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ABSTRACT

Large language models are increasingly trained as interactive agents for long-
horizon tasks involving multi-turn interaction, tool use, and environment feed-
back. Outcome-based reinforcement learning (RL) provides a practical optimiza-
tion paradigm, but its sparse trajectory-level rewards offer limited guidance on in-
termediate decisions, leaving a supervision gap between episode-level outcomes
and token-level policy learning. We propose SEED (SElf-Evolving On-Policy
Distillation), a self-evolving framework that converts completed on-policy trajec-
tories into training-time hindsight skills and distills their behavioral effect back
into the policy model. SEED first fine-tunes the policy to analyze completed tra-
jectories and generate natural-language skills that capture reusable workflows, de-
cisive observations, or failure-avoidance rules. During RL, the current policy both
collects trajectories and serves as the analyzer that extracts hindsight skills from
them. Policy updates therefore improve subsequent decision making and skill
analysis together, allowing hindsight supervision to evolve with the policy. SEED
then re-scores the sampled actions under ordinary and skill-augmented contexts,
converting the skill-induced probability shift into a dense token-level on-policy
distillation signal. This signal is jointly optimized with outcome-based RL, keep-
ing the auxiliary supervision aligned with the current trajectory distribution. Ex-
tensive experiments on text-based and vision-based agentic tasks show that SEED
consistently improves performance and sample efficiency, exhibiting robust gen-
eralization to unseen scenarios.

* indicates methods using a skill prompt.
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Figure 1: Overall performance comparison. We compare SEED with training-free prompting
methods, outcome-only RL, and skill-distillation baselines on ALFWorld, Search-based QA, and
WebShop. SEED achieves the strongest average performance on ALFWorld and WebShop while
remaining competitive on Search-based QA.
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1 INTRODUCTION

Recent large language model (LLM) systems are moving beyond single-turn response generation
toward multi-turn agentic interaction, where a model repeatedly reasons, acts, uses tools, and in-
corporates feedback from its environment (Liu et al., 2023; Schick et al., 2023; Patil et al., 2024;
Luo et al., 2025a; Xi et al., 2025; Wu et al., 2026b; Xu et al., 2026). Such settings require an agent
to make sequential decisions whose consequences may only become visible after many interaction
steps. The model must learn when to gather information, when to call a tool, how to interpret feed-
back, and how to revise a plan after partial progress or failure. Reinforcement learning (RL) has
therefore become an important post-training paradigm for LLM-based agents, since it directly opti-
mizes policies against task-level feedback from environments, simulators, or verifiers (Shao et al.,
2024; Wang et al., 2025; Luo et al., 2025b; Wu et al., 2026a).

Despite this progress, outcome-based agentic RL provides only coarse supervision. In long-horizon
environments, rewards are often sparse, delayed, and assigned at the trajectory level: they indicate
whether an episode succeeds but not which intermediate observations, actions, or tool calls should
be reinforced or corrected (Andrychowicz et al., 2017; Arjona-Medina et al., 2019; Uesato et al.,
2022; Lightman et al., 2024). This leaves a supervision gap between episode-level outcomes and
token-level policy learning. A failed trajectory may contain useful partial behaviors but fail because
of a few local mistakes, whereas a successful trajectory may contain reusable strategies that the
scalar reward never identifies. As a result, outcome-only optimization provides limited guidance for
fine-grained, decision-level credit assignment over long interaction histories.

A key observation is that completed trajectories reveal hindsight unavailable during online deci-
sion making. Once an episode terminates, the full interaction history reveals which subgoals were
achieved, where the agent deviated from an effective strategy, which observations were decisive,
and which behavioral patterns may transfer to future attempts. This view is related to hindsight
learning in RL, where completed experience can be reinterpreted to improve learning under sparse
feedback (Andrychowicz et al., 2017), and to language-agent methods based on verbal reflection,
episodic memory, or experience summaries (Shinn et al., 2023; Zhao et al., 2024; Wang et al., 2023;
Madaan et al., 2023). However, many such methods treat hindsight as static experience, inference-
time context, or retrieved memory. For practical agentic RL, hindsight supervision should not remain
fixed: as the policy improves and encounters new states, strategies, and failure modes, the hindsight
extracted from its trajectories must adapt to its current behavior (Andrychowicz et al., 2017; Zhang
et al., 2026a). Our goal is therefore to convert policy-generated hindsight into parametric supervi-
sion, enabling the policy to internalize reusable behavioral guidance without external memory or
additional deployment-time prompts.

On-policy distillation (OPD) offers a natural mechanism for converting hindsight information into
decision-level learning signals. Classical knowledge distillation transfers teacher behavior into a
student through token- or sequence-level supervision (Hinton et al., 2015; Kim & Rush, 2016), while
on-policy variants reduce distribution mismatch by supervising outputs sampled from the student
policy itself (Ross et al., 2011; Agarwal et al., 2024). Recent on-policy self-distillation methods
further avoid a separate external teacher by comparing the same model under different contexts,
such as privileged reasoning traces or feedback-conditioned prompts (Zhao et al., 2026; Hübotter
et al., 2026). Related agentic methods have explored skill- or feedback-conditioned distillation
for multi-turn interaction and tool use (Wang et al., 2026; Lu et al., 2026; Zhong et al., 2026; Ko
et al., 2026; Yang et al., 2026b). Together, these advances point to three requirements for effective
hindsight supervision in agentic RL.

First, the supervision should be on-policy, because useful corrections depend on the states, actions,
and failure modes induced by the current policy. Second, it should be dense, allowing trajectory-
level hindsight to guide individual decision tokens rather than only the final outcome. Third, it
should be self-evolving: as the policy improves, its decision-making and trajectory-analysis capabil-
ities should advance together. Fixed teachers, static skill datasets, and one-time distillation cannot
continually adapt to the policy’s evolving capabilities and trajectory distribution.

We propose SEED (SElf-Evolving On-Policy Distillation), a framework that turns completed on-
policy trajectories into hindsight skills and distills their behavioral effect back into the policy model
through a self-evolving training loop. During RL, the current policy collects trajectories and also
serves as the analyzer that extracts natural-language skills describing reusable workflows, decisive
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observations, or failure-avoidance rules. Because both roles share the same model, policy updates
improve subsequent decision making and skill analysis together, allowing hindsight supervision to
evolve with the policy. Given an extracted skill, SEED keeps the sampled actions fixed and re-
scores them under ordinary and skill-augmented contexts. The resulting probability shift provides
a dense token-level OPD signal, which is jointly optimized with the outcome-based RL objective.
Specifically, SEED consists of two stages. First, hindsight-skill supervised fine-tuning equips
the model to analyze completed interaction histories and generate reusable trajectory-level skills.
Second, self-evolving OPD repeatedly uses the latest policy checkpoint for both trajectory collection
and skill analysis, then updates the policy with the joint RL and OPD objective. The generated skills
act only as privileged supervision during training and require neither external memory nor additional
prompts at inference time.

We evaluate SEED across embodied interaction, web navigation, search-based QA, and visual per-
ception and planning. SEED achieves superior task performance, sample efficiency, and robustness.
Taken together, our work makes the following contributions:

• We propose SEED, a self-evolving OPD framework that continually transforms the policy’s com-
pleted trajectories into hindsight skills and internalizes their behavioral guidance during agentic
RL, allowing decision-making and skill analysis to improve together.

• We introduce a policy-synchronized hindsight OPD mechanism that converts skill-induced log-
probability shifts on sampled actions into dense token-level supervision and jointly optimizes
this signal with outcome-based RL.

• Extensive experiments across diverse long-horizon agentic benchmarks show that SEED im-
proves task performance, sample efficiency, and robustness over representative baselines.

2 RELATED WORK

Reinforcement learning for agentic LLMs. LLMs are increasingly trained as interactive agents
that reason, use tools, and act over long horizons (Liu et al., 2023; Schick et al., 2023; Patil et al.,
2024; Luo et al., 2025a; Xi et al., 2025; Wu et al., 2026b; Xu et al., 2026). Reinforcement learn-
ing provides a natural post-training paradigm for such agents by directly optimizing task-level out-
comes (Shao et al., 2024; Wang et al., 2025; Luo et al., 2025b; Wu et al., 2026a). However, outcome-
based RL typically assigns sparse and delayed rewards at the trajectory level, offering limited guid-
ance on which intermediate observations, actions, or tool calls should be reinforced. SEED retains
outcome-based RL as the optimization backbone while supplementing it with dense supervision
derived from completed trajectories.

Hindsight learning for language agents. Completed trajectories expose reusable strategies, de-
cisive observations, and failure causes that are unavailable during online decision making. Prior
work exploits such information through hindsight relabeling, return decomposition, process super-
vision, verbal reflection, and experience memory (Andrychowicz et al., 2017; Arjona-Medina et al.,
2019; Uesato et al., 2022; Lightman et al., 2024; Shinn et al., 2023; Zhao et al., 2024; Wang et al.,
2023; Madaan et al., 2023). Nevertheless, hindsight knowledge is often stored as static experience
or introduced as additional inference-time context. SEED instead converts completed on-policy
trajectories into natural-language skills and internalizes their behavioral guidance into the policy,
requiring neither external memory nor skill prompts at inference time.

On-policy self-distillation for agentic RL. Knowledge distillation transfers teacher behavior
through token- or sequence-level supervision, while on-policy variants reduce distribution mismatch
by training on outputs sampled from the learner itself (Hinton et al., 2015; Kim & Rush, 2016; Ross
et al., 2011; Agarwal et al., 2024). Recent methods construct privileged self-teachers from reason-
ing traces, feedback, or skills and use them to provide token-level guidance for agentic RL (Zhao
et al., 2026; Wang et al., 2026; Lu et al., 2026; Zhong et al., 2026; Yang et al., 2026b). However,
the source of privileged supervision is often static, externally generated, or updated independently
of the policy. As the policy improves and encounters new states and failure modes, such supervision
can become stale or mismatched with its current behavior. SEED addresses this limitation through
a self-evolving loop in which the latest policy checkpoint serves simultaneously as the rollout actor
and the trajectory analyzer. After each policy update, the shared checkpoint is refreshed for both
roles, allowing decision making and hindsight supervision to co-evolve.
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Figure 2: Overview of SEED. Stage 1 (Hindsight Skill SFT) equips the policy to extract hindsight
skills from completed trajectories. Stage 2 (Self-Evolving On-Policy Distillation) jointly optimizes
outcome-based RL and skill-conditioned OPD in a self-evolving agentic loop.

3 METHOD

We present SEED, a self-evolving OPD framework for agentic RL. SEED is motivated by the ob-
servation that completed agent trajectories contain rich hindsight information: even when reward is
sparse, a full trajectory often reveals useful behavioral patterns, failure causes, and reusable strate-
gies that are not directly available at intermediate decision steps. SEED converts such hindsight
information into hindsight skills and distills their behavioral effect back into the ordinary policy.

As shown in Figure 2, SEED has two training stages. First, hindsight-skill supervised fine-tuning
(SFT) equips a single policy model to analyze completed trajectories. Second, the current policy
snapshot both collects on-policy trajectories and analyzes them into hindsight skills. The same
sampled actions are then re-scored under ordinary and skill-augmented contexts to construct a token-
level OPD signal, which is optimized jointly with RL. At inference time, SEED removes the analyzer,
so deployment requires only the learned policy.

3.1 PROBLEM FORMULATION

We formulate long-horizon agentic tasks as partially observable Markov decision processes:

(S,A,O, T ,Ω,R, γ) ,

where S is the latent state space, A is the action space, O is the observation space, T is the transition
kernel, Ω is the observation kernel, R is the reward function, and γ is the discount factor. At timestep
t, the agent receives an observation ot ∈ O and maintains an interaction history

ht = (o0, a0, o1, a1, . . . , ot) ,

where ai denotes the textual response or executable action produced by the agent. The policy gen-
erates the next action according to

at ∼ πθ (· | ht) .
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A completed trajectory is denoted by

τ = {(ot, at, rt)}T−1
t=0 ,

with an episode-level outcome R(τ) ∈ R. In many agentic environments, R(τ) is sparse and
becomes available only after task completion, such as a binary success indicator or a final task
score. The standard reinforcement learning objective is

J(θ) = Eτ∼πθ
[R(τ)] .

This formulation exposes a key challenge in long-horizon agentic RL: the environment provides only
trajectory-level feedback, while the policy must learn from many token-level decisions distributed
across the interaction history. SEED bridges this granularity gap by deriving an auxiliary training-
time token-level signal from hindsight skills extracted after trajectory completion.

3.2 HINDSIGHT SKILL SUPERVISED FINE-TUNING

The first stage initializes the policy with the ability to analyze full interaction histories and express
reusable behavioral guidance as natural-language hindsight skills.

Offline trajectory collection. We first collect an offline pool of trajectories using a base policy
without skill augmentation. Let Qsft = {qj}Mj=1 be a set of training tasks. For each task qj , we run
K0 rollouts with the base policy πθbase

:

Bj = {τj,k}K0

k=1 , τj,k ∼ πθbase (· | qj) .

The complete offline trajectory pool is

B =

M⋃
j=1

Bj .

Each trajectory contains the task description, observations, actions, rewards, and final outcome.
These trajectories are collected without any hindsight skill in the decision context, ensuring that the
SFT data are derived from ordinary agent-environment interaction.

Hindsight skill annotation. Given a completed trajectory τ , an external analyzer Aext produces
a hindsight-skill annotation:

sτ = Aext (τ) ,

where sτ denotes the skill annotation produced from trajectory τ . For a successful trajectory, sτ
typically captures reusable strategies or workflows that contributed to task completion. For a failed
trajectory, sτ can encode corrective or avoidance guidance inferred from the observed failure.

We retain the annotation only if the generated skill is correctly formatted. Let vτ ∈ {0, 1} denote
the validity indicator. The accepted SFT set is

Dsft = {(xτ , sτ ) : τ ∈ B, vτ = 1} ,

where xτ is the serialized trajectory-analysis input and sτ is the corresponding hindsight skill target.

