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Abstract

Reinforcement learning for long-horizon
agents and multi-step reasoning models typ-
ically relies on outcome-level rewards, which
provide only trajectory-level supervision and
make it difficult to identify the contribution
of individual intermediate actions. As a re-
sult, redundant actions in successful trajecto-
ries may be over-reinforced, while useful ac-
tions in failed trajectories may be undesirably
penalized. To address this issue, we propose
Dual Experience Pool Policy Optimization
(DEPPO), a critic-free and experience-driven
framework for adaptive step-level credit as-
signment. DEPPO maintains two structured
experience pools for successful and failed tra-
jectories, and estimates the relative quality of
each action by comparing its state-conditional
likelihood under the two pools. The result-
ing success–failure preference signal is used
to adaptively rescale the advantage, amplify-
ing actions aligned with successful patterns
while suppressing those associated with fail-
ure modes. Furthermore, DEPPO introduces
an asymmetric and dynamically evolving up-
date mechanism: the success pool emphasizes
both correctness and novelty through freshness-
aware insertion, while the failure pool focuses
on consistently risky behaviors, with decay and
pruning to keep the memory compact and up-
to-date. Without additional value models or
process-level supervision, DEPPO provides a
lightweight, interpretable, and effective solu-
tion for fine-grained credit assignment in long-
horizon reinforcement learning.

1 Introduction

Reinforcement learning (RL) for long-horizon
agents and multi-step reasoning has become a key
paradigm for improving large language models on
complex tasks (Wang et al., 2026d; Zhang et al.,
2025). However, these settings typically provide
supervision only at the trajectory level, while deci-

Figure 1: Outcome-level reward broadcasting cannot
distinguish key intermediate actions. DEPPO addresses
this issue by comparing task-conditioned success and
failure statistics from dual experience pools to produce
experience-guided step-level credit signals for adaptive
policy optimization.

sions are made at the step level, leading to a funda-
mental credit assignment mismatch (Xi et al., 2025;
Chen et al., 2025). As illustrated in Fig. 1, uni-
formly broadcasting terminal rewards to all steps
fails to distinguish causally relevant actions from
incidental ones, often reinforcing suboptimal be-
haviors or penalizing useful decisions (Li et al.,
2026; Wang et al., 2026c). This issue is exacer-
bated in long-horizon and high-uncertainty scenar-
ios, resulting in noisy training signals and unstable
policy optimization (Wang et al., 2026b; Lattimer
et al., 2025).

Existing approaches attempt to address this chal-
lenge from different perspectives. Critic-based
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methods estimate intermediate values to reduce
variance, but introduce additional complexity and
potential bias (Mnih et al., 2016). Critic-free meth-
ods improve efficiency via uniform reward prop-
agation or intra-group comparisons, yet still rely
on trajectory-level signals for supervision. Other
approaches leverage process supervision or exter-
nal reward models, but typically require additional
annotations or task-specific designs (Khalifa et al.,
2025). Despite these efforts, most methods de-
rive learning signals solely from the current tra-
jectory, without exploiting the rich historical
experience accumulated during training. This
observation raises a fundamental question:

Can historical trajectories be transformed
from passive records into state-conditioned,
contrastive signals for reliable step-level credit
assignment?

We answer this question by proposing DEPPO,
an experience-driven framework that explicitly uti-
lizes historical successful and failed trajectories
for adaptive step-level credit assignment. DEPPO
organizes past trajectories into separate success
and failure pools under a task–state–action hierar-
chy, capturing reusable patterns of effective and
risky decisions. For each action in the current
trajectory, it estimates its state-conditional likeli-
hood under both pools and derives a preference
signal to reweight the advantage. This enables
step-level supervision that reflects cross-trajectory
statistical regularities rather than relying solely on
trajectory-level returns. To ensure continual adap-
tation, DEPPO adopts asymmetric updates with
freshness-aware insertion and decay-based prun-
ing, forming a closed loop between experience ac-
cumulation and policy optimization. Experiments
demonstrate that DEPPO improves training stabil-
ity and final performance across long-horizon tasks.

In summary, our contributions are threefold: (1)
we introduce an experience-guided policy optimiza-
tion paradigm that converts historical trajectories
into task-conditioned success–failure credit signals;
(2) we propose dual experience pools with asym-
metric and dynamic updates to capture effective
behaviors and risky patterns; (3) experiments on
ALFWorld, WebShop, and Sokoban demonstrate
the effectiveness and generality of DEPPO across
different long-horizon decision-making settings.

2 Related Work

Outcome-level Reinforcement Learning for
LLM Reasoning. Recent RL methods for LLM
reasoning mainly rely on outcome-level or ver-
ifiable rewards. DeepSeekMath (Shao et al.,
2024), DeepSeek-R1 (Guo et al., 2025a), and Kimi
k1.5 (Team et al., 2025) demonstrate the effective-
ness of large-scale outcome-reward RL for long-
chain reasoning and self-correction (Shao et al.,
2024; Guo et al., 2025a). Follow-up methods such
as DAPO (Yu et al., 2025), GSPO (Zheng et al.,
2025), and AReaL (Fu et al., 2025) further im-
prove training stability and efficiency, while related
frameworks extend outcome-level RL to retrieval-
augmented reasoning and long-horizon agents (Jin
et al., 2025). However, these methods still mainly
optimize sequence-level objectives, making fine-
grained credit assignment difficult.

Process-level Supervision and Credit Assign-
ment. Another line of work introduces process
reward models or step-wise verifiers to provide
finer-grained supervision. Math-Shepherd (Wang
et al., 2024), OmegaPRM (Luo et al., 2024), Tree-
PLV (He et al., 2024), and PQM (Li and Li,
2024) construct process-level signals through au-
tomatic annotation, tree search, preference learn-
ing, or Q-value ranking. Recent methods such as
ThinkPRM (Khalifa et al., 2025), R-PRM (She
et al., 2025), and Reward Reasoning Models (Guo
et al., 2025b) further improve step-wise verification
with generative reasoning or reward reasoning.

