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ABSTRACT

Large Language Models (LLMs) can operate as agents that interleave reasoning, ac-
tion, and observation. Training them with reinforcement learning (RL) in multi-turn
scenarios remains challenging due to long horizons and sparse terminal rewards,
where this setting provides limited guidance for intermediate states, leading to
unreliable credit assignment and diluted token-level updates. We address these
limitations by proposing RewardFlow, a graph-based framework for reward model-
ing that represents agentic contexts as graphs, with states as nodes and actions as
edges. RewardFlow constructs a state graph from multiple rollouts and propagates
terminal rewards from successful states to all visited states using graph propagation
methods such as Breadth-First Search and Personalized PageRank. This produces
dense, state-wise, task-centric reward signals that indicate whether actions move
the agent closer to or farther from success. Across text and visual domains on four
challenging agent environments and three model sizes, RewardFlow consistently
improves task success and training efficiency over strong group-based RL baselines.
These results show that RewardFlow is a simple, scalable, and effective framework
for mitigating sparse-reward credit assignment in agentic RL.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable generality in their reasoning ca-
pabilities, enabling multi-step thinking and decision-making. This pattern, also known as agentic
reasoning, is essential for addressing complex real-world scenarios. For instance, GUI agents (Qin
et al., 2025; Wang et al., 2025a) iteratively perform actions and observe GUI system transitions,
requiring multi-step interaction with the external system to handle intricate operational tasks. Since
general LLMs are not specifically designed for agentic reasoning, post-training methods, particularly
Reinforcement Learning (RL), are widely employed to enhance these capabilities. Advanced RL
algorithms such as GRPO (Shao et al., 2024), along with frameworks like Search-R1 (Jin et al., 2025),
DeepResearcher (Zheng et al., 2025), and RAGEN (Wang et al., 2025b), elevate LLMs from passive
chatbots to collaborative assistants, yielding significant benefits for both academia and industry.

Despite initial progress, current methods employing RL algorithms for optimizing agentic reasoning
are constrained by sparse reward modeling. Although LLMs perform multiple generations within
a single reasoning trajectory, they learn solely from the reward associated with the final outcome.
While this RL optimization pattern, reliant on outcome rewards alone, has succeeded in single-
turn reasoning tasks, such as mathematical problems, it lacks explicit supervision for the model’s
intermediate behaviors. This shortfall not only impairs optimization quality but also diminishes
training efficiency. Nonetheless, modeling intermediate rewards is non-trivial, as there is a lack of
clear and objective evaluation metrics to assess the quality of intermediate generations independent
of the ultimate task-solving outcome. Prior approaches, such as constructing additional process
evaluation metrics (Xia et al., 2025) and training process reward models (Lightman et al., 2023),
are resource-intensive and prone to human bias, thereby reducing their efficacy and generalizability
across a broad range of agentic tasks. This limitation raises a central question:

How can we objectively approximate the quality of intermediate generations in agentic learning?

To answer this question, we propose establishing an objective relationship between the final outcome
and intermediate reasoning steps. Specifically, we adopt the standard formal representation for
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Reasoning in Agentic Scenarios
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Figure 1: Illustration of projecting the rollout trajectories in agentic scenarios to an agentic state
graph. Each node indicates a state, and each edge indicates an action. By constructing the agentic
state graph, the connections across the states are straightforward for analysis.

agentic scenarios: the Markov Decision Process (MDP), in which agentic reasoning can be viewed
as a chain alternating between states and actions. From this perspective, we observe that in general
agentic scenarios, many given state can be reached from multiple prior states via diverse actions.
Consequently, the MDP underlying these scenarios can be modeled as a state graph, with states as
nodes and actions as edges, as shown in Fig. 1. Through such graph modeling, the topology of the
state graph can reveal key informative attributes of the agentic scenario. For instance, the potential
of a state to lead to successful task completion can be quantified by its distance (i.e., the minimum
number of hops) to a success node associated with an outcome reward. Similarly, degrees of nodes
reflect the importance, with higher degrees indicate greater importance.