Supervised fine-tuning. We then fine-tune the policy model to predict the hindsight skill from
the completed trajectory. The same autoregressive model later initializes both the RL actor and
the synchronized trajectory analyzer. For an accepted SFT example (xτ , sτ ) ∈ Dsft, the model is
optimized with the standard negative log-likelihood objective:

Lsft(θ) = −E(xτ ,sτ )∼Dsft

 |sτ |∑
ℓ=1

log πθ(sτ,ℓ | xτ , sτ,<ℓ)

 ,

where sτ,ℓ is the ℓ-th token of sτ . The resulting checkpoint θsft initializes the later RL policy.

During RL, the trajectory analyzer is instantiated directly from the current policy checkpoint. Thus,
the same model can act in the environment under ordinary interaction histories and generate hind-
sight skills from completed trajectories, without a separately trained analyzer.

5
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3.3 SELF-EVOLVING ON-POLICY DISTILLATION

The second stage performs agentic RL with an additional token-level OPD signal. At the start of
each update, SEED freezes the current policy as πθold . This snapshot collects trajectories and also
parameterizes the analyzer that extracts their hindsight skills. A trainable policy πθ, initialized from
πθold , is then optimized with both the environment-driven GRPO and OPD objectives. After the
update, the optimized policy πθ becomes the policy snapshot for the next iteration.

This design keeps the distillation signal on-policy: the policy collects its own trajectories, the ana-
lyzer agent converts these completed trajectories into hindsight skills, and the behavioral effect of
such hindsight guidance is distilled back into the ordinary policy.

On-policy hindsight skill generation. For each task prompt q, SEED samples a group of N tra-
jectories using the frozen policy:

Gq =
{
τ (1)q , τ (2)q , . . . , τ (N)

q

}
, τ (n)q ∼ πθold (· | q) .

For each completed trajectory τ
(n)
q , SEED constructs its trajectory-analysis input x

τ
(n)
q

. The analyzer
agent instantiated from the same policy snapshot πθold then analyzes the completed trajectory and
generates a hindsight skill:

s(n)q = Aθold

(
x
τ
(n)
q

)
,

where Aθold denotes the analyzer role of the shared model. Although the actor and analyzer share the
same parameters at each update, they play different roles: the actor interacts with the environment,
while the analyzer summarizes completed trajectories into trajectory-level hindsight skills. The
generated skill s(n)q thus provides reusable behavioral guidance.

This shared parameterization creates SEED’s self-evolving loop. Refreshing θold changes both the
trajectories encountered by the actor and the model capability used for skill analysis. Consequently,
the experience distribution and its hindsight supervision evolve together.

On-policy distillation objective. SEED keeps the original on-policy actions fixed and re-scores
them under a skill-augmented context. Let H be a deterministic context augmentation function that
incorporates the generated skill into the ordinary interaction history. At timestep t in trajectory τ

(n)
q ,

the skill-augmented history is
h̃q,n,t = H

(
hq,n,t, s

(n)
q

)
.

The original sampled action is tokenized as

aq,n,t =
(
aq,n,t,1, . . . , aq,n,t,Lq,n,t

)
,

where Lq,n,t denotes the number of tokens in the sampled action aq,n,t.

The same policy computes two token-level log-probabilities on the same sampled action tokens.
The first is the skill-conditioned teacher branch log-probability, obtained by re-scoring the sampled
action under the skill-augmented history:

ℓskillq,n,t,ℓ = log πθ

(
aq,n,t,ℓ | h̃q,n,t, aq,n,t,<ℓ

)
.

The second is the ordinary student branch log-probability under the original interaction history:

ℓθq,n,t,ℓ = log πθ (aq,n,t,ℓ | hq,n,t, aq,n,t,<ℓ) .

Although both branches share πθ, they correspond to different input contexts: the teacher observes
the hindsight skill, while the student acts only from the ordinary history. The teacher provides a
detached training-time signal, and gradients flow exclusively through the ordinary student branch.
In summary, during optimization, both branches are evaluated using the current trainable policy πθ,
whereas πθold is used for trajectory collection, skill generation, and importance-ratio computation.

We define the detached skill-induced log-probability shift

∆q,n,t,ℓ = sg
[
ℓskillq,n,t,ℓ − ℓθq,n,t,ℓ

]
,

6
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where sg[·] denotes stop-gradient. Following SDAR (Lu et al., 2026), SEED maps this shift to a
confidence gate:

gq,n,t,ℓ = σ (βopd∆q,n,t,ℓ) ,

where σ(·) is the logistic sigmoid function and βopd controls the sharpness of the gate. A positive
shift indicates that the hindsight skill supports the sampled token and yields a larger gate; a negative
shift attenuates that token’s auxiliary supervision.

The OPD loss is defined as a confidence-gated sampled-token distillation objective:

Lopd(θ) = Eq,n,t,ℓ

[
mq,n,t,ℓ · gq,n,t,ℓ ·

(
sg
[
ℓskillq,n,t,ℓ

]
− ℓθq,n,t,ℓ

)]
. (1)

Here mq,n,t,ℓ ∈ {0, 1} is the valid-token mask. Throughout, expectations over (q, n, t, ℓ) are com-
puted as masked means over valid action tokens, normalized by

∑
q,n,t,ℓ mq,n,t,ℓ. Because both

gq,n,t,ℓ and the teacher log-probability are detached, the teacher term is constant with respect to θ,
and

∇θLopd = −Eq,n,t,ℓ

[
mq,n,t,ℓ · gq,n,t,ℓ · ∇θℓ

θ
q,n,t,ℓ

]
.

Thus, the objective is gradient-equivalent to a gate-weighted negative log-likelihood. Minimizing it
increases the ordinary policy’s likelihood of teacher-endorsed on-policy tokens, thereby internaliz-
ing the skill’s behavioral effect without exposing the skill at inference time.

Joint training objective. In addition to OPD, SEED optimizes the policy with a group-relative RL
objective. For each group Gq , we compute the mean and standard deviation of trajectory outcomes:

µq =
1

N

N∑
n=1

R
(
τ (n)q

)
, σq =

√√√√ 1

N

N∑
n=1

(
R
(
τ
(n)
q

)
− µq

)2
.

The trajectory-level group-relative advantage is

Arl
q,n =

R
(
τ
(n)
q

)
− µq

σq + ϵ
.

This advantage is broadcast to valid action tokens:

Arl
q,n,t,ℓ = Arl

q,nmq,n,t,ℓ.

The token-level probability ratio is

ρq,n,t,ℓ(θ) = exp
(
ℓθq,n,t,ℓ − ℓoldq,n,t,ℓ

)
,

where
ℓoldq,n,t,ℓ = log πθold (aq,n,t,ℓ | hq,n,t, aq,n,t,<ℓ) .

The RL loss is

Lrl(θ) = −Eq,n,t,ℓ

[
min

(
ρq,n,t,ℓ(θ)A

rl
q,n,t,ℓ, clip (ρq,n,t,ℓ(θ), 1− ϵclip, 1 + ϵclip)A

rl
q,n,t,ℓ

)]
+ βKLDKL.

where βKL is the KL regularization coefficient.

The final training objective combines environment-driven agentic RL with hindsight-skill OPD:

LSEED(θ) = Lrl(θ) + λopdLopd(θ),

where λopd controls the strength of the auxiliary OPD signal. The RL term optimizes environ-
ment outcomes, whereas the OPD loss internalizes the effect of self-generated hindsight skills. The
updated policy then becomes πθold for the next iteration, closing the self-evolving loop.

At inference time, the deployed agent acts only from the ordinary interaction history:

at ∼ πθ (· | ht) .

Thus, all hindsight skills are used only as training-time guidance. Deployment requires no analyzer,
no skill bank, no retrieval module, and no augmented decision prompt.

Algorithm 1 in Appendix B.3 summarizes the complete training procedure.

7
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Table 1: Performance Comparison on the representative long-horizon benchmarks (ALF-
World, Search-based QA, and WebShop). We report the success rate (%) on ALFWorld, accuracy
on Search-based QA, and task-completion score/success rate on WebShop. An asterisk (*) denotes
validation with skills. The best and second-best results are highlighted.

ALFWorld Search-based QA WebShop
Method Pick Look Clean Heat Cool Pick2 Avg NQ Triv Pop Hotp 2Wk MuS Bam Avg Score Succ.

Qwen2.5-3B-Instruct
Vanilla 44.4 11.1 6.2 15.4 28.6 12.5 21.9 24.6 48.1 31.0 26.3 25.3 7.2 59.7 31.7 6.7 0.8
Skill-Prompt* 51.7 66.7 48.4 0.0 4.3 10.0 28.9 23.7 46.2 30.6 24.4 22.1 7.5 12.5 23.9 0.2 0.8
OPSD 48.8 41.7 16.7 0.0 15.8 16.7 28.1 0.1 0.1 0.1 0.0 0.0 0.0 0.0 0.0 11.3 3.1
GRPO 91.2 62.5 96.2 61.9 65.0 47.4 75.0 39.3 60.6 41.1 37.4 34.6 15.4 26.4 36.4 79.8 63.3
Skill-GRPO 88.9 71.4 58.8 70.6 40.7 29.2 60.2 43.5 58.8 43.0 36.8 32.2 11.7 12.5 34.1 77.3 60.9
Skill-GRPO* 94.3 57.1 100.0 66.7 73.1 57.1 80.5 44.3 59.6 44.3 39.0 36.1 14.5 14.9 36.1 76.3 66.4
GRPO+OPSD 100.0 82.4 85.7 75.0 70.0 60.0 81.2 44.9 61.2 45.2 40.4 38.5 16.0 66.1 44.6 77.8 66.4
Skill-SD 88.2 50.0 96.2 52.4 65.0 57.9 73.4 44.4 60.4 44.0 39.5 40.4 15.4 64.9 44.1 75.9 64.0
RLSD 87.9 75.0 90.9 75.0 73.1 68.4 79.7 41.5 58.6 42.3 40.4 40.2 16.8 66.9 43.8 84.4 66.4
SDAR 97.1 62.5 100.0 61.9 75.0 84.2 84.4 44.8 58.1 44.3 38.6 36.2 15.7 66.1 43.4 85.0 68.0
SEED (Ours) 100.0 100.0 100.0 100.0 70.6 80.0 91.8 44.3 61.9 47.2 41.0 42.0 16.9 67.7 45.7 88.5 78.9

Qwen2.5-7B-Instruct
Vanilla 36.1 22.2 3.1 0.0 0.0 0.0 12.5 25.2 50.8 29.5 29.0 29.0 10.4 63.7 33.9 5.9 1.6
Skill-Prompt* 51.7 50.0 32.3 5.3 4.3 0.0 23.4 30.9 52.1 32.7 32.7 27.9 12.7 66.1 36.4 1.7 0.8
OPSD 50.0 60.0 22.7 21.4 17.6 9.5 32.8 8.8 8.6 17.5 2.5 4.2 0.5 1.2 6.2 4.5 2.3
GRPO 91.2 87.5 96.2 81.0 65.0 57.9 81.2 45.1 63.7 44.0 43.6 43.2 16.8 37.6 42.0 80.9 72.6
Skill-GRPO 88.5 66.7 65.2 61.1 57.7 73.1 69.5 45.2 63.7 45.7 43.1 43.3 19.6 21.4 40.3 80.4 71.9
Skill-GRPO* 100.0 83.3 96.4 83.3 75.0 78.9 88.3 44.8 63.0 45.1 43.7 43.7 20.5 71.4 47.5 87.0 81.2
GRPO+OPSD 91.4 61.5 100.0 87.5 76.5 52.2 80.4 47.3 64.5 46.9 43.8 39.3 18.0 69.4 47.0 86.8 76.5
Skill-SD 93.9 93.8 90.9 100.0 69.2 68.4 85.1 47.1 64.5 47.8 44.2 42.1 20.2 69.0 47.8 86.1 76.5
RLSD 100.0 87.5 92.3 58.8 80.0 65.2 82.0 46.8 63.0 44.4 45.5 48.9 21.5 73.0 49.0 87.4 77.3
SDAR 94.7 75.0 100.0 86.7 68.2 78.9 85.9 46.3 63.5 48.2 43.8 48.4 19.6 73.0 49.0 89.4 82.8
SEED (Ours) 100.0 100.0 96.3 80.0 100.0 100.0 96.1 47.0 64.9 47.8 45.2 45.3 20.1 70.2 48.6 89.7 78.1

Qwen3-1.7B-Instruct
Vanilla 25.0 22.2 3.1 0.0 21.4 4.2 12.5 29.4 46.9 37.0 23.5 19.6 6.4 10.5 24.8 46.5 4.7
Skill-Prompt* 10.3 50.0 16.1 0.0 0.0 5.0 9.4 29.4 46.5 36.2 22.9 20.8 4.3 10.1 24.3 23.0 2.3
OPSD 26.3 33.3 9.1 0.0 4.5 5.3 14.1 4.2 8.3 4.6 6.6 15.3 0.7 1.2 5.8 47.4 9.3
GRPO 71.1 41.7 36.4 40.0 31.8 31.6 46.1 40.0 58.9 43.5 35.4 30.3 12.0 65.7 40.8 67.3 38.3
Skill-GRPO 27.6 54.5 22.7 27.3 0.0 19.2 21.1 39.2 58.6 43.9 35.2 28.2 11.5 66.1 40.4 73.4 46.1
Skill-GRPO* 31.4 42.9 51.9 8.3 11.5 7.1 28.1 38.0 58.4 43.9 36.3 29.0 12.5 66.9 40.7 80.4 50.0
GRPO+OPSD 38.2 50.0 30.8 28.6 30.0 21.1 32.0 40.7 58.9 45.0 37.0 34.6 13.3 65.7 42.2 70.7 38.3
Skill-SD 52.9 37.5 69.2 42.9 60.0 36.8 52.3 39.1 57.5 45.4 34.8 34.1 10.7 64.1 40.8 81.8 53.9
RLSD 50.0 37.5 61.5 19.0 50.0 21.1 42.2 38.6 57.3 43.0 34.5 34.1 11.5 65.3 40.6 74.0 50.8
SDAR 73.5 25.0 76.9 33.3 40.0 36.8 53.9 39.7 58.9 45.3 35.9 35.5 12.6 65.3 41.9 76.8 58.6
SEED (Ours) 97.6 100.0 100.0 80.0 84.2 90.0 92.0 42.0 58.9 47.1 36.9 35.2 10.6 64.9 42.2 87.1 77.3

4 EXPERIMENT

4.1 EXPERIMENTAL SETTING

Benchmarks. We evaluate SEED across three complementary forms of long-horizon agency. ALF-
World (Shridhar et al., 2021) casts household tasks as text-based embodied interaction, requiring an
agent to interpret observations and execute extended action sequences. We consider six task fam-
ilies: Pick, Look, Clean, Heat, Cool, and Pick2. WebShop (Yao et al., 2022) evaluates interactive
web navigation, where an agent searches for products, inspects their attributes, and completes a
purchase according to a natural-language request. We use the standard set of 128 test tasks. Fi-
nally, following the Search-R1 protocol (Jin et al., 2025), Search-based QA requires an agent to
gather evidence through search before answering questions from Natural Questions (Kwiatkowski
et al., 2019), TriviaQA (Joshi et al., 2017), PopQA (Mallen et al., 2023), HotpotQA (Yang et al.,
2018), 2WikiMultiHopQA (Ho et al., 2020), MuSiQue (Trivedi et al., 2022), and Bamboogle (Press
et al., 2023). Together, these benchmarks cover embodied control, web-based decision making, and
tool-augmented information seeking.