3 Method

3.1 Overview

We propose DEPPO, a critic-free and experience-
driven policy optimization framework for adaptive
step-level credit assignment in long-horizon rein-
forcement learning.

The key idea is to transform historical trajecto-
ries into structured experience, by explicitly model-
ing state-conditioned success and failure statistics.
Instead of treating all actions within a trajectory
equally, DEPPO evaluates, under the exact same
task-state context, whether an action is more asso-
ciated with successful or failed outcomes, and uses
this contrastive signal to reweight its advantage.

As illustrated in Fig. 2, DEPPO maintains dual
experience pools, performs experience-guided ad-
vantage reweighting, and updates the pools in a
closed loop with policy optimization. This de-
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Figure 2: Overview of DEPPO. DEPPO performs experience-driven policy optimization for adaptive step-level
credit assignment. Historical trajectories are organized into dual experience pools that model state-conditional
success and failure statistics. For each action, DEPPO compares its likelihood under the two distributions and
adaptively rescales the advantage used for policy optimization. The experience pools are updated asymmetrically
with freshness-aware insertion and decay-based pruning, forming a closed-loop learning process.

sign enables more accurate and stable credit assign-
ment without requiring additional value models or
process-level supervision.

3.2 Dual Experience Pools

DEPPO maintains two structured experience pools:
D+ (storing state-action statistics from successful
trajectories) and D− (storing state-action statistics
from failed trajectories).

Each pool is organized as a hierarchical mapping
(task id→ state→ action statistics). Equivalently,
each entry is indexed by a task-state key (u, s) and
stores an action histogram. Following the notation
in Fig. 2, the count of action a under state s for task
u is written as

D±[(u, s)][a] = c±u (s, a), (1)

where the task index u is explicitly included in
the statistics. Here, c+u (s, a) denotes how often
action a has appeared under state s in successful
trajectories of task u, while c−u (s, a) denotes the
corresponding count in failed trajectories.

For each state, the total count in the success and

failure pools is defined as

N+
u (s) =

∑

a

c+u (s, a),

N−
u (s) =

∑

a

c−u (s, a).
(2)

The task-level key is important because identi-
cal or highly similar states may require different
actions under different tasks. In implementation,
keys are constructed from normalized environment-
level observations and executable actions rather
than token IDs or free-form reasoning traces.

For each current step (u, st, at), DEPPO queries
both D+ and D− to estimate how likely the action
is under historical success and failure patterns. Let
Au,st denote the union of actions observed under
state st for task u in both pools, together with the
current action:

Au,st ={a : c+u (st, a) > 0}
∪ {a : c−u (st, a) > 0} ∪ {at}.

(3)

Since the experience pools may be sparse during
early training, directly using raw frequencies can
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produce unstable estimates. DEPPO therefore ap-
plies additive smoothing to obtain task-conditioned
state-action probabilities:

P±(at | u, st) =
c±u (st, at) + α

N±
u (st) + α|Au,st |

, (4)

where α > 0 is the smoothing coefficient, P+

(c+, N+) corresponds to successful trajectories and
P− (c−, N−) to failed ones.

To compare success and failure tendencies,
DEPPO uses the relative preference score:

∆t = log
P+(at | u, st) + ϵ

P−(at | u, st) + ϵ
, (5)

where ϵ > 0 is a small constant for numerical
stability.

The log-ratio form has two advantages. First, it
provides a symmetric comparison between success-
conditioned and failure-conditioned statistics. Sec-
ond, it naturally measures the relative evidence
of success over failure: ∆t > 0 indicates that at
is more associated with successful trajectories un-
der the same task-state condition, while ∆t < 0
indicates that it is more associated with failed tra-
jectories.

3.3 Support-Aware Advantage Reweighting
The preference score ∆t can be unreliable when the
corresponding task-state condition has insufficient
historical support. Therefore, DEPPO introduces
a support-aware gate to activate reweighting only
when the dual-pool statistics are sufficiently reli-
able.

For each task-state pair (u, st), we denote the
success and failure supports as S+

u,st = N+
u (st)

and S−
u,st = N−

u (st), with total support Su,st =
S+
u,st + S−

u,st .
The gate is defined as

gt = I
[
Su,st ≥ Smin ∧ S+

u,st ≥ Seach
min

∧ S−
u,st ≥ Seach

min ∧ |∆t| ≥ τ∆
]
,

(6)

where Smin is the total support threshold, Seach
min is

the minimum support threshold for each pool, and
τ∆ is the preference-margin threshold. If gt = 0,
DEPPO falls back to the base advantage and does
not apply experience-based reweighting.

When the gate is activated (gt = 1), DEPPO
constructs a trajectory-outcome-aware reweighting
factor. Let

ϕ
(yi)
t = yi ·∆t, (7)

where yi = +1 for successful trajectories and yi =
−1 for failed trajectories.

The reweighted advantage is defined as

Ãi,t = clip
(
exp

(
β ·yi∆t

)
, wmin, wmax

)gt ·Ai,t,

(8)
where Ai,t denotes the base step-level advantage
computed using the state-aware group-based op-
timization strategy in GiGPO(Feng et al., 2026a),
β controls the sharpness of reweighting, wmin and
wmax bound the weight range, and gt = 0 disables
reweighting (i.e., weight = 1).

This matches the intuition in Fig. 2: successful
trajectories amplify actions with ∆t > 0 and sup-
press those with ∆t < 0, while failed trajectories
exhibit the opposite behavior.

3.4 Policy Optimization

DEPPO keeps the underlying policy optimization
objective unchanged while introducing experience-
guided advantage reweighting through the adaptive
advantage Ãi,t.. With a PPO-style clipped objec-
tive, the training loss is

LDEPPO = −E
[
1

T

T∑

t=1

min
(
rt(θ)Ãt,

clip
(
rt(θ), 1− εclip, 1 + εclip

)
Ãt

)]
,

(9)

where rt(θ) =
πθ(at|st)

πθold
(at|st) is the probability ratio,

and εclip is the PPO clipping coefficient.
DEPPO is an experience-driven policy optimiza-

tion framework built upon GiGPO, without requir-
ing an additional critic, process reward model, or
auxiliary supervision. By leveraging historical suc-
cessful and failed trajectories, DEPPO performs
experience-guided advantage reweighting for adap-
tive step-level policy optimization.

