error analysis results.

A Prompt Templates
A.1 Data Collection

Table 11 shows the specific prompt to generate re-
quired summaries and corresponding explanations.
Specifically, we explicitly require the model make
such decisions carefully and ground the content of
summary into observable results. Therefore, the
collected SFT data can effectively showcases what
a good summary looks like and when is a good
timing to summarize.

Table 11 shows the specific prompt to instruct
the model generate reasoning processing for each
step/action. Therefore, the model can unfold its
own thinking processing to support the determined
action in each step.

A.2  Other Prompts

Table 8 shows the system prompt to instruct the
model to make decisions during training, and Ta-
ble 7 shows the prompt to generate the summaries.

Table 10 shows the prompt used to evaluate the
quality of generated summaries.

B Supplementary Details

B.1 Data Statistics

Table 6 shows the data statistic analysis for our
collected SFT data. We only leverage randomly
sampled 300 successful trajectories and success-
fully collect around 1,000 training samples for both
datasets.
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Please ignore previous instruction, and your task in current step is to summarize current progress for the original task
goal so far by generating your summarized information between <summary> and </summary> tags.

Your original task goal is to: {task_description} You are now at step {current_step} and your current observation is:
{current_observation }
Your output should start with <summary> and end with </summary>.

Table 7: The system prompt used to instruct the model to generate summary during training.

You are an expert agent operating in the ALFRED Embodied Environment. You need to carefully review all information
received, reason about current states, make required actions in order to complete pre-defined task at the environment.
You may be given the summarized information from your previous steps for reference.

Now it’s your turn to take an action.

You should first reason step-by-step about the current situation. This reasoning process MUST be enclosed within
<think> </think> tags.

Once you’ve finished your reasoning, you should choose an admissible action for current step and present it within
<action> </action> tags.

Table 8: The system prompt used to instruct the model to make decisions during training.

You are an expert agent operating in the ALFRED Embodied Environment. I will provide you with a successful trajectory.
You need to supplement the reasoning process.
**Reason using ONLY ONE tag pair and express your reasoning in one concise, brief sentence:**

You need to output a list in JSON format, with the same length as the trajectory. Each element should contain two
key-value pairs, for example:

nns

'json ["reason": "<thinking>The book may be in the cabinet, shelf, so in the next steps I need to search these

non n,on

locations.</thinking>", "action": "go to shelf 1",

"reason": "<thinking>Currently, my sub-goal is to obtain item A. I have already spotted A, and in order to accomplish

this objective, I need to pick it up.</thinking>", "action": "pick up A"]

nn

The "action" field must match the action in the trajectory, and the "reason" field should be a reasonable reasoning process
inferred from the context of previous actions and the next few actions.
now the trajectory is as follows: {traj}

Table 9: The system prompt to generate reasoning for each step in the successful trajectory.
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You are an expert evaluator of long-horizon language agents. Your task is to assess the timing and content quality of
summaries produced during an agent’s interaction with an environment or user.

You will be given a full trajectory of the agent’s interaction with the environment or user, including the summary steps.
You need to carefully read the reasoning process of agent, especially when the agent decides to summarize and generates
the summary itself. Your evaluation should focus on when the summary is generated and what information it retains,
rather than on task success alone.

Evaluation Criteria

1. Summary Timing (When to Summarize): Evaluate whether summarization is triggered at an appropriate moment.
(a) Necessity: Was summarization necessary at this point, given the interaction history? Could the agent reasonably
continue without summarizing?

(b) Timeliness: Is the summary generated too early (before sufficient information is accumulated), too late (after relevant
context has already become noisy), or at an appropriate milestone?

(c) Task Awareness: Does the timing reflect awareness of task structure (e.g., subgoal completion, resolution of
uncertainty, or transition to a new phase)?

(d) Avoidance of Redundancy: Does the agent avoid summarizing repeatedly without meaningful progress since the last
summary?

2. Summary Content Quality (What to Summarize): Evaluate the quality and usefulness of the summarized information.
(a) Coverage of Critical Information: Does the summary retain information that is essential for future decisions (e.g.,
completed subgoals, important observations, object states)?

(b) Faithfulness to Observations: Is the summary grounded in the interaction history, without introducing unsupported or
speculative details?

(c) Abstraction Level: Does the summary appropriately abstract away low-level details while preserving task-relevant
structure? Is it overly concrete or overly vague?

(d) Future Utility: Would this summary meaningfully help an agent make correct decisions in subsequent steps?

You output should be in JSON format. The score should be a number between 1 and 5. The justification should be a
brief explanation of your score.

"""json {{ "summary_timing": {{ "necessity": <score>, "timeliness": <score>, "task_awareness": <score>, "avoid-
ance_of_redundancy": <score> }}, "summary_content_quality": {{ "coverage_of_critical information": <score>,
"faithfulness_to_observations": <score>, "abstraction_level": <score>, "future_utility": <score> }}, "overall_score":

noon

<score>, "justification": "<justification>" }}

nn

The trajectory is as follows:
{trajectory}

Table 10: The prompt used to evaluate the quality of summaries.

14



You are analyzing a trajectory of actions taken to complete an ALFRED task. Your job is to decide when it would be
beneficial to create a summary of past progress.

Task: {task}
Full Trajectory: {trajectory}

For EACH step in this trajectory, decide:

1. Should we create a summary AFTER this step? (yes/no) considering the observation in current step and previous
steps.

2. If yes, provide a concise summary that:

- Summarizes what has been accomplished and what has been observed so far (locations visited, objects found, actions
taken, etc.)

- Is grounded ONLY in the observations and actions already taken (NO hallucination or assumptions)

- Mentions key items/locations discovered that may be relevant for the task

- Provides brief guidance for what should be done next based on the task goal and what’s been learned

- Uses past tense for completed actions and present/future tense for next steps

Guidelines for when to summarize:

- After completing a significant sub-task or milestone (e.g., found a key object, finished exploring an area)

- When the history is getting long (e.g., after 6-10 steps without a summary)

- When there’s a natural transition point (e.g., finished searching, now need to manipulate objects)

- At least once every 5 steps if no other criteria are met

- Considering the observation in current step and all information in in previous steps. Do not consider the action in
current step.

Output format (JSON array, must have exactly {num_steps} elements):
{ "step": 1,

non

"observation": "observation text",
"action": "action taken",
"should_summarize": false,

", onn

"explanation":
"summary”: " },
{ "step": 2,

non

"observation": "observation text",
"action": "action taken",
"should_summarize": true,

"explanation": "explanation for why I choose to summarize here",
"summary": "Progress: I have explored countertop 1..."

CRITICAL RULES:

1. The "observation" and "action" fields must EXACTLY match the trajectory

2. Summaries must ONLY mention what has been directly observed or done - no speculation
3. Include specific object and receptacle IDs that were found (e.g., "apple 1 on countertop 2")
4. Use summaries strategically - too many summaries are counterproductive

5. Do not summarize consecutively.

Table 11: The system prompt used to instruct the model to generate summary explanation and specific summaries for

summary steps. We provide specific guidelines and critical rules for the model to decide good timing to summarize
and generate high-quality summaries for later decisions.
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