Baselines. We compare SEED with prompting, outcome-based RL, and distillation baselines.
Vanilla evaluates the instruction-tuned backbone without post-training, whereas Skill-Prompt pro-
vides natural-language skills only in the evaluation context. GRPO (Shao et al., 2024) optimizes
group-normalized trajectory rewards without auxiliary supervision. Skill-GRPO additionally con-
ditions the policy on skills during RL. We also include representative self-distillation and skill-
distillation methods: OPSD (Zhao et al., 2026), GRPO+OPSD, Skill-SD (Wang et al., 2026),
RLSD (Yang et al., 2026a), and SDAR (Lu et al., 2026). These comparisons distinguish the ef-
fects of outcome optimization, access to skill context, and dense teacher-derived supervision. An
asterisk denotes evaluation with skills; all other methods operate from the ordinary interaction his-
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Figure 3: Training dynamics on ALFWorld. We compare SEED and GRPO using Qwen2.5-
3B-Instruct as the backbone. Translucent curves show raw measurements, while solid curves show
13-point centered moving averages.

tory without privileged skill inputs at test time. We use matched backbones, rollout budgets, and
training schedules for all reproduced post-training baselines.

Evaluation Metrics. For ALFWorld, we report the success rate for each task family and their un-
weighted macro-average. For WebShop, we follow the environment protocol and report both the
mean normalized task-completion score and the exact success rate. For Search-based QA, we com-
pute answer accuracy separately on all seven subsets and report their unweighted macro-average.
All metrics are expressed as percentages, and higher values indicate better performance.

Implementation Details. We use Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct (Yang et al.,
2024), as well as Qwen3-1.7B-Instruct (Yang et al., 2025), as our backbone models. SFT stage:
For each backbone, we sample M = 180 training tasks and collect K0 = 8 rollout trajectories per
task, resulting in 1,440 completed trajectories. We then query GLM-5.2 (Z.ai, 2026) as an exter-
nal trajectory analyzer to extract hindsight skills from these trajectories. After lightweight format
validation, the retained trajectory–skill pairs are used to fine-tune the corresponding backbone for
three epochs. RL stage: The resulting SFT checkpoint initializes both the policy and the synchro-
nized trajectory analyzer. We train each model for 150 policy updates, using a batch size of 16 on
ALFWorld and WebShop and 128 on Search-based QA. The rollout group size is set to N = 8
for all benchmarks. Additional details on SFT data construction, skill annotation, optimization, and
hyperparameter settings are provided in Appendix B.4.

4.2 MAIN RESULTS

Table 1 reports the results across different model scales and agentic domains. Three findings emerge:

SEED consistently outperforms outcome-only RL through dense supervision. Relative to
GRPO, SEED improves the ALFWorld macro-average by 14.9-45.9 points, Search-based QA by
1.4-9.3 points, the WebShop task-completion score by 8.7-19.8 points, and the success rate by 5.5-
39.0 points across the three backbones. Compared with Skill-GRPO, which conditions exploration
on natural-language skills but still broadcasts a single terminal-reward-derived advantage to all valid
tokens, SEED further improves the ALFWorld average by 26.6-70.9 points, Search-based QA by 1.8-
11.6 points, the WebShop score by 9.3-13.7 points, and the success rate by 6.2-31.2 points. These
consistent improvements over both GRPO and Skill-GRPO demonstrate that dense token-level hind-
sight supervision provides more effective credit assignment than outcome-only optimization, leading
to substantially stronger performance across long-horizon agentic tasks.

Internalizing skills is substantially more effective than inserted prompts. Skill-Prompt, which
provides skills only during evaluation, underperforms SEED on every aggregate metric across all
three backbones. SEED also exceeds Skill-GRPO* in 11 of the 12 aggregate comparisons, despite

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

20 40 60 80 100
Training data (%)

20

40

60

80

100

Su
cc

es
s 

ra
te

 (%
)

SEED GRPO

>40% Data

80.7

75.0

Figure 4: Sample efficiency analysis. SEED
consistently outperforms GRPO across differ-
ent data fraction settings and surpasses full-data
GRPO using only 60% of the training data.

60 70 80 90 100
Success rate (%)

Avg

Pick

Look

Heat

Cool

Pick2

Clean

+15.3

+16.5

+18.3

+35.0

+13.5

+11.3

-2.9

GainSEED GRPO

Figure 5: Cross-domain generalizability on
ALFWorld Unseen. SEED generally outper-
forms GRPO across unseen task types, demon-
strating stronger cross-domain generalizability.

using no skill context during evaluation. These results indicate that hindsight skills are more effec-
tive when distilled into the policy than when supplied as additional context at inference time.

Self-evolving hindsight distillation is stronger than static self-distillation. Across the static dis-
tillation baselines, SEED achieves the best or tied best result in 10 of the 12 aggregate comparisons.
The advantage is clearest on ALFWorld, where SEED outperforms the strongest static baseline by
7.4 points with Qwen2.5-3B, 10.2 points with Qwen2.5-7B, and 38.1 points with Qwen3-1.7B. This
pattern supports the benefit of synchronizing the analyzer with the latest policy, so hindsight super-
vision adapts to the trajectories and failure modes encountered during training.

4.3 TRAINING DYNAMICS

Figure 3 compares the optimization dynamics of SEED and GRPO on ALFWorld. The success-
rate curves diverge early: by training step 40, SEED reaches roughly 57% while GRPO remains near
35%, and the advantage persists thereafter. SEED also reduces the mean episode length more quickly,
from approximately 28 turns to 13, compared with about 16 turns for GRPO at the end of training.
Because shorter trajectories coincide with higher success, this reduction reflects more efficient task
execution rather than premature termination. Together, these trends indicate that SEED improves
task completion and interaction efficiency by reducing unproductive exploration and learning more
direct solution strategies.

4.4 SAMPLE EFFICIENCY

Figure 4 shows that SEED consistently outperforms GRPO across all data fractions and can match
or surpass the performance of GRPO trained with substantially more data. Using only 60% of the
training instances, SEED achieves a score of 80.7, exceeding the 75.0 obtained by GRPO with the
full training set. Similarly, with 40% of the data, SEED reaches 58.9, closely matching GRPO
trained with twice as much data, which achieves 58.6 at the 80% setting. These results demonstrate
that SEED extracts more informative and effective supervision from each completed trajectory than
outcome-only RL based solely on terminal rewards. Detailed results are provided in Appendix C.1.

4.5 CROSS-DOMAIN GENERALIZATION

We further evaluate the 3B checkpoint trained with SEED and GRPO on the ALFWorld unseen
split. As shown in Figure 5, SEED increases the macro-average success rate from 70.9 to 86.2,
outperforming GRPO by 15.3 points and achieving better performance in five of the six task families.
The largest improvements are observed on Heat (+35.0), Look (+18.3), and Pick (+16.5). These
results indicate that the policy trained with SEED acquires reusable behavioral strategies that transfer
effectively to unseen environments, rather than merely memorizing the training trajectories. Detailed
results are provided in Appendix C.2.
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Table 2: Ablation Results. We report SEED performance and its ablated variants on ALFWorld.

ALFWorld

Method Pick Look Clean Heat Cool Pick2 Avg.

SEED 100.0 100.0 100.0 100.0 70.6 80.0 91.8
w/o Hindsight Skill SFT 97.6 81.8 92.6 90.0 84.2 70.0 86.0
w/o Self-Evolving OPD 93.3 70.0 96.9 84.6 76.9 100.0 87.0
w/o On-Policy Skill 97.1 62.5 100.0 61.9 75.0 84.2 84.4

4.6 ABLATION STUDIES AND ANALYSIS

Table 2 evaluates the contribution of the three core components of SEED.

The impact of hindsight-skill SFT. Removing hindsight-skill SFT decreases the ALFWorld aver-
age from 91.8 to 86.0, corresponding to a 5.8-point drop. This result shows that equipping the actor
and analyzer with an initial trajectory-analysis capability provides an important foundation for the
subsequent self-evolving training process.

The impact of self-evolving OPD. Removing self-evolving OPD reduces the average performance
to 87.0, a decrease of 4.8 points. This indicates that the one-time skill supervision introduced during
SFT is insufficient on its own, and that continuously distilling supervision from newly collected
trajectories is necessary to keep pace with the evolving policy.

The impact of on-policy skills. Replacing on-policy skills with skills from a static offline library
leads to the largest performance degradation, lowering the average to 84.4 by 7.4 points. This finding
highlights the importance of deriving guidance from the current policy’s own trajectories, as such
skills better reflect its evolving behaviors and failure modes.

Qualitative Analysis. Figure 6 presents a representative example of the behavioral differences
between GRPO and SEED. GRPO visits the target receptacle before locating the required object,
interacts with irrelevant objects, and repeatedly explores unproductive locations until reaching the
step limit. In contrast, SEED follows a more coherent and goal-directed trajectory: it searches
plausible storage locations, identifies the candle on the second shelf, and completes the task with
the correct placement action. The more direct trajectory exhibited by SEED is consistent with its
stronger performance and higher interaction efficiency reported in the preceding experiments.

5 CONCLUSION

We introduced SEED, a self-evolving on-policy distillation framework for long-horizon agentic rein-
forcement learning. SEED bridges sparse trajectory-level outcomes and token-level policy learning
by extracting hindsight skills from completed on-policy trajectories and distilling their behavioral
effects into dense supervision. The latest policy serves as both the actor and the analyzer, allowing its
behavior and the supervision derived from its experience to evolve together while remaining aligned
with the current trajectory distribution. Joint optimization with outcome-based RL enables the pol-
icy to internalize reusable guidance without relying on skills at inference time. Experiments across
embodied interaction, web navigation, search-based QA, visual reasoning and planning demonstrate
consistent performance improvements, sample efficiency, and robustness over powerful baselines.

REFERENCES

Rishabh Agarwal, Nino Vieillard, Yongchao Zhou, Piotr Stanczyk, Sabela Ramos, Matthieu Geist,
and Olivier Bachem. On-policy distillation of language models: Learning from self-generated
mistakes. In International Conference on Learning Representations, 2024. URL https://
arxiv.org/abs/2306.13649.

Marcin Andrychowicz, Filip Wolski, Alex Ray, Jonas Schneider, Rachel Fong, Peter Welinder, Bob
McGrew, Josh Tobin, OpenAI Pieter Abbeel, and Wojciech Zaremba. Hindsight experience re-
play. Advances in neural information processing systems, 30, 2017.

11

https://arxiv.org/abs/2306.13649
https://arxiv.org/abs/2306.13649


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

A trajectory of an agent trained with GRPO

Task: put a candle in toilet.
[Step 1]
Observation: -= Welcome to TextWorld, ALFRED! =- You are in the middle of a room. 
Looking quickly around you, you see a bathtubbasin 1, a garbagecan 1, a handtowelholder
1, a shelf 3, a shelf 2, a shelf 1, a sinkbasin 1, a toilet 1, a toiletpaperhanger 1, and a 
towelholder 1.
Reasoning: I need to find a candle first. Given I don't know where it is, I'll start by checking 
the easily accessible places like the toilet, shelves, handtowelholder, and garbage can. 
Since finding a candle is a priority, I will prioritize checking these locations. If I do not find a 
candle among these places, I can then check other locations.
Action: go to toilet 1

A trajectory of an agent trained with SEED

Task: put a candle in toilet.
[Step 1]
Observation: -= Welcome to TextWorld, ALFRED! =- You are in the middle of a room. 
Looking quickly around you, you see a bathtubbasin 1, a garbagecan 1, a handtowelholder
1, a shelf 3, a shelf 2, a shelf 1, a sinkbasin 1, a toilet 1, a toiletpaperhanger 1, and a 
towelholder 1.
Reasoning: I need to find a candle first. The candle is not listed in the initial observation, 
but it's a common object that might be found on shelves or in a cabinet. Let's check 
shelves and cabinets.
Action: go to shelf 1 [Choose plausible place]

[Step 8]
Observation: You arrive at toilet 1. On the toilet 1, you see a soapbar 3, a toiletpaper 3, 
and a toiletpaper 2.
Reasoning: Given the observations and admissible actions, there‘s no other soap, but 
there is a toilet paper and soapbar. However, there’s no way to get a candle through these 
options. We need to find more options to achieve our goal. Until now…
Action: take toiletpaper 2 from toilet 1

[Final placement]

[Step 13]
Observation: You arrive at toiletpaperhanger 1. On the toiletpaperhanger 1, you see 
nothing.
Reasoning: As we currently have an investigation of the toilet 1 and have nothing yet in 
the toilet, continuing there seems the most efficient course. The observation of an empty 
toiletpaperhanger 1 lends to try out placing the toiletpaper 2 on the toilet. After which, we 
can go back examining if the toiletpaper has been secured properly.
Action: move toiletpaper 2 to toiletpaperhanger 1

[Hallucinated target]

[Step 14-30]
The agent repeatedly moves among the toilet, shelf, sinkbasin, and toiletpaperhanger. It 
never finds or picks up a candle, and finally takes another toiletpaper item at Step 30.

