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Abstract

Reinforcement learning (RL) has emerged as the predominant
paradigm for training large language model (LLM) agents to
solve complex, multi-step tasks through environmental inter-
action. A fundamental challenge in such long-horizon sce-
narios is credit assignment, as delayed rewards provide inad-
equate signals for evaluating individual action contributions.
Existing methods typically neglect trajectory transition dy-
namics, which leads to coarse-grained or biased credit assign-
ment. To address these limitations, we introduce SHADOW,
a novel framework that systematically incorporates transition
dynamics for improved credit assignment. Our framework
makes two primary contributions: (i) a dynamics-aware state
grouping mechanism that mitigates misleading action com-
parisons between dynamically inconsistent states, and (ii) a
local dynamic advantage estimator that leverages Generalized
Advantage Estimation (GAE) to precisely quantify individual
action contributions through a fine-grained analysis of transi-
tion patterns. Comprehensive experiments conducted with the
Qwen2.5-1.5/7B-Instruct agent model demonstrate that our
method achieves success rate improvements of 9.4%/7.6% on
the ALFworld benchmark and a performance gain of over 5%
on WebShop.

Code — https://github.com/yzliu7776/SHADOW

Introduction
Large Language Models (LLMs) (Team et al. 2023; Achiam
et al. 2023; Guo et al. 2025; Liu et al. 2024; Hui et al.
2024; Bai et al. 2025; Jaech et al. 2024) have evolved into
dynamic agents capable of sophisticated behaviors such as
planning (Wang et al. 2023), tool use (Schick et al. 2023;
Wang et al. 2025b), and sustained environmental interaction
(Hong et al. 2024; Putta et al. 2024). Modern LLM agents
autonomously navigate diverse interfaces including mobile
(Gou et al. 2024; Wang et al. 2024a; Zhang and Zhang 2023;
Hong et al. 2024; Hu et al. 2024), operating systems (Tan
et al. 2024b; Xie et al. 2024; Zhang et al. 2024a), and web
environments (Gur et al. 2023; Furuta et al. 2023; Zheng
et al. 2024). They further excel at multi-step coding tasks
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(Zhang et al. 2024b) and control embodied systems in vir-
tual worlds (Li et al. 2024). These advanced capabilities crit-
ically depend on the LLMs’ ability to chain actions over ex-
tended horizons, a paradigm where reinforcement learning
(RL) has proven indispensable. By optimizing for task com-
pletion through environmental feedback, RL aligns LLMs
with goal-directed behaviors, underpinning cutting-edge AI
systems (Wei et al. 2025; Zitkovich et al. 2023; Tan et al.
2024a; Zhai et al. 2024; Bai et al. 2024; Wang et al. 2024b).

However, RL’s efficacy in long-horizon agent training is
fundamentally constrained by the credit assignment prob-
lem (Feng et al. 2025b; Wen et al. 2024; Feng et al. 2025a;
Kazemnejad et al. 2024; Wang et al. 2025a; Zheng et al.
2025; Zhang et al. 2025). Unlike single-turn tasks, agen-
tic workflows span numerous steps with delayed rewards,
where success signals often emerge only at episode termina-
tion. This sparsity obscures individual action contributions,
forcing agents to learn from weak, globally attributed feed-
back. While group-based RL methods (Shao et al. 2024; Yu
et al. 2025; Lin et al. 2025) mitigate this via trajectory-level
advantage estimation, they lack stepwise granularity: actions
are evaluated only within coarse rollout groups, neglecting
their incremental progress toward task completion. Conse-
quently, agents experience inefficient exploration, subopti-
mal grounding in environmental constraints, and diminished
performance in complex interactive settings.

While Traditional Group-based RL (Shao et al. 2024)
utilizes only trajectory indices for trajectory-level credit
assignment, GiGPO (Feng et al. 2025b) further incorpo-
rates observational information to achieve step-level credit
assignment by grouping states with identical observations
(represented by hash values) and comparing actions stem-
ming from these identical observations. However, a critical
limitation of GiGPO lies in its disregard for transition dy-
namic information, which introduces two significant draw-
backs: its observation-based state grouping can lead to mis-
leading credit assignment signals due to comparisons of ac-
tions from dynamically inconsistent states under partial ob-
servability, and its action comparison metric, based solely
on discounted episodic returns, results in coarse step-level
credit assignment by neglecting local transition dynamic
patterns.