3.5 Asymmetric Experience Update

After policy optimization, new trajectories are writ-
ten back into the dual experience pools. The update
is asymmetric: the success pool D+ emphasizes
effective and fresh successful behaviors, while the
failure pool D− emphasizes repeated risky behav-
iors, invalid actions, and late-stage failure patterns.

Importantly, DEPPO queries the pools before
writing the current batch into them. This prevents
direct self-leakage, where a trajectory could influ-
ence its own reweighting score.
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Freshness-aware success update. For a success-
ful trajectory with yi = +1, each task-conditioned
state-action pair (u, st, at) is written into the suc-
cess pool. To avoid making the success pool overly
conservative, DEPPO assigns a larger insertion
weight to actions that are successful but still un-
derrepresented under the same task-state condition:

ψ+
t = ψ+

0

(
1 + γf max

(
0, η − P+(at | u, st)

))
,

(10)
where ψ+

0 is the base success insertion weight, η is
the freshness threshold, and γf controls the strength
of freshness-aware insertion.

The success pool is updated as

c+u (st, at)← c+u (st, at) + ψ+
t . (11)

This mechanism allows D+ to preserve not only
frequent successful actions, but also rare actions
that may represent newly emerging effective strate-
gies under the same task-state condition.

Repeated failure emphasis. For a failed trajec-
tory with yi = −1, DEPPO writes each task-
conditioned state-action pair (u, st, at) into the fail-
ure pool with a risk-aware insertion weight:

ψ−
t = ψ−

0

(
1 + γlate

t− 1

Ti − 1

)

·
(
1 + γrep log(1 + c−u (st, at))

)

· (1 + γinvalidI[at = INVALID]) ,

(12)

where ψ−
0 is the base failure insertion weight.

The late-stage term gives larger weights to ac-
tions closer to the final failure, the repeated-failure
term emphasizes actions that have repeatedly ap-
peared in failed trajectories under the same task-
state condition, and the invalid-action term explic-
itly strengthens the memory of invalid decisions.

The failure pool is updated as

c−u (st, at)← c−u (st, at) + ψ−
t . (13)

This update encourages D− to concentrate on
high-risk action patterns under the same task-state
condition, rather than treating all failed actions
equally.

3.6 Decay and Pruning

The experience pools should evolve together with
the policy. Early trajectories generated by a weak
policy may become outdated after policy improve-
ment, and unbounded accumulation would increase

memory cost. Therefore, DEPPO periodically ap-
plies decay and pruning.

All task-conditioned state-action counts are ex-
ponentially decayed:

c±u (s, a)← λc±u (s, a), λ ∈ (0, 1), (14)

where λ is the decay rate. This gradually weakens
stale experiences that are not reinforced by recent
trajectories.

DEPPO then removes low-value action entries:

c±u (s, a) < δa ⇒ prune(u, s, a), (15)

where δa is the action-level pruning threshold. For
each task-state pair (u, s), only the top-Ka actions
with the largest counts are retained. If the total task-
state count becomes too small, the corresponding
state entry under task u is removed:

∑

a

c±u (s, a) < δs ⇒ remove(u, s), (16)

where δs is the state-level pruning threshold.
To further bound memory size, DEPPO limits

the maximum number of states under each task.
When the number of states for a task exceeds the
budget Ks, states with both low total counts and
old update timestamps are removed first. This com-
bines importance and recency, allowing the pools
to remain compact, adaptive, and aligned with the
evolving policy.

4 Experiment

4.1 Experimental Setup
Benchmarks. We evaluate DEPPO on repre-
sentative sparse-reward long-horizon tasks: ALF-
World (Shridhar et al., 2020), WebShop (Yao et al.,
2022a). ALFWorld requires multi-step embodied
textual reasoning, while WebShop evaluates web-
based decision-making with reward determined by
the final selected product; both provide limited
intermediate feedback, making them suitable for
credit assignment under sparse terminal rewards.

Baselines. We compare DEPPO with strong
baselines on ALFWorld and WebShop under
Qwen2.5-1.5B-Instruct and Qwen2.5-7B-Instruct
backbones. For prompting-based methods, we
include the vanilla Qwen2.5 policy, ReAct(Yao
et al., 2022b), and Reflexion(Shinn et al., 2023).
For trajectory-level reinforcement learning, we
compare with PPO(Schulman et al., 2017),
RLOO(Ahmadian et al., 2024), GRPO(Shao et al.,
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Table 1: Performance comparison on ALFWorld and WebShop across prompting-based and RL-based methods under
Qwen2.5-1.5B-Instruct and Qwen2.5-7B-Instruct settings. For ALFWorld, Avg. denotes the unweighted average
over the six subtasks. Red numbers indicate absolute improvements relative to the corresponding Qwen2.5-Instruct
baseline of the same model scale. Best and second-best results within each model block are highlighted in bold and
underline, respectively.