Based on the constructed state graph, we propose RewardFlow, a reward modeling framework de-
signed to address the sparse-reward issue in multi-turn agentic reasoning. Specifically, RewardFlow
leverages the graph’s topology to propagate the outcome reward from the success node to all interme-
diate nodes, employing classic graph propagation algorithms such as Breadth-First Search (Zhang
& Yao, 2022) or Personalized PageRank (Page et al., 1999; Jeh & Widom, 2003). Since enumer-
ating all global states and actions in general agentic scenarios is non-trivial, we approximate the
state graph using rollouts sampled by RL algorithms, particularly group-based methods like GRPO,
where multiple reasoning trajectories are generated to contribute to the graph modeling of a single
scenario. However, this approximation strategy may introduce noise. For example, invalid actions
generated by the policy can add extraneous edges that do not exist in the true state graph, while
incomplete approximations may overlook crucial edges, rendering reward propagation unreliable. To
mitigate invalid actions, RewardFlow filters them out and focuses solely on valid actions during graph
construction. To address missing crucial edges, it converts the directed edges (defined by actions)
into bi-directed edges, ensuring smoother and more comprehensive reward propagation. With these
refined intermediate state rewards in place, we instantiate RewardFlow using GRPO to train LLMs’
reasoning at the state level, enabling fine-grained strategy optimization.

We evaluate RewardFlow in both text and visual modalities across four challenging agentic environ-
ments: Sokoban (Schrader, 2018), ALFWorld (Shridhar et al., 2021), WebShop (Yao et al., 2022),
and DeepResearch (Jin et al., 2025), using LLMs of three different scales. Empirical results show that
RewardFlow substantially improves the optimization efficacy of reinforcement learning algorithms for
LLM reasoning in agentic tasks, yielding a 7.4% gain on text-based benchmarks and a 25.3% average
gain on visual benchmarks relative to the strongest baseline. Statistical analysis further reveals that
RewardFlow produces the densest and most informative reward signal among trajectory-level and
step-level process reward modeling approaches. Ablation studies on each technical component of the
state-graph construction pipeline confirm the unique and indispensable contribution of every design
choice. We additionally conduct targeted experiments demonstrating RewardFlow’s robustness to
poor rollout exploration and its consistent efficacy and efficiency over alternative process reward
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modeling techniques. Collectively, these results establish RewardFlow as an effective, generalizable,
and modality-agnostic framework for advancing reinforcement learning on complex agentic tasks.

In summary, our main contributions can be divided into three parts:

• State Graph Modeling: We formalize multi-turn agentic scenarios as structured state graphs,
enabling principled analysis of the relationship across different states and actions (Sec. 3).

• Process Reward Modeling: We introduce RewardFlow, a graph-based framework that propagates
outcome rewards to intermediate states, yielding reliable step-level reward estimates (Sec. 4).

• Empirical validation: We demonstrate efficacy of RewardFlow across multiple agentic scenarios
and model sizes, substantially mitigating the challenges of sparse reward assignment. (Sec. 5).

2 PRELIMINARY

Notations. A graph is denoted as G = (V,R, E), where the node set V , the relation setR, and the
edge set E = {(x, r, v) : x, v ∈ V, r ∈ R}. We model agentic environments as a Markov Decision
Process (MDP)M = ⟨S,A,P, r, γ⟩, where S is the state space, A is the action space, P(· | s, a) is
the transition kernel over S , and r : S ×A×S → R is the reward function of the action that connect
to new state, and γ ∈ [0, 1] is the discount factor. In generalized agentic tasks, rewards are sparse:
r(s, a, s′) = 0 for nonterminal transitions and nonzero only when s′ is terminal. Let ST ⊆ S denote
terminal states, namely the state when the task in the agentic environment is completed, e.g., the web
shopping agent submits the order to buy a good. Generally, ST = Ssucc ∪ Sfail, where Ssucc denotes
the state that the agent successfully fulfills the task in the agentic environments. The action to Ssucc is
assigned a high reward, while the action to Sfail is assigned a lower reward than the success actions.