These shortcomings underscore the necessity of integrat-
ing transition dynamics for enhanced accuracy and granu-
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larity in credit assignment, especially under partial observ-
ability. Our focus is therefore on exploiting the transition
dynamic information within trajectory groups to generate
more robust credit assignment signals. This approach al-
lows for the identification of states with inconsistent dy-
namic behavior, even when they share identical observa-
tions; for instance, when the same action leads to divergent
successor states or distinct rewards, or when the states them-
selves possess dissimilar admissible action spaces. Further-
more, leveraging local transition dynamic patterns provides
a finer-grained action evaluation, as the state evaluation of
consequent successor states offers more immediate and in-
formative insight into action effects than relying solely on
long-horizon episodic returns.

Based on these insights, we propose SHADOW (Step-
Honored Advantage with Dynamic-aware Observation
Weight), a novel step-level, group-based credit assignment
framework that provides finer-grained credit assignment
through two synergistic components:

• A dynamic-aware state grouping mechanism that mit-
igates action comparisons between dynamically incon-
sistent states by utilizing a dynamic-aware observation
weight matrix extracted from the transition dynamics of
the trajectory group.

• A local dynamic advantage estimator that quantifies the
contribution of a single action using Generalized Advan-
tage Estimation (Schulman et al. 2015) for more precise,
fine-grained credit assignment.

Experiments conducted with the Qwen2.5-1.5B/7B-Instruct
LLMs demonstrate that SHADOW outperforms GiGPO and
other baseline methods, achieving consistent performance
gains 9.4% and 7.6% on the ALFworld benchmark, and an
improvement of over 5% in WebShop.

Related Works
Reinforcement Learning for LLMs
RL has become an indispensable paradigm for enhancing
LLMs, particularly for tasks demanding sophisticated rea-
soning and decision-making. Initial research primarily fo-
cused on aligning LLM capabilities with human preferences
through techniques like Reinforcement Learning from Hu-
man Feedback (RLHF) (Ziegler et al. 2019; Stiennon et al.
2020; Ouyang et al. 2022), establishing a crucial foundation
for behavior shaping. More recently, group-based RL algo-
rithms have emerged as robust alternatives to conventional
policy optimization strategies such as Proximal Policy Op-
timization (PPO) (Schulman et al. 2017). These collective
learning approaches, including methods like RLOO (Kool,
van Hoof, and Welling 2019; Ahmadian et al. 2024), GRPO
(Shao et al. 2024), Dr. GRPO (Liu et al. 2025), DAPO (Yu
et al. 2025), and CPPO (Lin et al. 2025), circumvent the
need for explicit value functions. Instead, they estimate ad-
vantages by analyzing collections of samples from identical
initial states, enabling efficient and scalable RL training for
large models. This methodology has shown impressive em-
pirical performance across diverse applications, notably in
mathematical reasoning (Guo et al. 2025; Shao et al. 2024),

leveraging search engines (Jin et al. 2025; Sun et al. 2025),
and facilitating effective tool use (Qian et al. 2025; Wang
et al. 2025b). Despite their efficacy, a persistent challenge
for existing group-based RL techniques lies in their limited
capacity to provide fine-grained credit assignment signals
(Feng et al. 2025b), which is crucial for optimizing long-
horizon and complex agent behaviors.