[Step 2]
Observation: You arrive at shelf 1. On the shelf 1, you see a soapbottle 2, and a 
spraybottle 1.
Reasoning: First, we need to find a candle. The candle is not listed in the initial 
observation, so we should search the environment for it. The shelf 1 contains soap and a 
spray bottle, so it's not a good place to start. We should systematically check other 
locations like the shelf 2, shelf 3, garbage can, sink basin, toilet, and other shelves for the 
candle.
Action: go to shelf 2

[Off-task action]

[Step 3]
Observation: You arrive at shelf 2. On the shelf 2, you see a candle 1, a soapbar 1, a 
soapbottle 1, and a tissuebox 1.
Reasoning: First, I need to take the candle from the shelf and then place it in the toilet. I 
will take the candle and then go to the toilet to put it inside.
Action: take candle 1 from shelf 2 [Find target object]

[Step 5]
Observation: You arrive at toilet 1. On the toilet 1, you see a soapbar 3, a toiletpaper 3, 
and a toiletpaper 2.
Reasoning: I need to place the candle in the toilet. First, I should go to the toilet and then 
take the candle, finally placing it inside the toilet bowl.
Action: move candle 1 to toilet 1

Figure 6: Qualitative comparison on ALFWorld. For the task “put a candle in toilet,” the GRPO-
trained agent searches the target receptacle before locating the candle, takes an irrelevant toilet-paper
item, and then enters an off-task loop. In contrast, SEED systematically checks plausible shelves,
finds the candle, and completes the required placement in five steps.
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A THEORETICAL ANALYSIS

This section formalizes three properties of SEED that mirror the requirements identified in Sec-
tion 1: the hindsight supervision is on-policy, dense, and self-evolving. Specifically, we show that
(i) synchronized on-policy hindsight induces an occupancy-matched adaptive target, (ii) the OPD
term provides decision-specific credit even when outcome-based group advantages are uninforma-
tive, and (iii) refreshing the shared analyzer controls the staleness of the auxiliary gradient as the
policy changes. These are local statements about the structure and freshness of the SEED update;
they do not by themselves imply monotonic return improvement, which additionally requires the
generated hindsight skills to be behaviorally informative.

Notation. Consider outer iteration k. At the beginning of the iteration, the current checkpoint
is frozen as the behavior policy πk = πθk and also instantiates the trajectory analyzer Ak. Let
C denote an ordinary autoregressive context at a valid action-token position, and let dk(c) be the
normalized token-context occupancy induced by πk and the environment. Conditional on C = c,
the realized rollout token Y is sampled as

Y ∼ πk(· | c).

After the complete trajectory τ is observed, the synchronized analyzer produces the hindsight skill
S = Ak(xτ ). We overload H(c, S) to denote the skill-augmented version of c, with the same
action-token prefix as in the ordinary context. At update initialization, define the detached skill gate

gk(c, v, S) = σ(βopd [log πk(v | H(c, S))− log πk(v | c)]) . (2)

Importantly, S is generated from the complete trajectory and can therefore depend on the realized
token Y , the subsequent rollout, environment feedback, and analyzer decoding. To preserve this
dependence, we define the conditional expected gate

wk(c, v) = E[gk(C, Y, S) | C = c, Y = v] , (3)

where the expectation is over the future trajectory, environment randomness, and any analyzer ran-
domness. Standard softmax policies have full support, and the sigmoid lies strictly between zero
and one, so 0 < wk(c, v) < 1. We state the results at θ = θk, where the behavior, analyzer, teacher
branch, and student branch are synchronized. The adaptive-target identity below extends to an inner
optimization step by replacing Eq. 2 with its current detached numerical value while retaining the
same behavior occupancy dk.

A.1 ON-POLICY HINDSIGHT PRODUCES AN OCCUPANCY-MATCHED ADAPTIVE TARGET

The first result characterizes the expected OPD direction and makes explicit why the source trajec-
tories should be generated by the current policy. Rather than imitating every sampled token equally,
SEED reweights the current policy according to how strongly its own hindsight skill supports each
action.
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Proposition 1 (Occupancy-matched hindsight target). For every context c, define

Zk(c) =
∑
v∈V

πk(v | c)wk(c, v), rk(v | c) = πk(v | c)wk(c, v)

Zk(c)
. (4)

Then 0 < Zk(c) < 1, rk(· | c) is a probability distribution, and the expected OPD gradient at
update initialization satisfies

∇θLopd,k(θ)|θ=θk
= Ec∼dk

[
Zk(c) ∇θDKL (rk(· | c) ∥πθ(· | c))|θ=θk

]
. (5)

Thus, the OPD update is a Monte Carlo estimate of distillation toward a skill-reweighted target on
the current policy’s own token-context occupancy.

Moreover, let µk be the joint distribution of a completed trajectory and one of its valid token samples,
and let ϕk,θ(x) be the detached per-token OPD gradient obtained by analyzing sample x with the
current analyzer Ak. If ∥ϕk,θ(x)∥2 ≤ G for all relevant x, then replacing current on-policy samples
by samples from an earlier distribution µj incurs∥∥Ex∼µk

[ϕk,θ(x)]− Ex∼µj
[ϕk,θ(x)]

∥∥
2
≤ 2G TV(µk, µj). (6)

If µk is absolutely continuous with respect to µj , Pinsker’s inequality further gives∥∥Eµk
[ϕk,θ]− Eµj

[ϕk,θ]
∥∥
2
≤ G

√
2DKL(µk∥µj). (7)

Proof. Because 0 < wk(c, v) < 1 and πk(· | c) is normalized, Eq. 4 gives 0 < Zk(c) < 1 and∑
v rk(v | c) = 1. In Eq. 1, both the teacher log-probability and the gate are detached, so only the

ordinary student log-probability contributes to the gradient. Conditioning first on C = c and Y = v,
and then using Eq. 3, yields

∇θLopd,k(θ)|θ=θk

= −Ec∼dk

[∑
v∈V

πk(v | c)wk(c, v) ∇θ log πθ(v | c)|θ=θk

]

= −Ec∼dk

[
Zk(c)

∑
v∈V

rk(v | c) ∇θ log πθ(v | c)|θ=θk

]
,

which is Eq. 5, since the entropy of the detached target rk has zero gradient.

For Eq. 6, use the dual representation of the Euclidean norm and the variational characterization of
total variation. For any unit vector u,∣∣Eµk

[u⊤ϕk,θ]− Eµj
[u⊤ϕk,θ]

∣∣ ≤ 2G TV(µk, µj),

because |u⊤ϕk,θ(x)| ≤ G. Taking the supremum over u proves Eq. 6. Equation 7 follows from
TV(µk, µj) ≤

√
DKL(µk∥µj)/2.

Equation 4 separates the two roles of the first SEED requirement. The factor dk(c) makes supervision
occupancy matched: it focuses learning on contexts, actions, and failure modes actually visited by
the current policy. Within each such context, wk(c, v) makes supervision skill selective: actions that
are more strongly supported by the trajectory-specific hindsight skill receive greater relative mass.
In particular,

rk(u | c)
πk(u | c)

>
rk(v | c)
πk(v | c)

⇐⇒ wk(c, u) > wk(c, v).

The mismatch bounds show the complementary point: even if the same current analyzer is applied
to old trajectories, a stale behavior distribution can bias the auxiliary direction in proportion to
its divergence from the current trajectory-token distribution. On-policy collection sets this data-
distribution mismatch to zero at the rollout stage.

The target also admits a useful value interpretation. Let Qk(c, v) be the expected task return after
choosing token v at context c and following the current policy thereafter. Then

Ev∼rk(·|c)[Qk(c, v)]− Ev∼πk(·|c)[Qk(c, v)] =
Covv∼πk(·|c)(Qk(c, v), wk(c, v))

Zk(c)
. (8)
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Therefore, whenever hindsight support is positively correlated with current-policy action value, the
reweighted target has higher local expected value than the unweighted policy. This condition makes
explicit what the theorem does and does not assume: SEED converts hindsight support into an on-
policy target, while the empirical benefit depends on the generated skills assigning greater support
to better decisions.

A.2 DENSE SKILL CREDIT REMAINS INFORMATIVE UNDER SPARSE OR TIED REWARDS

Outcome-based RL assigns the same trajectory-level advantage to every valid action token in a
rollout. Consequently, it cannot distinguish a locally useful decision from a harmful one within the
same trajectory, and its reward-driven signal disappears completely when all outcomes in a group
are tied. The next result shows that the skill-conditioned OPD term can remain non-degenerate in
exactly this regime.
Proposition 2 (Decision-specific signal under reward ties). Consider a rollout group in which every
trajectory has the same outcome. Then Arl

q,n,t,ℓ = 0 for every valid token, and the clipped reward-
driven term in Eq. 3.3 has zero gradient. Fix a current-policy context c, parameterize the ordinary
student distribution as pz(· | c) = softmax(z(c)), and define the conditional expected OPD loss up
to detached constants by

Lopd,k,c(z) = −
∑
v∈V

πk(v | c)wk(c, v) log pz(v | c). (9)

At update initialization, where pz(· | c) = πk(· | c),

∂Lopd,k,c

∂z(c, v)
= πk(v | c) [Zk(c)− wk(c, v)] . (10)

Furthermore, with the inverse-policy weighted norm

∥a∥2
π−1
k

=
∑
v∈V

a(v)2

πk(v | c)
,

the gradient magnitude satisfies the exact identity∥∥∇z(c)Lopd,k,c

∥∥2
π−1
k

= Varv∼πk(·|c) [wk(c, v)] . (11)

Hence the OPD gradient is nonzero if and only if the expected hindsight gate is non-constant over
candidate tokens with positive current-policy probability.

Proof. If all group outcomes are identical, then R(τ
(n)
q ) − µq = 0 for every rollout, so the group-

relative advantage in Eq. 3.3 is zero. The clipped surrogate therefore contributes no reward-derived
policy gradient; the separate KL regularizer may still contribute a gradient, but it does not provide
task-outcome credit.

For the OPD term, the softmax derivative gives

∂[− log pz(u | c)]
∂z(c, v)

= pz(v | c)− 1{u = v}.

Applying this identity to Eq. 9 and setting pz = πk yields

∂Lopd,k,c

∂z(c, v)
=

(∑
u

πk(u | c)wk(c, u)

)
πk(v | c)− πk(v | c)wk(c, v)

= πk(v | c) [Zk(c)− wk(c, v)] ,

which proves Eq. 10. Substituting this gradient into the weighted norm gives∥∥∇z(c)Lopd,k,c

∥∥2
π−1
k

=
∑
v

πk(v | c) [wk(c, v)− Zk(c)]
2

= Varv∼πk(·|c) [wk(c, v)] ,

because Zk(c) = Ev∼πk
[wk(c, v)]. The variance is zero exactly when wk(c, v) is constant πk-almost

surely.
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Equations 10–11 formalize the dense credit supplied by SEED. Tokens with wk(c, v) > Zk(c)
receive a negative logit derivative and are promoted by gradient descent, whereas tokens with
wk(c, v) < Zk(c) are relatively suppressed. Thus, although every gate value is nonnegative, soft-
max normalization converts variation in hindsight support into signed relative credit over candidate
decisions. The variance in Eq. 11 quantifies the strength of this token-level signal: the more the
hindsight skill discriminates among alternatives, the larger the OPD update can be. This establishes
informativeness, not automatic correctness; whether the signal favors better actions is characterized
by the value-alignment covariance in Eq. 8.

The tied-reward case is the sharpest contrast, but the distinction is more general. GRPO broadcasts
one scalar Arl

q,n across all valid tokens in a trajectory, while SEED assigns a context- and token-
dependent coefficient through wk(c, v). It can therefore preserve useful local behaviors in failed
trajectories and attenuate locally inefficient choices in successful trajectories, even when the terminal
reward alone cannot identify those decisions.

A.3 SELF-EVOLVING SYNCHRONIZATION CONTROLS ANALYZER STALENESS

The final requirement concerns the source of the hindsight itself. A fixed analyzer or one-time
skill dataset may be informative early in training but can become mismatched to the capabilities,
strategies, and failure modes of a later policy. We quantify this mismatch by its effect on the detached
OPD gate and hence on the auxiliary gradient.

For a completed token sample x = (τ, c, v) from the current distribution µk, let sr(x) = Ar(xτ ) be
the skill produced by an analyzer checkpoint from iteration r. Holding the current policy πk fixed
for this comparison, define

∆k,r(x) = log πk(v | H(c, sr(x)))− log πk(v | c), gk,r(x) = σ(βopd∆k,r(x)) . (12)

The first index identifies the policy whose probabilities are re-scored, while the second identifies
the analyzer that supplies the skill. For a fixed trainable parameter θ, define the resulting expected
auxiliary gradient on current trajectories as

Uk(Ar; θ) = −Ex∼µk
[gk,r(x)∇θ log πθ(v | c)] . (13)

Proposition 3 (Analyzer-staleness bound). Assume ∥∇θ log πθ(v | c)∥2 ≤ G for all relevant
current-policy token samples. Then the discrepancy between the OPD gradient induced by the syn-
chronized analyzer Ak and that induced by an earlier analyzer Aj satisfies

∥Uk(Ak; θ)− Uk(Aj ; θ)∥2 ≤ GEx∼µk
[|gk,k(x)− gk,j(x)|]

≤ βopdG

4
Ex∼µk

[|∆k,k(x)−∆k,j(x)|] .
(14)

In particular, using the analyzer instantiated from the current checkpoint sets this cross-iteration
analyzer mismatch to zero at the rollout-and-analysis stage.

Proof. Subtract Eq. 13 for r = k and r = j, apply Jensen’s inequality, and use the score-norm
bound:

∥Uk(Ak; θ)− Uk(Aj ; θ)∥2
≤ Ex∼µk

[|gk,k(x)− gk,j(x)| ∥∇θ log πθ(v | c)∥2]
≤ GEx∼µk

[|gk,k(x)− gk,j(x)|] .

Because supz σ
′(z) = 1/4, the map z 7→ σ(βopdz) is βopd/4-Lipschitz. Applying this fact point-

wise to Eq. 12 proves the second inequality.