Type Method ALFWorld WebShop

Pick Look Clean Heat Cool Pick2 Avg. Score Succ.
Qwen2.5-1.5B-Instruct

Prompting Qwen2.5 5.9 5.5 3.3 9.7 4.2 0.0 4.7 23.1 5.2
Prompting ReAct 17.4↑11.5 20.5↑15.0 15.7↑12.4 6.2↓3.5 7.7↑3.5 2.0↑2.0 11.6↑6.9 40.1↑17.0 11.3↑6.1

Prompting Reflexion 35.3↑29.4 22.2↑16.7 21.7↑18.4 13.6↑3.9 19.4↑15.2 3.7↑3.7 19.3↑14.6 55.8↑32.7 21.9↑16.7

RL Training PPO 64.8↑58.9 40.5↑35.0 57.1↑53.8 60.6↑50.9 46.4↑42.2 47.4↑47.4 52.8↑48.1 73.8↑50.7 51.5↑46.3

RL Training RLOO 88.3↑82.4 52.8↑47.3 71.0↑67.7 62.8↑53.1 66.4↑62.2 56.9↑56.9 66.4↑61.7 73.9↑50.8 52.1↑46.9

RL Training GRPO 85.3↑79.4 53.7↑48.2 84.5↑81.2 78.2↑68.5 59.7↑55.5 53.5↑53.5 69.1↑64.4 75.8↑52.7 56.8↑51.6

RL Training DAPO 87.9↑82.0 40.0↑34.5 78.1↑74.8 35.7↑26.0 65.2↑61.0 44.4↑44.4 58.6↑53.9 78.0↑54.9 58.2↑53.0

RL Training EMPG 85.5↑79.6 33.5↑28.0 78.9↑75.6 76.2↑66.5 74.7↑70.5 69.1↑69.1 69.7↑65.0 80.4↑57.3 60.8↑55.6

RL Training RewardFlow 77.4↑71.5 64.3↑58.8 84.0↑80.7 62.5↑52.8 86.4↑82.2 25.0↑25.0 66.6↑61.9 78.3↑55.2 60.9↑55.7

RL Training GiGPO 96.0↑90.1 76.5↑71.0 91.8↑88.5 91.3↑81.6 71.7↑67.5 79.5↑79.5 84.5↑79.8 83.1↑60.0 65.0↑59.8

RL Training HCAPO 88.6↑82.7 75.0↑69.5 97.6↑94.3 90.7↑81.0 84.2↑80.0 74.2↑74.2 85.1↑80.4 83.8↑60.7 68.5↑63.3

RL Training DEPPO 96.8↑90.9 82.9↑77.4 97.3↑94.0 98.7↑89.0 94.1↑89.9 83.6↑83.6 92.2↑87.5 86.5↑63.4 73.1↑67.9

Qwen2.5-7B-Instruct
Prompting Qwen2.5 33.4 21.6 19.3 6.9 2.8 3.2 14.5 26.4 7.8
Prompting ReAct 48.5↑15.1 35.4↑13.8 34.3↑15.0 13.2↑6.3 18.2↑15.4 17.6↑14.4 27.9↑13.4 46.2↑19.8 19.5↑11.7

Prompting Reflexion 62.0↑28.6 41.6↑20.0 44.9↑25.6 30.9↑24.0 36.3↑33.5 23.8↑20.6 39.9↑25.4 58.1↑31.7 28.8↑21.0

RL Training PPO 92.3↑58.9 64.0↑42.4 92.5↑73.2 89.5↑82.6 80.3↑77.5 68.8↑65.6 81.2↑66.7 81.4↑55.0 68.7↑60.9

RL Training RLOO 87.6↑54.2 78.2↑56.6 87.3↑68.0 81.3↑74.4 71.9↑69.1 48.9↑45.7 75.9↑61.4 80.3↑53.9 65.7↑57.9

RL Training GRPO 90.8↑57.4 66.1↑44.5 89.3↑70.0 74.7↑67.8 72.5↑69.7 64.7↑61.5 76.4↑61.9 79.3↑52.9 66.1↑58.3

RL Training DAPO 91.4↑58.0 72.0↑50.4 79.5↑60.2 82.7↑75.8 75.4↑72.6 51.7↑48.5 75.5↑61.0 80.2↑53.8 67.2↑59.4

RL Training EMPG 92.9↑59.5 75.2↑53.6 74.8↑55.5 86.3↑79.4 73.7↑70.9 65.3↑62.1 78.0↑63.5 81.0↑54.6 69.3↑61.5

RL Training RewardFlow 94.6↑61.2 70.0↑48.4 90.0↑70.7 86.4↑79.5 70.0↑67.2 70.0↑66.8 80.2↑65.7 84.4↑58.0 73.4↑65.6

RL Training GiGPO 97.7↑64.3 82.7↑61.1 98.8↑79.5 83.7↑76.8 89.3↑86.5 79.2↑76.0 88.6↑74.1 86.2↑59.8 75.2↑67.4

RL Training HCAPO 99.1↑65.7 90.3↑68.7 97.3↑78.0 81.8↑74.9 90.8↑88.0 81.9↑78.7 90.2↑75.7 85.1↑58.7 73.8↑66.0

RL Training DEPPO 100.0↑66.6 92.2↑70.6 97.0↑77.7 97.7↑90.8 92.3↑89.5 95.0↑91.8 95.7↑81.8 90.1↑63.7 84.3↑76.5

2024), and DAPO(Yu et al., 2025). To further evalu-
ate the effectiveness of structured credit assignment
in long-horizon sparse-reward settings, we include
recent RL training methods such as EMPG(Wang
et al., 2025) RewardFlow(Feng et al., 2026b),
GiGPO(Feng et al., 2026a), and HCAPO(Tan et al.,
2026).

Training Details. For fair comparison, we keep
the rollout setup, optimization protocol, and evalu-
ation procedure consistent with GiGPO. Detailed
hyperparameters and implementation settings are
reported in the Appendix F. Unless otherwise spec-
ified, all experimental results and analyses are re-
ported on ALFWorld using Qwen2.5-1.5B-Instruct.

4.2 Main Results

Table 1 reports the main results under Qwen2.5-
1.5B-Instruct and Qwen2.5-7B-Instruct backbones.
DEPPO achieves the best overall performance in

most settings. With the 1.5B backbone, DEPPO
improves the ALFWorld average from 84.5/85.1
to 92.2 over GiGPO/HCAPO, and obtains the best
WebShop Score/Success of 86.5/73.1. With the
7B backbone, DEPPO further reaches 95.7 on
ALFWorld and 90.1/84.3 on WebShop, exceeding
GiGPO by 7.1 points on ALFWorld average and 9.1
points on WebShop Success. These results show
that task-conditioned success–failure statistics pro-
vide effective step-level optimization signals for
long-horizon sparse-reward learning.