Credit Assignment for LLM Reinforcement
Learning
Effective credit assignment mechanisms are increasingly vi-
tal for enhancing the sample efficiency of RL in LLMs,
particularly when addressing long-horizon tasks. Existing
credit assignment methods can be broadly categorized by
their scope. Step-level credit assignment aims to provide
fine-grained feedback for individual environmental steps,
often deriving signals from hashable environmental states
(Feng et al. 2025b), meta-reasoning types of the thinking
process (Zhang et al. 2025), or learned progress reward
models (Wang et al. 2025a), enabling precise optimization
at each decision point. Chunk-level credit assignment seg-
ments long Chain-of-Thought (Wei et al. 2022) generations
into smaller conceptual units or ”chunks,” utilizing Monte
Carlo estimations to provide feedback at this intermedi-
ate granularity. Chunk delineation can be determined by
rule-based heuristics (Kazemnejad et al. 2024) or by ana-
lyzing token-entropy patterns (Zheng et al. 2025). Lastly,
token-level credit assignment focuses on modeling the spe-
cific contribution of each token to assign highly granu-
lar feedback. Such detailed feedback can be derived from
the causal relationships of generated environmental actions
(Feng et al. 2025a), through the analysis of token-entropy
patterns (Wang et al. 2025c), or via group comparison (Wen
et al. 2024). Our proposed method aligns with the princi-
ples of step-level credit assignment, specifically focusing on
leveraging richer information from environmental transition
dynamics against long-horizon tasks.

Dynamics-Aware Representation Learning in RL
Dynamics-aware representation learning leverages transi-
tion dynamic information from replay buffers to learn latent
representations that facilitate state aggregation for down-
stream tasks. Common approaches include forward dynam-
ics, which predict next states given current states and ac-
tions, and inverse dynamics, which predict actions from con-
secutive states (Pathak et al. 2017). These methods effec-
tively partition the state space by distinguishing transition
patterns, enabling meaningful implicit state grouping. Such
dynamics-aware representations form the foundation for in-
trinsic reward computation (Pathak et al. 2017; Raileanu
and Rocktäschel 2020; Badia et al. 2020; Guo et al. 2022;
Henaff et al. 2022; Saade et al. 2023; Wan et al. 2023), pro-
viding principled measures of novelty and diversity through
their state grouping properties (Pathak et al. 2017). Re-
ward prediction, another dynamics-aware approach that esti-
mates rewards from state-action pairs, learns state represen-
tations crucial for policy learning efficiency via their implicit
state grouping properties (Schrittwieser et al. 2020; Hafner
et al. 2019, 2020, 2023). Our SHADOW method employs
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Figure 1: Overview of the SHADOW framework, which features a dynamic-aware state grouping mechanism and a local dy-
namic advantage estimator. The dynamic-aware state grouping mechanism employs a Dynamic-Aware Observation Weight
(DOW) matrix, derived from trajectory group transition dynamics. This matrix implicitly performs Dynamic-Inconsistent Sep-
aration (DIS) for states with inconsistent dynamics (e.g., disparate admissible action spaces, forward dynamics, or reward
dynamics) and Dynamic-Consistent Aggregation (DCA) for guaranteed identical states (e.g., those with identical action histo-
ries from identical initial states in deterministic environments). State value estimation are group-averaging calculated with the
weight matrix, which are subsequently fed to a GAE advantage estimator for the final step-honored credit assignment signal.

this dynamics-aware paradigm to mitigate action compar-
isons between dynamic-inconsistent states for more accurate
credit assignment.

Preliminaries
Problem Setup We focus on training LLM-based agents
for long-horizon tasks. At each time step t, the agent ob-
serves a state st, generates a textual action at from its pol-
icy πθ(at|st) (encompassing both the thinking process and
the selected environmental action), receives a reward rt,
and transitions to st+1. A full episode forms a trajectory
τ = {(s1, a1, r1), . . . , (sT , aT , rT )}.

Group-based Reinforcement Learning For a given task,
LLM agents generate a group of N trajectories G =
{τ1, . . . , τN} under πθ, each with a scalar return R(τi).
Group-based RL methods, such as GRPO (Shao et al.
2024), compute the episode-level advantage from these
group statistics:

Adveps(τi, G) = GN(R(τi), {R(τj)}Nj=1), (1)

where GN(x,X ) = x−µ(X )
σ(X ) or GN(x,X ) = x − µ(X ) is

the group normalization operator.

Step-level Credit Assignment in Group-based RL This
paper considers step-level credit assignment within the
group-based RL setting. This involves calculating the ad-
vantage function for each generated textual action at each
timestep, formulated as Adv(at|st, G).