Proposition 3 measures analyzer staleness in the quantity that directly affects learning: the change
in skill-induced log-probability shift on the current policy’s own trajectories. It does not require
parameter distance between analyzers to be meaningful, nor does it assume that the updated analyzer
is always more accurate. Instead, it states that if an old and a current analyzer produce skills with
different behavioral implications, their OPD gradients can differ accordingly. The factor βopd/4
also exposes a trade-off: a sharper gate more strongly separates supported and unsupported tokens,
but is correspondingly more sensitive to stale skill-induced shifts.
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Combining the data and analyzer effects gives a compact decomposition of the two synchronization
mechanisms. At a fixed current policy πk and trainable parameter θ, let Uk,θ(µ,Ar) denote Eq. 13
with samples drawn from µ. Under the same score-norm bound,

∥Uk,θ(µk,Ak)− Uk,θ(µj ,Aj)∥2

≤ 2G TV(µk, µj) +
βopdG

4
Ex∼µj [|∆k,k(x)−∆k,j(x)|] .

(15)

The first term is experience staleness, controlled by collecting trajectories on-policy; the second is
supervision staleness, controlled by refreshing the analyzer from the latest shared checkpoint. At
each outer iteration, SEED uses the synchronized pair (µk,Ak), so both cross-iteration mismatch
terms are reset at data generation. During the subsequent inner policy optimization, the analyzer
remains fixed at Ak; therefore, the claim is not that analyzer lag is identically zero at every optimizer
step, but that any within-update lag is discarded when trajectories and skills are regenerated from
the next policy checkpoint.

Taken together, Propositions 1, 2, and 3 provide a one-to-one theoretical counterpart to the three
design requirements in Section 1. On-policy collection aligns the auxiliary objective with the cur-
rent policy’s visited distribution, dense skill-conditioned re-scoring supplies token-specific credit
beyond terminal outcomes, and the self-evolving shared analyzer prevents the hindsight target from
remaining permanently tied to an earlier policy checkpoint.

B ADDITIONAL EXPERIMENTAL DETAILS

This section provides additional experimental details, including the datasets, baseline methods, the
complete SEED algorithm and representative extracted skills, and the implementation details of our
method.

B.1 DATASETS

Our experiments cover three representative forms of long-horizon agentic interaction: embodied
household reasoning, web navigation, and search-augmented question answering. Table 3 summa-
rizes the benchmarks and the data sizes used for SFT, RL training, and evaluation.

Table 3: Detailed information on the agentic benchmarks and training data.

Domain Benchmark(s) #SFT Train
Samples

#RL Train
Samples

#Test
Samples

Embodied
Reasoning ALFWorld 180 2,400 140 (seen)

134 (unseen)

Web
Navigation WebShop 180 2,400 128

Search-Augmented
QA

NQ · TriviaQA · PopQA
HotpotQA · 2WikiMultiHopQA
MuSiQue · Bamboogle

180 19,200 51,713

ALFWorld. ALFWorld (Shridhar et al., 2021) exposes household environments derived from AL-
FRED through a text-based interaction interface. Given a natural-language instruction and a se-
quence of textual observations, the agent must select admissible actions to accomplish the speci-
fied household goal. We evaluate six task categories: Pick, Look, Clean, Heat, Cool, and Pick2.
We report the main results on the 140-task seen split and use the 134-task unseen split for out-of-
distribution evaluation.

WebShop. WebShop (Yao et al., 2022) evaluates agents in an interactive e-commerce environ-
ment. For each user request, the agent searches the product catalog, examines candidate items, se-
lects the required attributes, and attempts to complete a purchase satisfying the specified constraints.
The benchmark provides a normalized task-completion score for partial constraint satisfaction and
a binary success metric for exact completion. We evaluate all methods on 128 test samples.
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Search-Augmented QA. Following the Search-R1 protocol (Jin et al., 2025), we construct the
search-based QA setting from seven datasets: Natural Questions (Kwiatkowski et al., 2019), Trivi-
aQA (Joshi et al., 2017), PopQA (Mallen et al., 2023), HotpotQA (Yang et al., 2018), 2WikiMulti-
HopQA (Ho et al., 2020), MuSiQue (Trivedi et al., 2022), and Bamboogle (Press et al., 2023). The
agent may issue search queries, inspect retrieved documents, and synthesize the collected evidence
before returning its final answer. The combined evaluation set contains 51,713 questions.

Training data configuration. For the SFT stage, we select 180 tasks from the training split of
each benchmark setting. Each selected task is executed with 8 independent rollouts, yielding 1,440
trajectories for constructing the corresponding trajectory–skill training set. The subsequent RL stage
uses 2,400 training instances for ALFWorld, 2,400 for WebShop, and 19,200 for Search-Augmented
QA. SFT data construction and RL optimization are performed separately for each benchmark con-
figuration.

B.2 BASELINES

We compare SEED against three categories of baselines: prompting-only methods, outcome-based
reinforcement learning methods, and self-distillation or skill-distillation methods. Unless a method
is marked with an asterisk, evaluation is conducted using only the standard task prompt and the
interaction history returned by the environment. The superscript ∗ indicates that a natural-language
skill is additionally supplied during validation or testing, while the backbone model and evaluation
setting remain unchanged.

Prompting-only methods.

• Vanilla. We directly evaluate the original instruction-tuned backbone without performing
any additional post-training. The agent receives the default environment prompt together
with the observation–action history accumulated during interaction.

• Skill-Prompt∗. This baseline uses the same frozen parameters as Vanilla, but appends a
retrieved task-relevant skill to the model context during validation and testing. Since no
parameter optimization is involved, this comparison measures the benefit of using natural-
language skills purely as inference-time guidance.

Outcome-based reinforcement learning.

• GRPO (Shao et al., 2024). GRPO is a critic-free reinforcement learning algorithm that sam-
ples multiple trajectories for each task and normalizes their scalar outcome rewards within
the rollout group to obtain relative advantages. Each valid token in a trajectory is optimized
using the corresponding sequence-level advantage and a clipped importance-ratio objective.
In our implementation, GRPO relies solely on terminal environment rewards and does not
use process-level annotations, teacher predictions, or skill-conditioned supervision.

• Skill-GRPO. This variant retains the standard GRPO optimization objective while intro-
ducing a task-relevant natural-language skill into the policy context during both rollout
collection and parameter updates. The skill can therefore affect the policy’s exploration
behavior and the trajectories subsequently reinforced by the outcome reward. It is removed
during validation and testing, allowing us to assess whether the training-time guidance has
been internalized by the policy.

• Skill-GRPO∗. This baseline follows the same training procedure as Skill-GRPO, but con-
tinues to provide the skill during validation and testing. It therefore maintains consistent
skill conditioning across training and evaluation.

Self-distillation and skill-distillation methods.

• OPSD (Zhao et al., 2026). OPSD derives student and teacher branches from the same un-
derlying model while conditioning them on different contexts. The student generates trajec-
tories from the ordinary task context, whereas the teacher additionally observes privileged
information available only during training. The teacher then re-scores the student’s sampled
tokens and produces dense token-level targets through distribution matching. Teacher-side
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outputs are detached from gradient computation, and the privileged context is not used at
inference time.

• GRPO+OPSD. This baseline jointly optimizes the trajectory-level GRPO loss and the
token-level OPSD objective. Environment rewards provide outcome-based supervision
for complete trajectories, while OPSD contributes dense guidance at individual token po-
sitions. It serves as a controlled comparison for determining whether a straightforward
combination of outcome-based RL and generic on-policy self-distillation is sufficient.

• Skill-SD (Wang et al., 2026). Skill-SD adapts self-distillation to multi-turn agent training by
representing completed experience as compact natural-language skills. During optimiza-
tion, a retrieved skill is supplied only to the teacher branch, while the student continues
to operate from the ordinary task context. The student is therefore trained to absorb the
behavioral guidance conveyed by the skill-conditioned teacher without requiring explicit
skills during evaluation.

• RLSD (Yang et al., 2026a). RLSD employs a privileged self-teacher to refine token-level
credit assignment within reinforcement learning. Rather than introducing an independent
distribution-matching objective, it converts the teacher–student log-probability gap into a
bounded coefficient that adjusts the magnitude of each token’s GRPO update. The sign
of the update remains determined by the environment-derived advantage, meaning that the
privileged teacher controls update strength but not the reinforcement direction. The self-
distillation contribution is emphasized early in training and gradually reduced toward the
standard GRPO objective.

• SDAR (Lu et al., 2026). SDAR preserves GRPO as the main outcome-optimization objec-
tive and adds a separately gated self-distillation loss. A privileged teacher branch evaluates
the student’s on-policy tokens under an augmented context, while a bounded gate con-
trols the contribution of each teacher signal. The gate may depend on student uncertainty
and the detached teacher–student log-probability difference, strengthening reliable posi-
tive guidance and reducing the influence of potentially noisy signals. In contrast to RLSD,
SDAR leaves the original GRPO advantage unchanged and applies its gating mechanism
only to the auxiliary distillation term.

For all reproduced post-training baselines, we use the same backbone models and environment in-
terfaces as SEED. Whenever supported by the corresponding method, we also align the task batch
size, rollout budget, rollout group size, number of policy updates, and evaluation protocol. The re-
sulting comparisons primarily differ in their optimization objectives and in whether skills or other
privileged information are available during training or evaluation.

B.3 ALGORITHM AND EXTRACTED SKILL EXAMPLES

Algorithm 1 summarizes the self-evolving training loop. At each update, the frozen snapshot πθold
both collects trajectories and analyzes the completed interactions. The current trainable policy πθ

then re-scores the same sampled tokens under ordinary and skill-augmented contexts; gradients
flow only through the ordinary branch. The resulting OPD loss is optimized jointly with the KL-
regularized GRPO objective before the updated policy becomes the next snapshot.

Table 4 provides representative skills extracted from successful and failed trajectories across ALF-
World, WebShop, and Search-based QA.

B.4 IMPLEMENTATION DETAILS

Benchmark metrics. We adopt benchmark-specific measures following the corresponding eval-
uation protocols. For ALFWorld, let SRc denote the success rate on task category c. The overall
result assigns equal weight to all six categories and is computed as

ALFWorld-Avg =
1

6

6∑
c=1

SRc. (16)
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Algorithm 1 SEED: Self-Evolving On-Policy Distillation
Require: SFT-initialized policy πθsft , task set Q, fixed reference policy πref , context function H , group size

N , gate sharpness βopd, KL coefficient βKL, OPD coefficient λopd, clip parameter ϵclip, learning rate η
Ensure: Trained policy πθ

1: θ ← θsft
2: for each policy update do
3: θold ← θ
4: Sample a task batch B ⊂ Q
5: // On-policy experience and synchronized skill analysis
6: for each task q ∈ B do
7: Sample Gq = {τ (n)

q }Nn=1 with τ
(n)
q ∼ πθold(· | q)

8: Compute µq and σq from {R(τ
(n)
q )}Nn=1

9: for each trajectory τ
(n)
q ∈ Gq do

10: Arl
q,n ← (R(τ

(n)
q )− µq)/(σq + ϵ)

11: s
(n)
q ← Aθold(xτ

(n)
q

)

12: for each action step t in τ
(n)
q do

13: h̃q,n,t ← H(hq,n,t, s
(n)
q )

14: Cache ℓoldq,n,t,ℓ for all valid sampled tokens ℓ
15: end for
16: end for
17: end for
18: // Paired contextual re-scoring and joint optimization
19: for each optimization minibatch of valid sampled tokens do
20: Evaluate ℓskillq,n,t,ℓ and ℓθq,n,t,ℓ using the current πθ

21: ∆q,n,t,ℓ ← sg[ℓskillq,n,t,ℓ − ℓθq,n,t,ℓ]
22: gq,n,t,ℓ ← σ(βopd∆q,n,t,ℓ)
23: ρq,n,t,ℓ(θ)← exp(ℓθq,n,t,ℓ − ℓoldq,n,t,ℓ)

24: Compute the clipped GRPO loss Lrl from ρ, Arl, and ϵclip
25: Lopd ← E[m · g · (sg[ℓskill]− ℓθ)]
26: LSEED ← Lrl + λopdLopd

27: θ ← θ − η∇θLSEED

28: end for
29: end for

For Search-based QA, we use a dataset-balanced aggregate rather than pooling all questions together.
Denoting the accuracy on dataset d by Accd, the reported score is

Search-Avg =
1

7

7∑
d=1

Accd. (17)

For WebShop, we report two complementary metrics. Score measures the degree of task completion
by reflecting how fully the purchased product satisfies the requirements specified in the user request;
the normalized scores are averaged and scaled by 100. Succ. denotes the percentage of episodes in
which all requirements are satisfied and the task is completed exactly.

External analyzer at the SFT stage. To construct the trajectory–skill supervision for SFT, we
serialize each completed rollout into a structured record comprising the task instruction, the full in-
teraction trajectory, and the terminal outcome. The external analyzer then examines the completed
episode and produces a natural-language hindsight skill. The analyzer is used exclusively for offline
skill annotation and does not participate in trajectory collection, which is carried out by the corre-
sponding backbone model itself. We instantiate the external analyzer with GLM-5.2 (Z.ai, 2026),
set the temperature to 0.0, and limit the maximum response length to 4,096 tokens. The complete
prompt used for hindsight-skill annotation is provided in Figure 10.

Actor and analyzer prompts at the RL stage. During Stage 2, the actor follows the standard
environment-interaction prompt for the corresponding benchmark; the prompt used for ALFWorld
is shown in Figure 11. The analyzer uses the same trajectory-analysis prompt as in the SFT stage,
as presented in Figure 10.
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Table 4: Episode-level skills extracted by the trajectory analyzer. For each dataset, we present
one successful and one failed trajectory. Skills derived from successful episodes capture reusable
workflows, whereas those derived from failed episodes distill actionable failure-avoidance rules.

Outcome Task Episode-level skill

ALFWorld
Success clean some spatula and put it in

diningtable.
Workflow: When tasked to clean and place an object, first
locate the target object, take it to a cleaning station, clean
it, and finally move it to the target location.

Failure put a clean spatula in drawer. Avoid moving an object to the target location before
verifying both inventory and required object state.
Confirm the object is held and already satisfies required
conditions such as cleanliness; avoid repeatedly moving
objects without checking state or placement success.

WebShop
Success Find me women’s jumpsuits,

rompers & overalls with button
closure, quality polyester,
polyester spandex, long sleeve for
daily wear with color: hot pink,
and size: x-large, and price lower
than $40.00 dollars.