4.3 Analysis

Computational and Memory Overhead. DEPPO
stores only task–state–action statistics in CPU dic-
tionaries and introduces no additional trainable
modules. As shown in Table 2, most of the cost
comes from pool lookup and update, while advan-
tage reweighting requires only 0.04 ms per step.
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Table 2: Runtime overhead of DEPPO’s experience-
pool operations.

Operation Measured runtime

Pool lookup 42.21 ms/step
Advantage reweighting 0.04 ms/step
Pool update 34.91 ms/step
Decay and pruning 79.55 ms/trigger
Amortized total overhead 85.12 ms/step
Total on a decay/pruning step 156.72 ms

Decay and pruning are triggered periodically rather
than at every step. The resulting amortized over-
head is 85.12 ms per step, corresponding to only
0.04–0.07% additional training time over GiGPO.
The serialized pools occupy 1.02 MB, use approx-
imately 3–8 MB of live CPU memory, and re-
quire no persistent GPU memory, confirming that
DEPPO remains lightweight. Because experience
management is decoupled from model computa-
tion, DEPPO can be applied across backbone scales
without increasing parameter or activation memory.
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Figure 3: Comparison of the base model and different
RL optimization methods on Sokoban.

Evaluation on Vision-Language Benchmarks.
We further evaluate DEPPO on the visual reasoning
environment Sokoban(Culberson, 1997) under both
Qwen2.5-VL-3B and Qwen3-VL-8B backbones.
As shown in Figure 3, DEPPO consistently outper-
forms GRPO and GiGPO across different model
scales, demonstrating that the proposed experience-
driven policy optimization framework is also ef-
fective in vision-language decision-making tasks.
The results suggest that DEPPO can generalize be-
yond text-only interactive agents and provide stable
improvements in visually grounded sequential rea-
soning environments.
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Figure 4: Comparison of skill-based agent mechanisms
on ALFWorld and WebShop.

Comparison with Skill-based Mechanisms.
Figure 4 compares DEPPO with representative
skill-based agent methods on ALFWorld and Web-
Shop. Skill-SD(Wang et al., 2026a) and SDAR(Lu
et al., 2026) leverage externally generated skill
guidance during training, while SkillRL(Xia et al.,
2026) further builds a dynamically evolving skill
library for skill-augmented reinforcement learning.
All external skills are generated using OpenAI o3
under the same training configuration.

DEPPO consistently achieves the best perfor-
mance across both environments, indicating that
merely injecting external skills or internalizing
skills alone is insufficient for reliable long-horizon
decision-making. In contrast, DEPPO explicitly
models task-conditioned success–failure prefer-
ences over state-action patterns, enabling more ef-
fective utilization of historical experience during
policy optimization.
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Figure 5: Sensitivity analysis of the reweighting sharp-
ness β in DEPPO. The x-axis denotes scaling ratios
relative to the default β setting. A moderate sharpness
achieves the best trade-off between filtering weak experi-
ence signals and preserving informative success–failure
preferences.

Sensitivity Analysis of the Reweighting Sharp-
ness β. Figure 5 presents the sensitivity analysis of
the reweighting sharpness parameter β in DEPPO.
Excessively small β values lead to weak experience
discrimination, while overly large values may over-
amplify success–failure preferences and reduce pol-
icy flexibility. A moderate sharpness achieves the
best overall performance across both ALFWorld
and WebShop, highlighting the importance of bal-
anced advantage reweighting.

Experience Pool Dynamics Analysis. Fig-
ures 6 and 7 show how the dual experience pools
evolve during training. As training progresses, the
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become more informative, the preference signal gradu-
ally strengthens and induces larger step-level advantage
reweighting.

experience query coverage and support-activated
reweighting ratio both steadily increase, indicat-
ing that the pools gradually accumulate sufficient
historical evidence for reliable advantage reweight-
ing. Meanwhile, the fresh successful experience
ratio decreases and then stabilizes, suggesting that
the positive pool first absorbs many newly discov-
ered successful behaviors and later converges to
a more mature set of reusable success patterns.
The dynamics further reveal a stage-wise transi-
tion: early training is mainly guided by the nega-
tive pool, which suppresses high-risk actions from
frequent failures, while later training increasingly
relies on the positive pool to reinforce stable suc-
cessful behaviors. This demonstrates that the dual
pools gradually evolve from risk-control memories
into positive guidance structures for long-horizon
policy optimization.

Table 3: Ablation study of DEPPO components on ALF-
World and WebShop under different model scales.

Variant ALFWorld WebShop
SC Score SC Score

Qwen2.5-1.5B with GiGPO 84.5 47.6 65.0 83.1
+ Positive experience pool 90.4 58.3 69.7 85.2
+ Negative experience pool 91.3 64.4 71.9 85.8
+ Dynamic pool update 92.2 68.0 73.1 86.5
Qwen2.5-7B with GiGPO 88.6 55.7 75.2 86.2
+ Positive experience pool 93.5 68.3 79.8 88.5
+ Negative experience pool 95.1 71.1 82.7 89.6
+ Dynamic pool update 95.7 73.2 84.3 90.1

5 Ablation Study

Table 3 presents the ablation study of different
DEPPO components under both 1.5B and 7B
model scales. Adding the positive experience pool
consistently improves performance over the vanilla
GiGPO baseline, showing that successful historical
trajectories provide useful reusable decision pat-
terns. Incorporating the negative experience pool
further brings stable gains, indicating that suppress-
ing high-risk or failure-prone actions is equally
important for long-horizon optimization. Finally,
dynamic pool update achieves the best overall per-
formance across both ALFWorld and WebShop,
demonstrating that continuously evolving experi-
ence statistics are critical for maintaining effective
and adaptive step-level credit assignment during
reinforcement learning. These gains remain con-
sistent across both evaluated backbone scales and
environments.