Group-in-Group Policy Optimization (GiGPO) GiGPO
(Feng et al. 2025b) employs an anchor state grouping mech-
anism: states with identical observations are grouped to-
gether, and group-wise action comparisons are performed
for step-level advantage:

Advgigpo(ai|si, G) = GN(Rγ(si), {Rγ(s)}s∈Ganc(si)),
(2)

where Rγ(·) is the discounted episodic return, G is the tra-
jectory group and Ganc(si) = {s ∈ G | s = si} is the
anchor state group.

Dynamic-aware Credit Assignment with
SHADOW

Analysis of State Grouping
Despite its advancements, GiGPO’s overlook of transition
dynamic information introduces two critical limitations for
fine-grained credit assignment. First, its observation-based
state grouping mechanism can lead to misleading credit as-
signment signals. This occurs because states with identical
observations may possess inconsistent underlying transition
dynamics. In such cases, grouping and comparing actions
based solely on observation identity can incorrectly assign
negative advantage to an optimal action or positive advan-
tage to a suboptimal one if it happens to be grouped with a
state having a much higher true optimal return. For instance,
if s1 and s2 have identical observations but the optimal re-
turn R(s1, a

∗
s1) > R(s2, a

∗
s2), comparing R(s1, a

∗
s1) and

R(s2, a
∗
s2) might assign a negative advantage to a∗s2 even
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Algorithm 1: DOW Matrix Calculation

Require: Trajectory group G with all n states indexed
by position with function idx(), anchor state grouping
function Ganc, admissible action space function A, ac-
tion history checker function H , weight hyperparameter
K > 0.

Ensure: DOW Matrix M ∈ Rn×n

1: Initialize M :
• if H(si) = H(sj) set M [i, j] = K + 1
• else if (Ganc(si) = Ganc(sj)) ∧ (A(si) = A(sj))

set M [i, j] = 1
• otherwise set M [i, j] = 0

2: M ′ ←M
3: while True do
4: for all (i, j) where M ′[i, j] = 1 do
5: Get transition (si, ai, ri, s

′
i) and (sj , aj , rj , s

′
j)

from G.
6: if ai=aj then
7: if M [idx(s′i), idx(s′j)] = 0 ∨ ri ̸= rj then
8: for all (k, l) where (M ′[i, k] = K + 1) ∧

(M ′[j, l] = K + 1) do
9: M [k, l]← 0

10: end for
11: end if
12: end if
13: end for
14: if M ′ ≡M then
15: Break
16: end if
17: M ′ ←M
18: end while
19: return M

if it is optimal for s2. Second, GiGPO’s reliance on the dis-
counted episodic return, gained after a long horizon, as the
sole metric for action evaluation results in coarse-grained
advantages. This metric fails to disentangle the precise im-
pact of individual actions within a sequence, thus limiting
the granularity of credit assignment.

Dynamic-aware State Grouping Mechanism for
Value Estimation
To mitigate misleading credit assignment signals arising
from action comparisons between dynamically inconsistent
states, SHADOW leverages available trajectory transition
dynamic information to refine the grouping of observation-
identical states. We formally define dynamically identical
states through four fundamental properties, ensuring consis-
tency in their behavioral outcomes:

1. Identical Forward Dynamics: Identical states must ex-
hibit the same probabilistic transitions to next states
given any identical action, i.e., p(s′|s1, a) = p(s′|s2, a)
for all a, s′. In deterministic environments, this simplifies
to identical states transitioning to identical next states for
any identical action.

2. Identical Admissible Action Spaces: Dynamically

identical states possess the same set of permissible ac-
tions. This is a natural extension of the identical forward
dynamics, ensuring that not only do actions lead to the
same next states, but the set of available actions is also
consistent.

3. Identical Reward Dynamics: Identical states must yield
the same probabilistic single-step rewards given any
identical action, i.e., p(r|s1, a) = p(r|s2, a) for all a, r.
In deterministic environments, this means an identical
action from dynamically identical states results in an
identical single-step reward.

4. Guaranteed Identicality (Deterministic Environ-
ments): For deterministic environments, states derived
from performing identical action sequences from an
identical initial state are guaranteed to be truly identical.