Workflow: Use a structured search query covering all
required attributes, choose a result matching the core
product category, then verify and select required options
such as color and size before clicking Buy Now.

Failure Find me machine wash men’s
dress shirts with polyester
heathers, heathers cotton, cotton
heather, needle sleeve, classic fit
with color: navy, and fit type:
youth, and size: 3x-large, and
price lower than $50.00 dollars.

Avoid clicking irrelevant search results or purchasing
partial matches. If results do not match the target product
type, reformulate the query; on the product page, select
each required attribute once and verify material, color,
size, fit, and price before Buy Now.

Search
Success Tie a Yellow Ribbon is the third

album by American popular
music group Dawn (Michael
Anthony Orlando Cassavitas,
Telma Hopkins & Joyce Vincent
Wilson) released in which year?

Workflow: For a specific factual query, search the exact
query, then extract and verify the answer directly from the
search results before responding.

Failure Le Juge is a comic whose story is
inspired by a man who called
himself what?

Avoid prematurely inferring an answer from search results
that do not directly address the core query. First verify the
relevant entity/relation, then extract the requested
attribute.

Training hyperparameters. Table 5 records the training hyperparameters that are required for
exact reproduction.

Computing details. Training is conducted on 8 Nvidia A800 80G GPUs.

C SUPPLEMENTARY RESULTS

C.1 DETAILED SAMPLE EFFICIENCY COMPARISON

Table 6 provides the full comparison across five training data fractions on ALFWorld and WebShop.
SEED outperforms GRPO at every fraction on both benchmarks. On ALFWorld, the gains range
from 13.4 to 30.2 points. With only 60% of the data, SEED reaches 80.7, exceeding the 75.0 achieved
by GRPO with the full dataset. On WebShop, SEED improves performance by 5.5 to 15.6 points and
reaches 75.0 with 80% of the data, compared with 63.3 for GRPO trained on the full dataset. These
results show that dense hindsight supervision makes more effective use of collected trajectories and
remains beneficial as the training set grows.
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Table 5: Training hyperparameters for SEED.

Hyperparameter Value

Training steps 150
Training batch size 16 for ALFWorld and WebShop; 128 for Search
Rollout group size N 8
Learning rate 1× 10−6

PPO clip parameter ϵclip 0.2
Sharpbess of OPD gate βopd 5.0
OPD loss coefficient λopd 0.01
KL coefficient βKL 0.01
Maximum prompt length 2,048 for ALFWorld ; 4,096 for WebShop and Search
Response lengths 512
Maximum interaction steps 30 for ALFWorld, 15 for WebShop, and 4 for Search.

Table 6: Sample efficiency comparison on ALFWorld and WebShop. We report performance
using different proportions of the available training data. SEED consistently outperforms GRPO
across both benchmarks, while ∆ denotes the absolute performance improvement over GRPO.

Method 20% 40% 60% 80% 100%

ALFWorld
GRPO 27.3 42.2 56.3 58.6 75.0
SEED 40.7 58.9 80.7 88.8 91.8
∆ +13.4 +16.7 +24.4 +30.2 +16.8

WebShop
GRPO 31.3 45.3 57.0 63.6 63.3
SEED 37.5 53.1 62.5 75.0 78.9
∆ +6.2 +7.8 +5.5 +11.4 +15.6

C.2 CROSS-DOMAIN GENERALIZATION

Table 7 reports results for each task family on ALFWorld Unseen. SEED improves the average
success rate from 70.9 to 86.2 and outperforms GRPO on five of the six families. The largest gain
occurs on Heat, where the success rate increases by 35.0 points. Improvements are also substantial
on Look and Pick, reaching 18.3 and 16.5 points, respectively. Although performance on Clean
decreases by 2.9 points, the broad gains across the remaining families indicate that SEED learns
reusable behavioral guidance that transfers beyond the training environments.

Table 7: Cross-domain generalization results on ALFWorld Unseen. Using Qwen2.5-3B-
Instruct as the backbone, we evaluate performance on six unseen task categories. SEED outperforms
GRPO on five categories and increases the average success rate by 15.3 percentage points.

ALFWorld Unseen

Method Pick Look Clean Heat Cool Pick2 Avg.

ReAct 17.4 6.7 8.8 7.4 9.1 0.0 8.2
GRPO 73.9 60.0 82.4 59.3 72.7 76.9 70.9
SEED 90.4 78.3 79.5 94.3 86.2 88.2 86.2
∆ +16.5 +18.3 -2.9 +35.0 +13.5 +11.3 +15.3
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[Step1] right [Step2] right [Step3] up [Step4] right [Step5] down [Step6] down

Figure 7: A representative trajectory on Sokoban. The sequence shows six consecutive actions
executed by the agent. Arrows indicate the temporal progression of the trajectory, and the action
taken at each step is displayed below the corresponding observation.

C.3 MULTIMODAL EXTENSION

To examine whether SEED extends beyond text-only interaction, we evaluate Qwen2.5-VL-3B-
Instruct (Bai et al., 2025) on two vision-based agentic benchmarks. Sokoban (Schrader, 2018)
presents each state as a 6 × 6 visual grid containing the player, boxes, walls, and target locations.
The agent must navigate the grid and push every box onto a target. Since boxes cannot be pulled,
a poor push may create an irreversible dead end. The task therefore tests visual state tracking and
long-horizon spatial planning. EZPoints from Gym Cards (Zhai et al., 2024) presents two playing
cards together with a partially constructed expression. At each step, the agent selects a card value
or an arithmetic operator to build an expression that evaluates to 12, using each card exactly once.
This task couples fine-grained card recognition with sequential arithmetic reasoning.

As shown in Table 8, SEED achieves success rates of 82.0% on Sokoban and 100.0% on EZPoints.
It improves over GRPO by 14.9 and 13.1 points, respectively, raising the average success rate from
77.0% to 91.0%. ReAct reaches only 7.4% on average, which highlights the need for policy learning
in these visually grounded tasks. The consistent gains across spatial planning and visual arithmetic
show that SEED can turn multimodal trajectories into useful hindsight supervision and internalize
that guidance through self-evolving OPD, without skill prompts during evaluation. Figure 7 presents
a step-by-step visualization of a representative Sokoban trajectory.

Table 8: Results on vision-based agentic benchmarks. We report success rates (%) on Sokoban
[6×6] and EZPoints using Qwen2.5-VL-3B-Instruct as the backbone model.

Method Sokoban [6×6] ↑ EZPoints ↑ Average ↑

ReAct 11.7 3.1 7.4
GRPO 67.1 86.9 77.0
SEED 82.0 100.0 91.0
∆ +14.9 +13.1 +14.0

C.4 ADDITIONAL TRAINING DYNAMICS

Figure 8 presents the success-rate trajectories for all three backbones on ALFWorld, Search-based
QA, and WebShop. Performance improves in every setting, although the convergence pattern varies
by domain. ALFWorld shows the largest absolute increase and approaches a success rate of 0.9 for
all three backbones. Search-based QA improves rapidly during the early updates before stabilizing
between 0.47 and 0.55. WebShop follows a steadier upward trend and finishes between 0.68 and
0.75. The consistent progress across model families and environments shows that SEED is not tied
to a particular backbone or form of agentic interaction.

Figure 9 shows the corresponding OPD losses. The loss decreases from its initial value and stabi-
lizes at a lower level in all nine settings. The Qwen2.5 models exhibit gradual convergence, while
Qwen3-1.7B shows a sharper early decline, especially on ALFWorld. Lower OPD loss indicates
that the ordinary policy increasingly assigns probability to actions favored by hindsight supervision.
Together with the rising success rates, this trend supports the stability of the self-evolving loop. The
latest policy generates updated experience and hindsight skills, and OPD internalizes that guidance
in subsequent updates.
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Figure 8: Success rates across three backbones and three domains. Success rates increase over
training in all nine settings, showing consistent learning across model scales and agentic tasks.
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Figure 9: OPD loss dynamics. The loss generally decreases and stabilizes during training, indicat-
ing that the policy progressively internalizes the behavioral guidance provided by hindsight skills.
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D CASE STUDY

Figures 12–17 illustrate how SEED applies internalized behavioral guidance during evaluation with-
out skill inputs. In the first ALFWorld example, the policy decomposes the task into locating the
ladle, cleaning it, opening the drawer, and completing the placement. It correctly handles the drawer
as a necessary precondition before the final action. The second example requires two books and
repeated navigation between the desk and bed. The policy tracks that the first book has already
been placed, returns for the second, and completes the remaining subgoal without losing progress.
These trajectories demonstrate coherent state tracking and precondition management over extended
interactions.

The Search-based QA examples show that the policy adapts its information gathering to the avail-
able evidence. It answers the first question after one search because the retrieved passages directly
establish the shared profession. For the second question, it first identifies Finding Neverland, then
issues a targeted search for its director before answering Marc Forster. In WebShop, the policy
retains the requested attributes and price limits from search through purchase. It verifies the product
details and selects the required color and size before buying. Together, these cases show that SEED
learns to decompose tasks, revise plans from new evidence, and preserve constraints over long tra-
jectories. Because skills are not provided during inference, the observed behavior reflects guidance
internalized through self-evolving OPD rather than external prompting.

E ADDITIONAL DISCUSSION

SEED treats completed on-policy experience as an evolving source of supervision. Our experi-
ments cover several forms of long-horizon interaction, but broader benchmarks such as DeepPlan-
ning (Zhang et al., 2026b), Long-Horizon-Terminal-Bench (Li et al., 2026), OdysseyArena (Xu
et al., 2026), and RobotEQ (Fang et al., 2026) provide more demanding tests. These settings involve
longer workflows, richer state spaces, and greater interaction complexity, often with rare terminal
success. Evaluating SEED in such environments would test whether policy-synchronized hindsight
can preserve decisive events across extended contexts and remain useful as the policy explores more
diverse behaviors. Benchmarks with intermediate or partial-credit grading also make it possible to
study how external progress signals interact with the token-level hindsight supervision.

However, longer tasks also expose a central risk of self-evolution: internally generated supervision
can inherit model errors and plateau below oracle-supervised training (Jiang et al., 2025b; Qi et al.,
2026). Because the actor and analyzer share the same policy, improvements transfer across both
roles, but their blind spots can also be shared. An inaccurate analysis may turn a recurring policy er-
ror into an apparently reusable rule, which later updates could reinforce. Evidence of self-preference
in model-based evaluation further suggests that a model may systematically favor outputs resembling
its own (Mahbub & Feng, 2026). On-policy alignment and confidence gating help reduce distribu-
tion mismatch and noisy self-generated supervision (Kumar et al., 2025; Jiang et al., 2025a), but nei-
ther confidence nor self-judgment guarantees semantic correctness (Jiang et al., 2025b; Zhou et al.,
2026). A more self-correcting version of SEED could anchor skills to verifiable state changes, com-
pare analyses across policy snapshots, and preserve uncertainty alongside each skill. It could also
organize hindsight hierarchically by first summarizing local transitions and then deriving trajectory-
level rules (Ge et al., 2025). Search-discovered reasoning abstractions (Wu et al., 2024) may provide
useful structures for this aggregation. Policy-aware exploration (Wu et al., 2026a) could collect tra-
jectories that distinguish competing rules, while uncertainty-aware self-distillation (Lu et al., 2026)
may offer stronger filters for deciding which guidance to internalize.

Training efficiency is another practical constraint. SEED adds no deployment overhead, but training
requires trajectory analysis and paired scoring under ordinary and skill-augmented contexts. The
cost grows with interaction length and multimodal context. Speculative decoding methods such
as DOUBLE (Shen et al., 2026) and DSPARK (Cheng et al., 2026) could reduce the autoregressive
cost of rollout collection and skill generation. Cached representations and batched paired scoring
could further reduce the cost of OPD. Another promising direction is selective analysis: the analyzer
could focus on trajectories with high uncertainty, novel states, or disagreement between reward and
hindsight. This would preserve the self-evolving supervision loop while avoiding repeated analysis
of redundant experience.
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Analyzer Prompt

Analyze the following agent episode and return ONLY valid JSON.

You need to complete two fields:
1. Write a concise episode_summary.
2. Write one episode_skill that extracts the successful trajectory into workflow: the core 
decision rule and action ordering that made this trajectory work. / Write one episode_skill
that extracts the failed trajectory into avoidance rules: the core mistake and warning signs 
that agent should avoid.

Important constraints:
- Write episode_skill as one short policy-facing skill, not as retrospective explanation of 
the trajectory.
- Return only these top-level fields: episode_summary, episode_skill.

Return format:
{
"episode_summary": "string",
"episode_skill": "string"

}

Episode context:
- Task description: <TASK DESCRIPTION>
- episode_success: <success|failure>
- Interaction trajectory: <FORMATTED_TRAJECTORY>

Figure 10: Prompt of analyzer.

Actor Prompt

You are an expert agent operating in the ALFRED Embodied Environment. Your task is 
to: {task_description}
Prior to this step, you have already taken {step_count} step(s). Below are the most recent 
{history_length} observations and the corresponding actions you took: {action_history}
You are now at step {current_step} and your current observation is: {current_observation}
Your admissible actions of the current situation are: [{admissible_actions}].

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.