6 Conclusion

We propose DEPPO, a critic-free and experience-
driven policy optimization framework for long-
horizon reinforcement learning. DEPPO trans-
forms historical trajectories into dual experience
pools that model task-conditioned success and fail-
ure statistics, enabling more reliable step-level
credit assignment under sparse terminal rewards.
By dynamically emphasizing effective behaviors
and repeated risky patterns, DEPPO provides adap-
tive optimization signals without requiring addi-
tional critics, process reward models, or auxiliary
supervision. Experiments on ALFWorld, WebShop,
and Sokoban show that DEPPO consistently im-
proves policy optimization across different model
scales and decision-making environments.
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Limitations

DEPPO relies on historical successful and
failed trajectories to estimate adaptive advantage
reweighting signals. Therefore, its effectiveness
depends on the diversity and coverage of the main-
tained experience pools, especially in highly open-
ended environments with sparse successful trajec-
tories.

In addition, our experiments mainly focus on
long-horizon agent and reasoning benchmarks. Fur-
ther evaluation on broader real-world settings and
larger-scale foundation models would help better
understand the scalability and generalization of
DEPPO.

Ethics Statement

DEPPO is designed for research on long-horizon
reinforcement learning and step-level credit assign-
ment. Our method does not involve human sub-
jects, private user data, or sensitive personal infor-
mation. The experiments are conducted on pub-
licly available benchmarks and open-source mod-
els. Like other RL methods for large language
models, DEPPO may amplify biased or suboptimal
behaviors if the reward signals are poorly designed.
Therefore, careful reward design and evaluation are
important for real-world deployment.
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Appendix
A Experience Pool Dynamics

To further analyze the behavior of DEPPO, we
track the evolution of the positive and negative
experience pools on ALFWorld under Qwen2.5-
1.5B-Instruct and Qwen2.5-7B-Instruct. Figure 8
shows the task-level coverage of the dual pools.
Overall, the number of task entries increases as
training proceeds. For the 1.5B model, the negative
pool grows faster in the early stage, reflecting that
the weaker policy produces more failed trajecto-
ries at the beginning. As the policy improves, the
positive pool gradually increases and becomes com-
parable to the negative pool. For the 7B model, the
positive pool grows more steadily, suggesting that
the stronger backbone can accumulate successful
task-level experiences more effectively.

Figure 9 presents the state-action entry dynamics.
The negative pool, especially under the 1.5B back-
bone, contains more state-action entries, indicating
that failed trajectories cover more diverse and un-
stable decision states. In contrast, the positive pool
grows more smoothly and records relatively sta-
ble successful patterns. These results show that
DEPPO benefits from both successful and failed
experiences: the positive pool provides reusable be-
havior guidance, while the negative pool helps iden-
tify and suppress risky actions during step-level
credit assignment.

B Hyperparameter Sensitivity

Sensitivity of Filtering Coverage. We first study
how the preference threshold τ∆ and the clipping
range affect the gated ratio, i.e., the fraction of train-
ing steps receiving experience-guided reweighting.

As shown in Table 4, increasing the preference
threshold reduces the gated ratio, while a wider
scaling range yields slightly greater shaping cov-
erage. These results show that the filtering mecha-

Table 4: Effect of filtering thresholds and scaling ranges
on the gated ratio.

τ∆ Scale Range Gated Ratio

0.03 [0.5, 1.5] 0.23
0.05 [0.5, 1.5] 0.18
0.10 [0.5, 1.5] 0.09

0.03 [0.2, 1.8] 0.26
0.05 [0.2, 1.8] 0.21
0.10 [0.2, 1.8] 0.11

nism provides direct control over the proportion of
samples affected by historical experience.

Table 5: Performance sensitivity of DEPPO on ALF-
World.

Parameter Setting Avg.

Smoothing α
0.05 90.7
0.1 92.2
0.2 91.3

Support Smin

4 89.2
8 92.2
16 90.7

Clipping range
[0.5, 1.5] 90.5
[0.2,1.8] 92.2
[0.1, 2.0] 91.4

Performance Sensitivity. Table 5 shows that
DEPPO remains stable across different smooth-
ing coefficients, support thresholds, and clipping
ranges. Moderate settings perform best: overly
small values can introduce unreliable reweighting,
whereas overly large values may reduce experi-
ence coverage or amplify noisy preferences. The
default configuration α = 0.1, Smin = 8, and
[wmin, wmax] = [0.2, 1.8] achieves the best overall
trade-off.

C Pruned Action Statistics

To further analyze the memory efficiency and dy-
namic evolution of DEPPO, we examine the num-
ber of pruned action entries during ALFWorld train-
ing. Following the decay and pruning strategy de-
scribed in Section 3.6, low-frequency or outdated
state-action entries are periodically removed from
the dual experience pools to maintain compact and
adaptive memory structures.

As shown in Table 6, the number of pruned ac-
tions is relatively high during early training and
gradually decreases as training progresses. This
trend suggests that the experience pools initially ab-
sorb a large amount of unstable exploration behav-
ior, while later training stages become increasingly
dominated by reusable and stable action patterns.

We also observe a substantial difference between
model scales. The Qwen2.5-1.5B model consis-
tently produces significantly more pruned actions
than Qwen2.5-7B, especially during the early train-
ing stage. For example, at training step 40, the
1.5B model prunes 9320 action entries, whereas
the 7B model prunes only 531. This phenomenon
indicates that smaller models generate noisier and
less stable trajectories, leading to more transient
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Figure 8: Evolution of task coverage in the dual expe-
rience pools during ALFWorld training under different
model scales.
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Figure 9: Evolution of state-action statistics in the dual
experience pools during ALFWorld training under dif-
ferent model scales.

Table 6: Pruned action count every 10 training steps
during the first 150 training steps on ALFWorld.

Step Qwen2.5-1.5B Qwen2.5-7B

10 5956 525
20 8402 693
30 7955 706
40 9320 531
50 7826 538
60 5567 421
70 3737 424
80 2887 237
90 2322 234

100 1301 201
110 1164 200
120 893 213
130 612 189
140 634 154
150 514 185

state-action statistics that are eventually removed
by the pruning mechanism. In contrast, larger mod-
els maintain more stable experience structures and
require less aggressive cleanup.