Building on these four properties, our framework per-
forms two key operations on observation-identical states
to refine their grouping. The first three properties (Identi-
cal Forward Dynamics, Identical Admissible Action Spaces,
and Identical Reward Dynamics) are utilized for Dynamic-
Inconsistent Separation (DIS) which identifies and separates
state pairs exhibiting dynamically inconsistent behaviors by
violating any of these three properties. The fourth prop-
erty, Guaranteed Identicality, forms the basis for Dynamic-
Consistent Aggregation (DCA). Leveraging this strong guar-
antee in deterministic environments, we can further aggre-
gate states that are confirmed to be identical based on their
shared action history.

Given a trajectory group containing n states, initially par-
titioned into anchor state groups based on observation iden-
tity, we introduce a Dynamic-Aware Observation Weight
(DOW) matrix M ∈ Rn×n to implicitly perform DIS and
DCA. The DOW matrix M is initialized block-diagonal,
with entries set to 1 for state pairs within the same anchor
state group and 0 otherwise. Subsequently, DIS is applied
by setting the weight of all dynamic-inconsistent state pairs
to 0 within M. Concurrently, DCA is applied by setting the
weight of guaranteed identical state pairs to K + 1 (where
K > 0), significantly increasing their influence. Since veri-
fying identical forward dynamics involves identity informa-
tion backpropagation, this process is performed iteratively,
as summarized in Algorithm 1.

The value estimation for each state is then derived from a
weighted average using the DOW matrix, which implicitly
separates or further aggregates dynamic-inconsistent and
guaranteed-identical states, respectively:

V (s, G) = (MRγ(s))⊘ (M1), (3)
where ⊘ denotes element-wise division, 1 represents the
unit vector, and Rγ(s) is a vector of discounted episodic re-
turns corresponding to each state in s.

Step-Honored Advantage from GAE
To precisely attribute credit to individual steps, we adapt the
Generalized Advantage Estimation (GAE) (Schulman et al.
2015). This adaptation extends GAE’s conventional applica-
tion from neural value approximation settings to our DOW-
averaged value estimation, thus providing a refined advan-
tage signal.
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Type Method ALFWorld WebShop
Pick Look Clean Heat Cool Pick2 All Score Succ.

Base: Closed-Source Model
Prompting GPT-4o 75.3 60.8 31.2 56.7 21.6 49.8 48.0 31.8 23.7
Prompting Gemini-2.5-Pro 92.8 63.3 62.1 69.0 26.6 58.7 60.3 42.5 35.9

Base: Qwen2.5-1.5B-Instruct
Prompting Qwen2.5 5.9 5.5 3.3 9.7 4.2 0.0 4.1 23.1 5.2
Prompting ReAct 17.4 20.5 15.7 6.2 7.7 2.0 12.8 40.1 11.3
Prompting Reflexion 35.3 22.2 21.7 13.6 19.4 3.7 21.8 55.8 21.9
RL Training PPO (with critic) 64.8±3.5 40.5±6.9 57.1±4.9 60.6±6.6 46.4±4.0 47.4±1.9 54.4±3.1 73.8±3.0 51.5±2.9
RL Training RLOO 88.3±3.0 52.8±8.6 71.0±5.9 62.8±8.7 66.4±5.5 56.9±4.7 69.7±2.5 73.9±5.6 52.1±6.7
RL Training GRPO 85.3±1.5 53.7±8.0 84.5±6.8 78.2±7.9 59.7±5.0 53.5±5.6 72.8±3.6 75.8±3.5 56.8±3.8
RL Training GiGPO 98.9±1.6 77.8±20.8 79.7±8.5 80.6±6.4 90.1±7.1 83.6±5.1 86.7±5.1 83.9±2.1 71.4±1.8
RL Training SHADOW (Ours) 99.0±1.4 90.9±7.4 99.0±1.5 100.0±0.0 88.5±4.7 94.7±0.4 96.1±0.7 88.1±1.1 76.6±0.6