RL in agentic environments. Given observation of the current state s ∈ S, a policy πθ(a | s)
selects an action a ∈ A, inducing transitions and rewards via P and r. The standard objective of RL
in this agentic environment is to maximize discounted return as follows:

max
θ

J(θ) = Eτ∼πθ,P

[
T−1∑
t=0

γt r(st, at, st+1)

]
.

In sparse-reward settings where r(sj , at, sj+1) = 0 if sj+1 /∈ ST and r(st, at, st+1) ̸= 0 only at
st+1 ∈ ST, the credit assignment and stable learning can be quite challenging.

3 CONSTRUCTING THE STATE GRAPH IN AGENTIC SCENARIOS

In this section, we construct the state graph for agentic MDPs. We begin by characterizing states
as junctional and divergent, then formally define Gstate, approximate it through group-sampled
trajectories, and refine it by state graph post-processing. An illustration is provided in Fig. 2.

Rethinking state in agentic reasoning. In typical agentic MDPs M, many states s ∈ S are
junctional, meaning they are reachable from multiple prior states via different actions. Formally,
for a given state s, there exist distinct pairs (s(i), a(i)) with i = 1, . . . ,m (m ≥ 2) such that
P(s | s(i), a(i)) > 0. Conversely, many states s′ ∈ S (excluding terminal states, indicating task
success or failure) are divergent, meaning they admit multiple feasible actions. Formally, given a state
s′, there exist distinct actions a′(j) ∈ A with j = 1, . . . , n (n ≥ 2) such that P(s′′ | s′, a′(j)) > 0
for some successor state s′′, i.e., these states connect to at least two distinct successors. From this
perspective, agentic MDPsM can be viewed as state graphs Gstate rather than linear chains.

State graph Gstate. We construct the state graph from the above perspective. Formally, we define
the projection of an agentic environment into a state graph Gstate =

(
Vstate, Raction, Etransition

)
, where

Vstate = S, Raction = A, Etransition =
{
(s, a, s′) ∈ S ×A× S : P(s′ | s, a) > 0

}
. (1)

Each edge (s, a, s′) denotes a nontrivial transition from state s to state s′ under action a, with edge
labels drawn from the action space. This construction embeds the dynamics of the MDP into a
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Figure 2: RewardFlow is a framework that aggregates states across multiple trajectories to construct
an state graph. After eliminating self-loops, it transforms the directed graph into an undirected
graph to ensure reliable reward backpropagation. For advantage estimation, RewardFlow employs
state-wise group estimation and optimization, providing fine-grained guidance to optimize policy
strategies in agentic scenarios.

structured graph representation, consistent with the general notation of graph G = (V,R, E). By
working with Gstate, we can explicitly leverage graph-structured methods to analyze reachability,
connectivity, and pathways toward terminal states in agentic environments.

Constructing the “raw” state graph Ĝstate via group sampling. In realistic agentic settings, the
full state graph is not directly observable: the agent only reveals states it actually visits. Any graph
we build from experience is therefore an induced subgraph of the (unknown) true state graph. To
improve coverage, we adopt group sampling (Guo et al., 2024) to generate diverse rollouts for a given
task (initial state s0), thereby exposing more states and transitions.