D Additional Training Dynamics

To further analyze the optimization behavior of
DEPPO on long-horizon interactive tasks, we re-
port additional training dynamics on ALFWorld,
including subtask-level validation success rates, re-
sponse length evolution, and entropy regularization
dynamics. All figures are generated from smoothed
validation statistics during reinforcement learning
training.

Figure 10 presents the validation success rates
for different ALFWorld subtasks under GRPO,
GiGPO, and DEPPO. Across nearly all subtasks,
DEPPO achieves faster convergence and consis-
tently higher final performance. The improvement
is especially significant on long-horizon subtasks
such as Heat, Cool, and Pick2, where effective

step-level credit assignment is particularly impor-
tant. Compared with GRPO and GiGPO, DEPPO
exhibits both stronger learning efficiency during
early training and more stable convergence behav-
ior in later stages.

Figure 11 further reports the evolution of aver-
age response length and entropy loss during train-
ing. DEPPO maintains relatively stable response
lengths while gradually reducing entropy loss, indi-
cating that the policy becomes increasingly confi-
dent and structured during optimization. Compared
with GRPO, DEPPO avoids excessively long and
unstable trajectories, suggesting that experience-
guided advantage reweighting helps suppress in-
efficient exploration behaviors. Meanwhile, the
entropy dynamics remain smoother than GiGPO in
later training stages, demonstrating improved opti-
mization stability under sparse terminal rewards.

E Additional Component Analysis

E.1 Effect of Support-Aware Filtering

To evaluate the importance of the support-aware
filtering mechanism in DEPPO, we compare train-
ing dynamics and final performance with and with-
out threshold-based filtering. The filtering mech-
anism selectively applies advantage reweighting
only when the queried state-action statistics sat-
isfy sufficient support and preference confidence
conditions. This design aims to suppress noisy or
unreliable reweighting signals during early-stage
exploration.

Figure 13 presents several internal shaping statis-
tics during training, including the gated ratio, mean
reweighting scale, mean preference delta, and mean
absolute delta. Without filtering, the gated ratio
rapidly increases to a much higher level, indicat-
ing that advantage reweighting is applied to a sub-
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Figure 10: Validation success-rate dynamics on different ALFWorld subtasks during reinforcement learning training.
DEPPO consistently achieves faster convergence and higher final success rates across most subtasks.
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Figure 11: Training dynamics of response length (left) and entropy loss (right) on ALFWorld. DEPPO exhibits
more stable trajectory generation and smoother optimization behavior compared with GRPO and GiGPO.

stantially larger fraction of training samples. This
behavior also leads to noticeably larger scaling fac-
tors and more aggressive preference updates. In
contrast, the filtering mechanism maintains a more
conservative and stable shaping process, preventing
unreliable low-support experience statistics from
dominating policy optimization.

Interestingly, although the unfiltered variant pro-
duces larger average scaling values, its preference
statistics become substantially noisier throughout
training. The filtered variant instead maintains
smoother and more consistent delta dynamics, sug-
gesting that support-aware gating effectively sta-
bilizes experience-guided credit assignment under
sparse terminal rewards.

Figure 12 further compares the validation suc-
cess ratio. Despite applying reweighting to fewer
training samples, the filtered variant consistently

achieves higher final success rates and more stable
convergence behavior. This result demonstrates
that selectively applying experience-guided shap-
ing based on sufficient support is critical for pre-
venting noisy reinforcement signals and improving
long-horizon reinforcement learning stability.

F Training Hyperparameters

Unless otherwise specified, all experiments use a
unified training configuration. We initialize the
policy from the corresponding backbone model,
including Qwen2.5-1.5B-Instruct, Qwen2.5-7B-
Instruct, Qwen2.5-VL-3B, and Qwen3-VL-8B. All
baselines and DEPPO variants share the same roll-
out protocol, optimization settings, and evaluation
procedures for fair comparison.

For policy optimization, we use a learning rate
of 1 × 10−6, a PPO mini-batch size of 256, and
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Figure 12: Validation success ratio comparison with
and without support-aware filtering. Threshold-based
filtering significantly improves optimization stability
and final task performance.

Table 7: Key hyperparameters used in DEPPO.

Hyperparameter Value

Learning rate 1× 10−6

Training batch size 16
Rollouts per prompt 8
Maximum response length 512
Preference threshold τ∆ 0.03
Reweighting range [0.2, 1.8]
Decay rate λ 0.995
Top-k actions 32
Number of GPUs 8
Training epochs 150

a KL coefficient of 0.01. Each prompt generates
8 rollouts with a training batch size of 16. The
maximum prompt and response lengths are set to
4096 and 512, respectively. All experiments are
trained on 8 GPUs for 150 epochs.

For DEPPO, the smoothing coefficient α is set
to 0.1, the preference threshold τ∆ is 0.03, and the
minimum support threshold is 8. The advantage
reweighting range is clipped to [0.2, 1.8]. We use a
decay rate of 0.995 for memory updates and retain
at most 32 actions per state. Table 7 summarizes
several key hyperparameters.

G Benchmark Suite and Environment
Statistics

This section presents the benchmark environments
used for empirical evaluation. Our experiments
focus exclusively on interactive long-horizon agent
tasks with sparse terminal rewards. To compre-
hensively evaluate sequential decision-making and
credit assignment ability, we consider three rep-
resentative environments: ALFWorld, WebShop,
and Sokoban. These benchmarks cover embodied
household interaction, web-based decision mak-
ing, and symbolic planning, respectively, providing

complementary challenges for long-horizon rein-
forcement learning.

Interactive agent environments. All selected
environments require sequential decision making
under sparse terminal rewards, making them suit-
able for evaluating long-horizon credit assignment.

ALFWorld is an embodied household inter-
action benchmark derived from TextWorld and
ALFRED/THOR. The agent completes multi-step
tasks such as object manipulation, transportation,
heating, and cleaning through textual actions. Re-
wards are mainly provided upon successful task
completion, creating a challenging sparse-reward
setting for long-horizon planning and reasoning.