Base: Qwen2.5-7B-Instruct
Prompting Qwen2.5 33.4 21.6 19.3 6.9 2.8 3.2 14.8 26.4 7.8
Prompting ReAct 48.5 35.4 34.3 13.2 18.2 17.6 31.2 46.2 19.5
Prompting Reflexion 62.0 41.6 44.9 30.9 36.3 23.8 42.7 58.1 28.8
RL Training PPO (with critic) 92.3±4.0 64.0±8.4 92.5±2.4 89.5±7.0 80.3±2.0 68.8±8.3 80.4±2.7 81.4±3.1 68.7±5.1
RL Training RLOO 87.6±4.3 78.2±8.3 87.3±5.8 81.3±7.6 71.9±5.2 48.9±8.4 75.5±4.6 80.3±3.2 65.7±4.0
RL Training GRPO 90.8±5.1 66.1±6.7 89.3±5.4 74.7±6.9 72.5±5.4 64.7±7.3 77.6±5.2 79.3±2.8 66.1±3.7
RL Training GiGPO 97.8±3.0 89.5±8.7 86.2±7.3 88.6±5.7 85.6±5.9 88.6±2.6 90.1±1.3 86.5±3.7 76.3±6.5
RL Training SHADOW (Ours) 100.0±0.0 100.0±0.0 100.0±0.0 100.0±0.0 85.6±10.6 100.0±0.0 97.7±1.7 89.1±2.5 81.5±2.9

Table 1: Performance on ALFWorld and WebShop. For ALFWorld, the metric is the average success rate (%) for each subtask
and the overall result. For WebShop, the metric is the average environmental score and the average success rate (%). Results
are averaged over 3 random seeds.

Consider a trajectory τ = {(si, ai, ri)}Ni=0 with cor-
responding state values {V (si, G)}Ni=0 obtained from our
DOW matrix. We set V (sN+1, G) = 0 as a termination con-
dition. The advantage for an action ai taken at state si within
trajectory τ is computed as:

Advshadow(ai|si, τ) =
N∑
k=i

(λγ)k−iδk, (4)

where δk = rk + γV (sk+1, G) − V (sk, G) represents the
temporal difference (TD) error at step k. Here, λ ∈ [0, 1]
is a hyperparameter of GAE that continuously interpolates
between the local step credit assignment (λ → 0) and the
trajectory-level credit assignment (λ = 1).

GiGPO: A Simplified Instance of SHADOW
Our framework integrates the Dynamics-Aware State
Grouping with GAE to derive step-level advantages. Beyond
this fine-grained step-level credit assignment, SHADOW
also incorporates episode-level advantages (i.e., Adv =
Advshadow + Adveps), analogous to GiGPO, to encourage
long-range coherence.

The relationship between SHADOW and GiGPO can be
understood as follows: GiGPO can be regarded as a sim-
plified instance of SHADOW. Specifically, when the GAE
hyperparameter λ is set to 1, and the Dynamic-Aware Ob-
servation Weight (DOW) matrix is exclusively initialized
in a block-diagonal fashion based on observation identity
without further updates from the Dynamic-Inconsistent Sep-
aration (DIS) and Dynamic-Consistent Aggregation (DCA)
objectives, SHADOW becomes equivalent to GiGPO. This

highlights that SHADOW generalizes GiGPO by explic-
itly exploiting transition dynamic information for improved
credit assignment.

Experiments
Experiment Settings
Benchmarks Our LLM agents were rigorously trained
and evaluated on two widely recognized and complex long-
horizon benchmarks: ALFWorld (Shridhar et al. 2020) and
WebShop (Yao et al. 2022). ALFWorld provides an embod-
ied text-based setting for multi-step task planning in simu-
lated household environments across 6 categories of house-
hold tasks: Pick & Place (Pick), Examine in Light (Look),
Clean & Place (Clean), Heat & Place (Heat), Cool & Place
(Cool), and Pick Two & Place (Pick2). WebShop presents a
web-based environment from realistic online shopping sce-
narios where the objective is to search, navigate, and pur-
chase specified items. Crucially, both ALFWorld and Web-
Shop are partially observable environments, where their
text-based observations are inherently insufficient to convey
global state information.