Let {τ (i)}Ki=1 be K rollout trajectories collected by policy πθ:

τ (i) =
(
s0, a

(i)
0 , s

(i)
1 , a

(i)
1 , . . . , a

(i)
Ti−1, s

(i)
Ti

)
, (2)

where Ti is the length of the i-th trajectory. Together, these environment-specific preprocessing and
aggregation techniques ensure high-quality state graphs, enabling RewardFlow to achieve reliable
long-horizon credit assignment across both partially observable and highly stochastic domains. With
these trajectories, we construct the raw state graph Ĝstate =

(
V̂state, R̂action, Êtransition

)
by taking the

union over observed states, actions, and transforms:

V̂state =

K⋃
i=1

Ti⋃
t=0

{ϕ(s(i)t )}, R̂action =

K⋃
i=1

Ti−1⋃
t=0

{a(i)t }, Êtransition =

K⋃
i=1

Ti−1⋃
t=0

{(s(i)t , a
(i)
t , s

(i)
t+1)}. (3)

Each triple (s, a, s′) ∈ Êtransition encodes a directed, action-labeled edge from s to s′. Set unions dedu-
plicate nodes and edges across trajectories. Notably, through construction, Ĝstate under-approximates
the true state graph; increasing K and diversifying rollouts via group sampling enlarges coverage and
sharpens the empirical estimates P̂ on observed (s, a) pairs.
Remark 3.1. In practical agentic environments, the observed state s is often stochastic or partially
ambiguous, which can make different underlying states indistinguishable or prevent identical states
from being reliably recognized. We address this challenge through state preprocessing strategies
designed to ensure that states are distinguishable. A detailed description is provided in Appendix 10.1.

Refining the raw graph: pruning noisy edges and adding inverse edges. While Ĝstate usefully
approximates the true state graph, two issues remain: (i) invalid/no-op actions that fail to change the

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

state produce spurious self-loops and noise; and (ii) many transitions are effectively one-way, creating
cul-de-sacs that hinder the reliability of graph propogation. We address these issues as follows.

(1) Remove invalid edges. We discard transitions that either leave the state unchanged (s′ = s), or
correspond to actions that were executed but rejected/errored by the environment. Let VALID(s, a, s′)
be a predicate that is true iff the action completes successfully and results in a state change. Define

Êvalid
transition :=

{
(s, a, s′) ∈ Êtransition : s′ ̸= s ∧ VALID(s, a, s′)

}
. (4)

(2) Add inverse edges to improve reachability. Many agentic environments admit natural inverses
(e.g., open ↔ close, forward ↔ back). Let inv : A → A be a partial inverse-action map
(when an inverse is available). We augment the graph with inverse edges wherever inv(a) exists:

Êdouble
transition := Êvalid

transition ∪
{
(s′, inv(a), s) : (s, a, s′) ∈ Êvalid

transition, inv(a) defined
}
. (5)

Now, we obtain the refined state graph Grefined
state =

(
V̂state, R̂refined

action , Êdouble
transition

)
, where

R̂refined
action := R̂action ∪ {inv(a) : a ∈ R̂action, inv(a) defined}. (6)

Pruning removes noisy transitions and actions, while inverse-edge augmentation guarantees reacha-
bility between any two states, thereby facilitating downstream RL optimization.

4 LEARNING WITH THE STATE GRAPH

This section introduces RewardFlow, which converts sparse terminal feedback into dense, local
guidance. Based on the constructed state graph, outcome rewards in terminal states are propagated
backward using a multi-source reverse BFS to assign each state a potential reflecting its proximity to
success; differences in this potential across consecutive states provide shaped, step-level feedback.
Using node-local baselines, we compute state-wise group advantages and update the policy with a
PPO-style objective, enabling fine-grained guidance. The full method is presented in Algorithm 1.

Reward propagation on the state graph (dense shaping). Sparse terminal rewards impede credit
assignment. We convert them into state-wise dense guidance by propagating success backwards over
the refined state graph Grefined

state . The dense reward shaping includes the following three steps.