Figure 11: Prompt of actor (the policy model) in ALFWorld.
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A trajectory of an agent trained with SEED — ALFWorld

Task: clean some ladle and put it in drawer.
[Step 1]
Observation: -= Welcome to TextWorld, ALFRED! =- You are in the middle of a room. Looking quickly around you, you see a 
cabinet 2, a cabinet 1, a coffeemachine 1, a countertop 3, a countertop 2, a countertop 1, a diningtable 1, a drawer 6, a 
drawer 5, a drawer 4, a drawer 3, a drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a sinkbasin 1, a 
stoveburner 4, a stoveburner 3, a stoveburner 2, a stoveburner 1, and a toaster 1.
Reasoning: First, I need to find a ladle. Ladles are often found on dining tables or in cabinets. Let's check the dining table 
and cabinets.
Action: go to diningtable 1

[Step 2]
Observation: You arrive at diningtable 1. On the diningtable 1, you see a apple 2, a bread 2, a bread 1, a butterknife 3, a cup 
2, a dishsponge 1, a fork 2, a knife 2, a ladle 2, a lettuce 1, a mug 2, a potato 3, a potato 2, a soapbottle 1, and a spoon 2.
Reasoning: I need to take the ladle, clean it, and then put it in the drawer. First, I should take the ladle from the dining table. 
After that, I can go to the sink and use the dishsponge to clean it. Finally, I need to go to a drawer and put the cleaned ladle 
inside.
Action: take ladle 2 from diningtable 1

[Step 3]
Observation: You pick up the ladle 2 from the diningtable 1.
Reasoning: I need to clean the ladle and then place it in a drawer. First, I should go to the sinkbasin to wash the ladle. After 
cleaning, I can go to a drawer and put the ladle inside.
Action: go to sinkbasin 1

[Step 4]
Observation: You arrive at sinkbasin 1. On the sinkbasin 1, you see a apple 1, a pot 1, a spatula 3, and a spatula 2.
Reasoning: I need to clean the ladle and then put it in a drawer. First, I should go to the sinkbasin to clean the ladle. After 
cleaning, I can go to a drawer and put the ladle inside.
Action: clean ladle 2 with sinkbasin 1

[Step 5]
Observation: You clean the ladle 2 using the sinkbasin 1.
Reasoning: I need to place the cleaned ladle in a drawer. I've already cleaned it, so now I just need to go to a drawer and put 
it inside. The drawers are all nearby, so I'll go to one and put the ladle there.
Action: go to drawer 1

[Step 6]
Observation: You arrive at drawer 1. The drawer 1 is closed.
Reasoning: I need to put the cleaned ladle into the drawer. First, I should open the drawer to put the ladle inside. The drawer 
is closed, so I need to open it. After opening the drawer, I can place the ladle inside.
Action: open drawer 1

[Step 7]
Observation: You open the drawer 1. The drawer 1 is open. In it, you see nothing.
Reasoning: I've already taken the ladle, cleaned it, and opened the drawer. Now I need to put the cleaned ladle inside the 
drawer. I should move the ladle to the drawer using the 'move ladle 2 to drawer 1' action.
Action: move ladle 2 to drawer 1

Figure 12: ALFWorld Example 1. SEED locates and cleans the ladle, opens the closed drawer, and
completes the placement in seven steps, demonstrating task decomposition and correct precondition
handling.
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A trajectory of an agent trained with SEED — ALFWorld

Task: put two book in bed.
[Step 1]
Observation: -= Welcome to TextWorld, ALFRED! =- You are in the middle of a room. Looking quickly around you, you see a 
bed 1, a desk 1, a drawer 2, a drawer 1, a garbagecan 1, a shelf 1, and a sidetable 1.
Reasoning: I need to find two books to place on the bed. The desk and shelves are good places to start, as they often 
contain or have access to books. After finding the books, I can 'put' them on the bed.
Action: go to desk 1

[Step 2]
Observation: You arrive at desk 1. On the desk 1, you see a book 2, a book 1, a creditcard 1, a desklamp 1, a keychain 1, a 
mug 3, a mug 2, a mug 1, a pen 3, a pen 2, a pen 1, a pencil 1, and a tissuebox 1.
Reasoning: I need to take the two books from the desk and place them in the bed. First, I should take book 1 and book 2 
from the desk, then go to the bed and put them there.
Action: take book 1 from desk 1

[Step 3]
Observation: You pick up the book 1 from the desk 1.
Reasoning: I need to take the second book and place both books on the bed. I have already picked up the first book, so now 
I just need to go to the bed and put it there.
Action: go to bed 1

[Step 4]
Observation: You arrive at bed 1. On the bed 1, you see a cellphone 3, a cellphone 2, a laptop 1, a pillow 1, and a teddybear
1.
Reasoning: I need to first place the book I've already taken on the bed, and then find a second book to complete the task. 
I've already taken book 1, so now I need to go back to the desk to take book 2, and then place both books on the bed.
Action: move book 1 to bed 1

[Step 5]
Observation: You move the book 1 to the bed 1.
Reasoning: I need to take the second book and place it in the bed as well. I've already taken the first book, so now I just 
need to find the second book and move it to the bed.
Action: go to desk 1

[Step 6]
Observation: You arrive at desk 1. On the desk 1, you see a book 2, a creditcard 1, a desklamp 1, a keychain 1, a mug 3, a 
mug 2, a mug 1, a pen 3, a pen 2, a pen 1, a pencil 1, and a tissuebox 1.
Reasoning: First, I need to take the second book from the desk, then go to the bed and put both books there.
Action: take book 2 from desk 1

[Step 7]
Observation: You pick up the book 2 from the desk 1.
Reasoning: I need to take book 2 and place it on the bed 1. I've already picked up book 2, so now I just need to go to the 
bed and put it there.
Action: go to bed 1

[Step 8]
Observation: You arrive at bed 1. On the bed 1, you see a book 1, a cellphone 3, a cellphone 2, a laptop 1, a pillow 1, and a 
teddybear 1.
Reasoning: I need to place both books on the bed. I already placed book 1, so now I just need to take book 2 and place it on 
the bed as well.
Action: move book 2 to bed 1

Figure 13: ALFWorld Example 2. SEED places two books through repeated trips between the
desk and bed while retaining the completed first placement, demonstrating progress tracking over
an extended trajectory.
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A trajectory of an agent trained with SEED — Search QA

Task: Lev Pontryagin and Leonty Magnitsky were both what?
[Step 1]
Observation: Question: Lev Pontryagin and Leonty Magnitsky were both what?
Reasoning: NULL
Action: <search>Lev Pontryagin and Leonty Magnitsky</search>

[Step 2]
Observation: Doc 1: "Leonty Magnitsky" Leonty Magnitsky Leonty Filippovich Magnitsky (), born Telyatin (), (June 9, 1669, 
Ostashkov – October 19, 1739, Moscow) was a Russian mathematician and educator. Magnitsky was born into a peasant 
family. According to some accounts, he graduated from the Slavic Greek Latin Academy in Moscow. From 1701 and until his 
death, he taught arithmetic, geometry and trigonometry at the Moscow School of Mathematics and Navigation, becoming its 
director in 1716. In 1703, Magnitsky wrote his famous ""Arithmetic"" (Арифметика; 2,400 copies), which was used as the 
principal textbook on mathematics in Russia until the middle of the 18th century. Mikhail Lomonosov Doc 2: "Lev Pontryagin" 
Executive Committee of the IMU at the time, vigorously objected. Although the IMU stood by its decision to award Margulis 
the Fields Medal, Margulis was denied a Soviet exit visa by the Soviet authorities and was unable to attend the 1978 ICM in 
person. Pontryagin also participated in a few notorious political campaigns in the Soviet Union, most notably, in the Luzin
affair. Lev Pontryagin Lev Semyonovich Pontryagin (, also written Pontriagin or Pontrjagin) (3 September 1908 – 3 May 1988) 
was a Soviet mathematician. He was born in Moscow and lost his eyesight due to a primus stove explosion Doc 3: "Lev 
Pontryagin" Lev Pontryagin Lev Semyonovich Pontryagin (, also written Pontriagin or Pontrjagin) (3 September 1908 – 3 May 
1988) was a Soviet mathematician. He was born in Moscow and lost his eyesight due to a primus stove explosion when he 
was 14. Despite his blindness he was able to become one of the greatest mathematicians of the 20th century, partially with 
the help of his mother Tatyana Andreevna who read mathematical books and papers (notably those of Heinz Hopf, J. H. C. 
Whitehead, and Hassler Whitney) to him. He made major discoveries in a number of fields of mathematics, including 
algebraic
Reasoning: 1. The question asks what Lev Pontryagin and Leonty Magnitsky were both. 2. From the search results, we see 
that Leonty Magnitsky was a Russian mathematician and educator. 3. Lev Pontryagin was described as a Soviet 
mathematician. 4. The common profession they share is mathematician.
Action: <answer>mathematician</answer>

Figure 14: Search-based QA Example 1. A single query retrieves evidence that both people are
mathematicians, allowing SEED to answer without unnecessary searches.
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Under review as a conference paper at ICLR 2026

A trajectory of an agent trained with SEED — Search QA

[Step 1]
Observation: Question: Who directed the J. M. Barrie biographical film that Michelle Sy produced?
Reasoning: Initial search query; no explicit reasoning was logged before this action.
Action: <search>J. M. Barrie biographical film produced by Michelle Sy</search>

[Step 2]
Observation: Doc 1: "Michelle Sy" Michelle Sy Michelle Sy is an American film producer and executive producer. She started 
her career as a production assistant, working on films such as ""Good Will Hunting"" and ""The Mighty"". Later on in her 
career she moved into producing films herself. Her most successful film to date is ""Finding Neverland""; a J. M. Barrie 
biographical film made in 2004. Other works include 2007 film ""Fan-Demanium"" and 2004's ""My Name Is Modesty: A 
Modesty Blaise Adventure"". In addition, 2002 release ""Stolen Summer"", which Sy produced, was the first independent film 
stemming from ""Project Greenlight"", a film competition made as a Doc 2: "Michelle Sy" TV series with Ben Affleck and Matt 
Damon. Sy appeared in the series, reflecting its ""behind the scenes"" nature. Sy is producing a biopic about late musician 
Jeff Buckley with the singer's mother, Mary Guibert, which as of May 2008 is in the scripting stage. Michelle Sy Michelle Sy is 
an American film producer and executive producer. She started her career as a production assistant, working on films such 
as ""Good Will Hunting"" and ""The Mighty"". Later on in her career she moved into producing films herself. Her most 
successful film to date is ""Finding Neverland""; a J. M. Barrie Doc 3: "J. M. Barrie" J. M. Barrie Sir James Matthew Barrie, 1st 
Baronet, (; 9 May 1860 19 June 1937) was a Scottish novelist and playwright, best remembered today as the creator of Peter 
Pan. He was born and educated in Scotland and then moved to London, where he wrote a number of successful novels and 
plays. There he met the Llewelyn Davies boys, who inspired him to write about a baby boy who has magical adventures in 
Kensington Gardens (included in ""The Little White Bird""), then to write ""Peter Pan, or The Boy Who Wouldn't Grow Up"", a 
""fairy play"" about an ageless
Reasoning: 1. The question asks who directed the J. M. Barrie biographical film that Michelle Sy produced. 2. From the 
search results, we see that Michelle Sy produced the film "Finding Neverland", which is a J. M. Barrie biographical film. 3. 
Now we need to find who directed this film. 4. Conduct a new search query to find the director of "Finding Neverland".
Action: <search>who directed Finding Neverland movie</search>

[Step 3]
Observation: Doc 1: "Finding Neverland (film)" Finding Neverland (film) Finding Neverland is a 2004 historical fantasy drama 
film directed by Marc Forster and written by David Magee, based on the play ""The Man Who Was Peter Pan"" by Allan Knee. 
The film is about playwright J. M. Barrie and his relationship with a family who inspired him to create ""Peter Pan"". The film 
earned several nominations at the 77th Academy Awards, including Best Picture, Best Adapted Screenplay and Best Actor for 
Johnny Depp's portrayal of J. M. Barrie, and won for Best Original Score. The film was the inspiration for the stage musical of 
the same Doc 2: "Finding Neverland (film)" the role of Sylvia Llewelyn Davies. Finding Neverland (film) Finding Neverland is 
a 2004 historical fantasy drama film directed by Marc Forster and written by David Magee, based on the play ""The Man Who 
Was Peter Pan"" by Allan Knee. The film is about playwright J. M. Barrie and his relationship with a family who inspired him to 
create ""Peter Pan"". The film earned several nominations at the 77th Academy Awards, including Best Picture, Best Adapted 
Screenplay and Best Actor for Johnny Depp's portrayal of J. M. Barrie, and won for Best Original Score. The film was the 
inspiration for Doc 3: "Finding Neverland (film)" his book where he wrote the plays that he ripped apart and that his mother 
glued back together for him. Barrie sits down and puts his arm around Peter to comfort him. They both fade, and all that is left
is the bench. In addition to Johnny Depp as Barrie and Kate Winslet as Sylvia Llewelyn Davies, the film stars Dustin Hoffman 
as producer Charles Frohman, Julie Christie as Sylvia's mother Emma du Maurier and Radha Mitchell (who had starred in 
Forster's ""Everything Put Together"") as Barrie's wife Mary. Hoffman had appeared a dozen years earlier in title role of
Reasoning: 1. The question asks who directed the J. M. Barrie biographical film that Michelle Sy produced. 2. From the 
search results, we see that Michelle Sy produced the film "Finding Neverland". 3. The question then asks who directed this 
film. 4. In the search results, we find that the film was directed by Marc Forster.
Action: <answer>Marc Forster</answer>

Task: Who directed the J. M. Barrie biographical film that Michelle Sy produced?

Figure 15: Search-based QA Example 2. SEED first identifies Finding Neverland, then performs a
targeted second search to verify that Marc Forster directed the film.
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Under review as a conference paper at ICLR 2026

A trajectory of an agent trained with SEED — WebShop

[Step 1]
Observation: 'Search'
Reasoning: I need to search for easy use bathing accessories for dry hair with green color and price under $40. The search query should include keywords 
like "bathing accessories dry hair green" to filter the results effectively. I'll use the search action to initiate the search.
Action: search[bathing accessories dry hair green]

Task: Find me easy use bathing accessories for dry hair with color: green, and price lower than 40.00 dollars.