Baselines For comprehensive performance context, we
compared SHADOW against competitive baselines. Our
analysis primarily focused on GiGPO (Feng et al. 2025b),
and also included closed-source LLMs (GPT-4o (Achiam
et al. 2023), Gemini-2.5-Pro (Team et al. 2023)), prompt-
ing agents (ReAct (Yao et al. 2023), Reflexion (Shinn et al.
2023)), traditional RL (PPO (Schulman et al. 2017)), and
other group-based approaches (RLOO (Kool, van Hoof, and
Welling 2019), GRPO (Shao et al. 2024)).
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Figure 2: A case analysis illustrating the advantage signals from SHADOW (magenta thick-edged boxes) and GiGPO (yellow
thick-edged boxes) within a WebShop trajectory group. GiGPO assigns a uniform positive/negative advantage value to all
actions within successful/failing trajectories, respectively. In contrast, SHADOW provides finer-grained credit assignment,
specifically focusing on attributing credit or blame to the individual actions that directly contribute to success or failure. States
marked with the same page indicator share identical observations.

Training Setup We utilized Qwen2.5-1.5B-Instruct and
Qwen2.5-7B-Instruct (Hui et al. 2024) as the base LLMs in-
structed to generate a chain-of-thought with the <think>
</think> and <action> </action> format. The en-
vironmental reward function for RL training comprised a
sparse task success reward at episode termination, com-
plemented by a penalty for illegal output formats. For
SHADOW, we set the GAE-λ to 0.5 for ALFWorld and 0 for
WebShop, and the DCA weight K to 6 for ALFWorld and
30 for WebShop. More granular specifics concerning the full
training settings and hyperparameter details are comprehen-
sively documented in the source code.

Experiment Performance
Our empirical evaluation, summarized in Table 1, unequiv-
ocally demonstrates the superior performance of our pro-
posed SHADOW across both the ALFWorld and WebShop
benchmarks. The results reveal a decisive advantage for
SHADOW over all baselines, particularly in comparison to
GiGPO (Feng et al. 2025b), which serves as a key structural
baseline for this work.

In the ALFWorld environment, SHADOW consistently
achieved near-optimal performance with Qwen2.5-1.5B-
Instruct and Qwen2.5-7B-Instruct LLMs, exhibiting over-
all success rates of 96.1% and 97.7%, respectively. These
figures significantly surpass those of GiGPO (86.7%
and 90.1%) and other baselines. Across the six sub-
tasks, SHADOW outperformed GiGPO in “Pick”, “Look”,
“Clean”, “Heat”, and “Pick2”, while maintaining competent

performance in the “Cool” task. Furthermore, SHADOW,
utilizing the 1.5B model, achieved a perfect success rate
in “Pick”, “Look”, “Clean”, “Heat”, and “Pick2”, with
SHADOW leveraging the 7B model achieving a 100% suc-
cess rate across all subtasks except “Cool”, observed con-
sistently over three different random seeds. Similarly, on the
WebShop benchmark, SHADOW delivered remarkable per-
formance, outperforming GiGPO and all other baselines in
terms of both average score and overall success rate. Specif-
ically, SHADOW achieved a 5% performance gain over
GiGPO for both the 7B and 1.5B models, alongside sig-
nificantly outperforming other baselines. These results un-
derscore the effectiveness of SHADOW in managing long-
horizon tasks through precise and fine-grained credit assign-
ment, which is attributed to its modeling of transition dy-
namic information.

Case Analysis

Figure 2 illustrates an example of the credit assignment sig-
nal derived from a WebShop trajectory group. The objec-
tive in this task is to complete an online web shopping pro-
cess, which involves searching for items, selecting specific
attributes, and finalizing the purchase. Successful task com-
pletion hinges on clicking the “buy now” button only after
all required attributes have been selected; premature click-
ing results in episode termination without reward. In this
particular trajectory group, Trajectory 2 successfully com-
pleted the task with the correct sequence of actions, whereas
Trajectory 1 performed an invalid action at step 3, with all
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Figure 3: Learning curves of the SHADOW component ab-
lations on Qwen2.5-1.5B-Instruct and ALFWorld. Results
are averaged over 3 random seeds.

other actions identical to Trajectory 2. The group also in-
cludes an additional six successful trajectories that mirrored
Trajectory 2.