WebShop is a web-based decision-making en-
vironment built from a large-scale online product
database. Given a shopping instruction, the agent
must search, browse, compare products, and se-
lect a final item through sequential interactions.
Because rewards depend primarily on the final pur-
chase outcome, WebShop serves as a representative
sparse-reward benchmark for web navigation and
retrieval-based decision making.

Sokoban is a symbolic planning environment
where the agent pushes boxes to target locations in
a grid world while avoiding irreversible deadlock
states. Despite its simple action space, Sokoban
requires long-term planning and precise state tran-
sitions under highly delayed rewards, making it
suitable for evaluating long-horizon reinforcement
learning.

H Detailed Algorithms of DEPPO

This appendix presents the detailed training and
memory-update procedures of DEPPO. DEPPO
performs experience-guided step-level credit as-
signment by maintaining two task-conditioned ex-
perience pools that separately model successful and
failed historical behaviors. During training, the cur-
rent policy first queries the dual pools to estimate
the relative success–failure preference of each ac-
tion under the same task-state condition, and then
adaptively reweights the advantage used for policy
optimization.

The complete framework consists of two cou-
pled procedures. Algorithm 1 describes the overall
training pipeline, including trajectory rollout, dual-
pool query, support-aware advantage reweighting,
and policy optimization. Algorithm 2 presents the
asymmetric experience update mechanism, includ-
ing freshness-aware successful insertion, repeated-
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Figure 13: Comparison of internal shaping statistics with and without support-aware filtering. The filtering
mechanism produces more stable gating ratios, reweighting scales, and preference dynamics during training.

failure emphasis, exponential decay, and memory
pruning.

Importantly, DEPPO always queries the expe-
rience pools before inserting the current batch,
preventing self-leakage between experience con-
struction and advantage estimation. Together, the
two procedures form a closed-loop learning pro-
cess in which historical trajectories continuously
provide structured success–failure supervision for
long-horizon reinforcement learning.
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Algorithm 1 DEPPO Training with Experience-Guided Advantage reweighting

Input: Policy πθ, success pool D+, failure pool D−, smoothing coefficient α, stability constant ϵ,
sharpness β, support thresholds Smin, S

each
min , preference threshold τ∆, weight bounds wmin, wmax.

Output: Optimized policy πθ.
1: Initialize D+ ← ∅, D− ← ∅.
2: for each training iteration do
3: Sample tasks {ui}Ki=1 and roll out trajectories {τi}Ki=1 with πθ.
4: Obtain terminal outcome labels yi ∈ {+1,−1} from trajectory-level rewards.
5: Compute base advantages Ai,t using the state-aware group-based optimization strategy in GiGPO.
6: for each trajectory τi = {(si,t, ai,t)}Ti

t=1 do
7: for each step t do
8: Query D+ and D− using the task-state key (ui, si,t).
9: Construct action support set:

Aui,si,t = {a : c+ui
(si,t, a) > 0} ∪ {a : c−ui

(si,t, a) > 0} ∪ {ai,t}.

10: Estimate smoothed success/failure probabilities:

P±(ai,t | ui, si,t) =
c±ui

(si,t, ai,t) + α

N±
ui(si,t) + α|Aui,si,t |

.

11: Compute success–failure preference:

∆i,t = log
P+(ai,t | ui, si,t) + ϵ

P−(ai,t | ui, si,t) + ϵ
.

12: Compute support-aware gate:

gi,t = I
[
Sui,si,t ≥ Smin ∧ S+

ui,si,t ≥ Seach
min ∧ S−

ui,si,t ≥ Seach
min ∧ |∆i,t| ≥ τ∆

]
.

13: Compute reweighting coefficient:

wi,t = clip (exp(βyi∆i,t), wmin, wmax)
gi,t .

14: Reweight the advantage:
Ãi,t = wi,tAi,t.

15: end for
16: end for
17: Update πθ with PPO-style optimization using Ãi,t.
18: Update D+ and D− using Algorithm 2.
19: end for
20: return πθ.
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Algorithm 2 Asymmetric Experience Pool Update in DEPPO

Input: Trajectories {τi}Ki=1, labels {yi}Ki=1, pools D+,D−, decay rate λ, pruning thresholds δa, δs,
action budget Ka, state budget Ks.
Output: Updated pools D+ and D−.

1: for each trajectory τi = {(si,t, ai,t)}Ti
t=1 with task ui do

2: for each step t do
3: if yi = +1 then
4: Compute freshness-aware insertion weight:

ψ+
i,t = ψ+

0

(
1 + γf max

(
0, η − P+(ai,t | ui, si,t)

))
.

5: Update success pool:

c+ui
(si,t, ai,t)← c+ui

(si,t, ai,t) + ψ+
i,t.

6: else
7: Compute risk-aware insertion weight:

ψ−
i,t = ψ−

0

(
1 + γlate

t− 1

Ti − 1

)(
1 + γrep log(1 + c−ui

(si,t, ai,t))
)
(1 + γinvalidI[ai,t = INVALID]) .

8: Update failure pool:

c−ui
(si,t, ai,t)← c−ui

(si,t, ai,t) + ψ−
i,t.

9: end if
10: end for
11: end for
12: for each pool D ∈ {D+,D−} do
13: for each task-state-action entry (u, s, a) in D do
14: Apply exponential decay:

cu(s, a)← λcu(s, a).

15: if cu(s, a) < δa then
16: Remove action entry (u, s, a).
17: end if
18: end for
19: for each task-state pair (u, s) do
20: Retain only the top-Ka actions with the largest counts.
21: if

∑
a cu(s, a) < δs then

22: Remove state entry (u, s).
23: end if
24: end for
25: for each task u do
26: if the number of states under u exceeds Ks then
27: Remove states with low total counts and old update timestamps first.
28: end if
29: end for
30: end for
31: return D+,D−.
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