[Step 2]
Observation: 'Back to Search' [SEP] 'Page 1 (Total results: 50)' [SEP] 'Next >' [SEP] 'B098824K9T' [SEP] 'Spa Savvy Shower Cap and Twist Hair Turban 
Duo, Enhance Your Shower Experience with this Complete Set, Fully Lined Shower Cap, Microfiber Turban (Green)' [SEP] '$11.99' [SEP] 'B094QGVQLK' 
[SEP] 'ZYUN Bathtub Cushion, Full Body Spa Bath Mat with Cushion, 3D Breathable Bathtub Mat, Non-Slip Bath Pillows, Neck and Back Support, for 
Parents, Children' [SEP] '$32.99' [SEP] 'B08G14B779' [SEP] 'NIUTA 2 Pack Hair Towel Wrap, Microfiber Quick Drying Hair Towels, Super Absorbent Quick 
Dry Hair Towel, Wrapped Bath Cap (Pink+Light Blue)' [SEP] '$4.99' [SEP] 'B09DD2C1XD' [SEP] 'Beaupretty 8pcs Kids Nightcaps Hair Bonnets Sleeping 
Caps Hair Protection Wide Rim Hat Bath Shower Accessories for Home' [SEP] '$19.99' [SEP] 'B08BV94TBP' [SEP] 'EASY SPA Natural Bristle Wooden Body 
Dry Brush for Bath Shower, Shower Scrubber With Long Handle, The Best Dry Brush For Cellulite And Lymphatic' [SEP] '$100.0' [SEP] 'B09LLRSWF4' [SEP] 
'Yheakne Metal Hair Slide Clip Barrette Geometric Hair Holder Clip Pin Vintage Hair Slide Pin Bun Holder Alloy Hair Clip Decorative Hair Accessories for 
Women and Girls (Gold)' [SEP] '$8.5' [SEP] 'B08SKT2TCH' [SEP] 'JYLRX natural loofah sponge,Very Suitable for Kitchen Household use and Personal Skin 
Care Products with Cleanser Pack of 4 (white)' [SEP] '$12.98' [SEP] 'B09NLZFMRG' [SEP] 'ONGHAHYIS Shower Scrubbing Mitt Gloves Body Brush Take A 
Shower in 1 Minute Exfoliating Scrub Foot Scrubber Cath Sponge High-Elastic Five-Finger Bath Towel (Color : Random Color 1pc)' [SEP] '$22.16' [SEP] 
'B09GF68QPJ' [SEP] 'Electric Shower Brush Set,Deep Cleaning Bath Shower Wash Brush with Long Handle,5 in 1 Spin SPA Brush Back Scrubber Set for 
Helps Promote Healthier Younger Looking Skin Soothes Tired Muscles' [SEP] '$26.99' [SEP] 'B09FYBZNQL' [SEP] '7pcs Hair Conditioner For Damaged Dry 
Hair, Hair Mask Repairing Hair Deep Conditioner Conditioning Treatment for Damaged Hair' [SEP] '$11.99'
Reasoning: I need to find easy-use bathing accessories for dry hair, preferably in green color, under $40. The product I found that matches all these criteria 
is the Spa Savvy Shower Cap and Twist Hair Turban Duo at $11.99. Therefore, I should click on this product to verify details and proceed with the purchase.
Action: click[b098824k9t]

[Step 4]
Observation: 'Back to Search' [SEP] '< Prev' [SEP] 'color' [SEP] 'green' [SEP] 'purple' [SEP] 'Spa Savvy Shower Cap and Twist Hair Turban Duo, Enhance 
Your Shower Experience with this Complete Set, Fully Lined Shower Cap, Microfiber Turban (Green)' [SEP] 'Price: $11.99' [SEP] 'Rating: N.A.' [SEP] 
'Description' [SEP] 'Features' [SEP] 'Reviews' [SEP] 'Buy Now'
Reasoning: I need to find easy use bathing accessories for dry hair with color: green, and price lower than $40. From the search results I obtained, I found 
a Spa Savvy Shower Cap and Twist Hair Turban Duo that matches the criteria. I clicked on the product to see the details and selected the green color option. 
Now I'm at the product page with the correct color selection and price, so I should click "Buy Now" to complete the purchase.
Action: click[buy now]

[Step 3]
Observation: 'Back to Search' [SEP] '< Prev' [SEP] 'color' [SEP] 'green' [SEP] 'purple' [SEP] 'Spa Savvy Shower Cap and Twist Hair Turban Duo, Enhance 
Your Shower Experience with this Complete Set, Fully Lined Shower Cap, Microfiber Turban (Green)' [SEP] 'Price: $11.99' [SEP] 'Rating: N.A.' [SEP] 
'Description' [SEP] 'Features' [SEP] 'Reviews' [SEP] 'Buy Now'
Reasoning: I need to find easy use bathing accessories for dry hair with green color option at price under $40. The search query I used earlier successfully 
returned a product that matches these criteria. I clicked on the Spa Savvy Shower Cap and Twist Hair Turban Duo which shows the green color option at 
$11.99. The product appears to be a set including a lined shower cap and microfiber turban. It meets the requirement of being easy use and for dry hair as it 
is a shower cap/turban set. Therefore, I should select the green color option and then purchase the item.
Action: click[green]

Figure 16: WebShop Example 1. SEED identifies a green shower cap and hair turban set under $40,
verifies the selected variant, and completes the purchase in four steps.
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Under review as a conference paper at ICLR 2026

A trajectory of an agent trained with SEED — WebShop

[Step 1]
Observation: 'Search'
Reasoning: I need to search for men's long sleeve t-shirts in mossy oak country color, 5x-large big size, under $60. The search query should be formatted 
as a natural language sentence describing the product requirements, including size, color, and price constraints. The search function has been clicked 
already, so I need to now formulate and submit a search query.
Action: search[men's long sleeve t-shirt mossy oak country 5x-large big]

Task: Find me machine wash men's t-shirts with long sleeve with color: mossy oak country, and size: 5x-large big, and price lower than
60.00 dollars.

[Step 2]
Observation: 'Back to Search' [SEP] 'Page 1 (Total results: 50)' [SEP] 'Next >' [SEP] 'B00O30JLDK' [SEP] 'Legendary Whitetails Men's Non-Typical Long 
Sleeve T-Shirt' [SEP] '$10.52 to $40.5' [SEP] 'B09QGK5XHZ' [SEP] 'WENKOMG1 Men's Long Sleeve Undershirt with Mask Turtleneck Hooded T-Shirt Solid 
Color Workout Tops Zipper Side Slit Shirts Slim Fit Sweatshirt Spring/Summer Tee Shirts(Gray,)' [SEP] '$8.39' [SEP] 'B09QQP3356' [SEP] 'HAUKLIE Men's 
Sports Waffle Ribbed Polo Shirts Summer Short Sleeve Cotton Muscle Quarter-Zip Henley T-Shirt Tunics Tops' [SEP] '$10.99' [SEP] 'B09Q67H373' [SEP] 
'JSPOYOU 2022 Newly T-Shirt for Mens Funny 3D Graphics Pattern Crewneck Short Sleeve Tees Big and Tall Summer Casual Comfy Top' [SEP] '$1.99 to 
$8.99' [SEP] 'B09S3BN15C' [SEP] 'Mens Linen Shirt,Men's Striped Shirts Casual Short Sleeve Button Down Shirts Regular Fit Hawaiian Shirts Beach Tees 
Tops' [SEP] '$3.78 to $11.38' [SEP] 'B09NNMV9LN' [SEP] 'JSPOYOU Mens Short Sleeve Crewneck 3D Graphic Tunic Shirts Big & Tall Tie Dye Summer Top 
Basic Designed Classic Cotton Shirt' [SEP] '$3.99 to $10.99' [SEP] 'B078WSND96' [SEP] 'Clearance Deals Retro T-Shirt Bee Printed Blouse, 2021 Summer 
Fashion Boys Men 3D Round Neck Short Sleeve Tee Tops' [SEP] '$9.99 to $11.99' [SEP] 'B07HRFSNL4' [SEP] 'Nautica Men's Solid Crew Neck Short-
Sleeve Pocket T-Shirt' [SEP] '$16.05 to $40.98' [SEP] 'B07N7TDKXQ' [SEP] 'SOCKS'NBULK Mens Cotton Crew Neck Short Sleeve T-Shirts Mix Colors Bulk' 
[SEP] '$38.79 to $172.8' [SEP] 'B09T756KQ5' [SEP] 'WENKOMG1 Men's Crewneck Goth Tee Shirts Skull Print Tops Spring/Summer Long Sleeve Sports T-
Shirt Baggy Y2K Soft Streetwear' [SEP] '$4.09 to $8.09'
Reasoning: I need to find men's long sleeve t-shirts in mossy oak country color, size 5x-large big, under $60. From the search query I used 'men's long 
sleeve t-shirt mossy oak country 5x-large big', the items returned include the correct size and color options, and price under $60. The product I'm interested 
in is 'Legendary Whitetails Men's Non-Typical Long Sleeve T-Shirt' at $10.52. I should click on this product to verify the availability of the correct size and 
color options on the product page.
Action: click[b00o30jldk]

[Step 5]
Observation: 'Back to Search' [SEP] '< Prev' [SEP] 'color' [SEP] 'army' [SEP] 'big game field camo' [SEP] 'black' [SEP] 'cardinal' [SEP] 'charcoal heather' 
[SEP] 'inferno' [SEP] 'mossy oak bottomland' [SEP] 'mossy oak country' [SEP] 'mossy oak country dna' [SEP] 'mossy oak coyote' [SEP] 'slate' [SEP] 'swamp' 
[SEP] 'turkey' [SEP] 'flag' [SEP] 'country' [SEP] 'fish' [SEP] 'size' [SEP] 'small' [SEP] 'medium' [SEP] 'large' [SEP] 'large tall' [SEP] 'x-large' [SEP] 'x-large tall' 
[SEP] 'xx-large' [SEP] 'xx-large big tall' [SEP] '3x-large big' [SEP] '3x-large big tall' [SEP] '4x-large big' [SEP] '4x-large big tall' [SEP] '5x-large big' [SEP] 
'Legendary Whitetails Men's Non-Typical Long Sleeve T-Shirt' [SEP] 'Price: $10.52 to $40.5' [SEP] 'Rating: N.A.' [SEP] 'Description' [SEP] 'Features' [SEP] 
'Reviews' [SEP] 'Buy Now'
Reasoning: I need to find men's long sleeve t-shirts in mossy oak country color, 5x-large big size, under $60. I've already selected the correct color and size 
options from the available choices. The product page displays the title "Legendary Whitetails Men's Non-Typical Long Sleeve T-Shirt," which confirms it's a 
long sleeve t-shirt. The price range is $10.52-$40.50, which is well under the $60 threshold. Therefore, I should now click "Buy Now" to complete the 
purchase.
Action: click[buy now]

[Step 4]
Observation: 'Back to Search' [SEP] '< Prev' [SEP] 'color' [SEP] 'army' [SEP] 'big game field camo' [SEP] 'black' [SEP] 'cardinal' [SEP] 'charcoal heather' 
[SEP] 'inferno' [SEP] 'mossy oak bottomland' [SEP] 'mossy oak country' [SEP] 'mossy oak country dna' [SEP] 'mossy oak coyote' [SEP] 'slate' [SEP] 'swamp' 
[SEP] 'turkey' [SEP] 'flag' [SEP] 'country' [SEP] 'fish' [SEP] 'size' [SEP] 'small' [SEP] 'medium' [SEP] 'large' [SEP] 'large tall' [SEP] 'x-large' [SEP] 'x-large tall' 
[SEP] 'xx-large' [SEP] 'xx-large big tall' [SEP] '3x-large big' [SEP] '3x-large big tall' [SEP] '4x-large big' [SEP] '4x-large big tall' [SEP] '5x-large big' [SEP] 
'Legendary Whitetails Men's Non-Typical Long Sleeve T-Shirt' [SEP] 'Price: $10.52 to $40.5' [SEP] 'Rating: N.A.' [SEP] 'Description' [SEP] 'Features' [SEP] 
'Reviews' [SEP] 'Buy Now'
Reasoning: I need to find men's long sleeve t-shirts in mossy oak country color, size 5x-large big, under $60. The current product page allows me to select 
both the color and size options. I should select the specified size and then click "Buy Now" to complete the purchase.
Action: click[5x-large big]

[Step 3]
Observation: 'Back to Search' [SEP] '< Prev' [SEP] 'color' [SEP] 'army' [SEP] 'big game field camo' [SEP] 'black' [SEP] 'cardinal' [SEP] 'charcoal heather' 
[SEP] 'inferno' [SEP] 'mossy oak bottomland' [SEP] 'mossy oak country' [SEP] 'mossy oak country dna' [SEP] 'mossy oak coyote' [SEP] 'slate' [SEP] 'swamp' 
[SEP] 'turkey' [SEP] 'flag' [SEP] 'country' [SEP] 'fish' [SEP] 'size' [SEP] 'small' [SEP] 'medium' [SEP] 'large' [SEP] 'large tall' [SEP] 'x-large' [SEP] 'x-large tall' 
[SEP] 'xx-large' [SEP] 'xx-large big tall' [SEP] '3x-large big' [SEP] '3x-large big tall' [SEP] '4x-large big' [SEP] '4x-large big tall' [SEP] '5x-large big' [SEP] 
'Legendary Whitetails Men's Non-Typical Long Sleeve T-Shirt' [SEP] 'Price: $10.52 to $40.5' [SEP] 'Rating: N.A.' [SEP] 'Description' [SEP] 'Features' [SEP] 
'Reviews' [SEP] 'Buy Now'
Reasoning: I need to find men's long sleeve t-shirts in mossy oak country color, 5x-large size, under $60. The current product I'm viewing, Legendary 
Whitetails Men's Non-Typical Long Sleeve T-Shirt, has a color option I can select (mossy oak country) and a size option I can select (5x-large big). I should 
select the mossy oak country color and 5x-large big size options to complete the purchase.
Action: click[mossy oak country]

Figure 17: WebShop Example 2. SEED preserves the requested product constraints and selects
mossy oak country and 5x-large big before purchasing a matching long-sleeve shirt under $60.

36


	Introduction
	Related Work
	Method
	Problem Formulation
	Hindsight Skill Supervised Fine-Tuning
	Self-Evolving On-Policy Distillation

	Experiment
	Experimental Setting
	Main Results
	Training Dynamics
	Sample Efficiency
	Cross-Domain Generalization
	Ablation Studies and Analysis

	Conclusion
	Theoretical Analysis
	On-Policy Hindsight Produces an Occupancy-Matched Adaptive Target
	Dense Skill Credit Remains Informative under Sparse or Tied Rewards
	Self-Evolving Synchronization Controls Analyzer Staleness

	Additional Experimental Details
	Datasets
	Baselines
	Algorithm and Extracted Skill Examples
	Implementation Details

	Supplementary Results
	Detailed Sample Efficiency Comparison
	Cross-Domain Generalization
	Multimodal Extension
	Additional Training Dynamics

	Case Study
	Additional Discussion