Considering these two trajectories, states S4,τ1 and S4,τ2

are classified as non-identical due to inconsistent reward dy-
namics, meaning that identical actions led to disparate re-
wards. Consequently, states S3,τ1 and S3,τ2 are also deemed
non-identical due to inconsistent forward dynamics, as the
same action yielded non-identical subsequent states (S4,τ1

and S4,τ2). In contrast, states S2,τ1 and S2,τ2 are guaran-
teed to be identical, a consequence of identical action his-
tories from identical initial states within this determinis-
tic setting. Action a2 for both trajectories effectively bifur-
cates their paths and is, unbiasedly, responsible for the re-
spective success or failure outcomes, given only the tran-
sition dynamic information available within the trajectory
group. A key distinction arises when comparing SHADOW
to GiGPO. GiGPO’s advantage computation equally penal-
izes all actions of the failed Trajectory 1, including the ini-
tial two actions that were identical to those in the success-
ful Trajectory 2 and originated from identical states. This
can introduce noise into the training process and potentially
provide misleading guidance for chain-of-thought (CoT)
generation policies due to varying advantages for identi-
cal actions from identical states. In contrast, SHADOW’s
advantage correctly focuses on a2 for both trajectories. It
is also important to note that SHADOW assigns a penalty
to a4,τ1, which coincidentally represents an action leading
to irreversible failure within the WebShop domain, given
the domain-dependent prior knowledge transition dynamics.
This is because SHADOW leverages identical observation
information for value estimation when observation pairs ex-
hibit no dynamic-inconsistent behaviors, thereby benefiting
in the WebShop setting, albeit with a relatively cautious scal-
ing due to its domain-dependent nature.

Ablation Study
In this subsection, we conduct an ablation study of the three
key components of SHADOW using Qwen2.5-1.5B-Instruct

Method DCA GAE DIS Succ % (ALL)

SHADOW (full) ✓ ✓ ✓ 96.1±0.7
SHADOW w/o DCA × ✓ ✓ 95.1±2.1
SHADOW w/o GAE ✓ × ✓ 93.5±1.6
SHADOW w/o DIS ✓ ✓ × 89.8±1.9
GiGPO × × × 86.7±6.2

Table 2: Component Ablations of SHADOW on Qwen2.5-
1.5B-Instruct and ALFWorld, where the overall success rate
% is reported. Results are averaged over 3 random seeds.

on the ALFWorld benchmark: Dynamic-Inconsistent Sepa-
ration (DIS), Dynamic-Consistent Aggregation (DCA), and
the Generalized Advantage Estimation (GAE) component.
The results, presented in Table 2 and Figure 3, indicate dis-
tinct contributions from each. The GAE component sig-
nificantly accelerates convergence speed during the early
training stages, with a relatively small influence on the fi-
nal success rates. This suggests that the finer-grained credit
assignment signals provided by GAE primarily serve to
expedite the learning process. Conversely, the Dynamic-
Inconsistency Separation (DIS) component emerges as the
dominant factor for the observed boost in final success rates.
This highlights that the precise credit assignment signals de-
rived from separating dynamic-inconsistent states for action
comparison improve the upper-bound of the agent’s per-
formance. Finally, the Dynamic-Consistency Aggregation
(DCA) component yields a slight improvement in the final
success rate. This minor impact may be attributed to the rel-
atively rare occurrence of truly identical states with identical
action sequences within the ALFWorld environments.

Conclusion
We present SHADOW, a novel framework that systemati-
cally incorporates transition dynamics for improved credit
assignment in long-horizon LLM agent training. Our key
contributions include a dynamics-aware state grouping
mechanism that mitigates misleading action comparisons
between dynamically inconsistent states for precise credit
assignment and a local dynamic advantage estimator that
leverages Generalized Advantage Estimation (GAE) for
finer-grained credit assignment. Extensive experiments con-
ducted with Qwen2.5-1.5/7B-Instruct LLMs demonstrated
consistent and substantial improvements in performance
on challenging long-horizon benchmarks, achieving success
rate improvements of 9.4%/7.6% in ALFWorld and a 5%
performance gain in WebShop.

While our method effectively addresses critical credit as-
signment challenges, it inherits the requirement of GiGPO
for noise-free hashable observation representations. Further-
more, our current framework introduces an additional con-
straint: deterministic environment dynamics are assumed for
our DOW matrix computation. Future work will explore
extending SHADOW to stochastic environments by incor-
porating probabilistic modeling of state transition equiva-
lences, thereby broadening the applicability of our frame-
work.
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