(1) Shortest-hop distance to success. Let Ssucc ⊆ V̂state be the set of success terminals. We run
a multi-source inverse breadth-first-search (BFS) from all s⋆ ∈ Ssucc over the directed edges in
Êdouble

transform to compute the unweighted shortest-hop distance

d(s) := min
s⋆∈Ssucc

disthop(s⇝ s⋆), (7)

with the conventions d(s) = 0 for s ∈ Ssucc and d(s) = ∞ if no success is reachable from s.
Analytically, the complexity of this BFS is O(|V̂state|+ |Êdouble

transform|).
(2) Reward propagation. Assign each state a geometric potential that decays with hop distance:

R(s) = γ d(s), γ ∈ (0, 1]. (8)

Thus R(s) = 1 for success states, and R decreases monotonically as s gets farther from success.

(3) Action-level shaping. To score individual decisions, we define an action-shaped reward on any
observed transition (st, at, st+1) (or any edge in the refined graph) by the potential difference

r̃(st, at) = R(st+1)−R(st). (9)

Intuitively, r̃ > 0 if at moves the agent closer to success, r̃ < 0 if it moves it farther away, and
r̃ = 0 on equally-good plateaus. One may also use the potential-based shaping variant r̃(st, at) =
γR(st+1)−R(st) to preserve optimal policies when adding r̃ to the environment reward.

This propagation produces dense, globally consistent feedback aligned with task completion: every
state obtains a progress signal R(s), and every action receives immediate credit r̃ reflecting its
contribution toward (or away from) success, stabilizing and accelerating downstream RL optimization.

5
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Algorithm 1 RewardFlow

1: Require: Initial policy πθ; behavior copy θold; task distribution p(X); discount γ ∈ (0, 1];
clipping ϵ > 0; group size (rollouts) K; horizon H; validity predicate VALID(·); partial inverse
map inv : A⇀ A; normalizer Fnorm

2: for each training iteration do
3: Set behavior policy: θold ← θ
4: // Group-sampled rollouts
5: Sample task x ∼ p(X) and collect K trajectories {τ (i)}Ki=1 from πθold(· | x) (Eq. (2))
6: // State graph construction & refinement
7: Build raw graph Ĝstate = (V̂state, R̂action, Êtransition) (Eq. (3))
8: Prune invalid edges and obtain Êvalid

transition (Eq. (4))
9: Add inverse edges and obtain: Êdouble

transition (Eq. (5))
10: Grefined

state ← (V̂state, R̂refined
action , Êdouble

transition) (Eq. (6))
11: // Reward propagation (dense shaping)
12: Identify success terminals Ssucc (from task spec or terminal labels)
13: Compute hop distances d(s) to nearest success via multi-source reverse BFS (Eq. (7))
14: Compute state potentials R(s)← γ d(s) (Eq. (8))
15: For each observed (s

(i)
t , a

(i)
t , s

(i)
t+1), set r̃(i)t ← R(s

(i)
t+1)−R(s

(i)
t ) (Eq. (9))

16: // State-wise grouping and advantages
17: For each state s ∈ V̂state, build G(s) (Eq. (10)
18: For each s, compute baseline µ(s) and σ(s) (Eq. (11))
19: For each sample with s

(i)
t = s, compute A(s, a

(i)
t )←

(
r̃
(i)
t − µ(s)

)/
σ(s) (Eq. (12))

20: // Policy update
21: Update θ by maximizing JRewardFlow(θ) (Eq. (13) and Eq. (14))
22: end for

Group-based, state-wise advantage estimation. We estimate advantages at the state level by
treating the average shaped reward within a state as the baseline (expected reward). Unlike prior work
that computes trajectory-level advantages (Feng et al., 2025b; Guo et al., 2024), we leverages the
propagated, state-wise signal (Eq. 8) to score each decision locally, yielding low-variance, per-action
credit assignment. This advantage estimation is achieved by the following three steps.

(1) Grouping by state. For any state-graph state s ∈ Vstate, collect all action–reward observations
taken when the agent visited s across the rollouts (recall r̃(st, at) = R(st+1)−R(st) from Eq. (9)):

G(s) :=

K⋃
i=1

Ti−1⋃
t=0

{ (
a
(i)
t , r̃

(i)
t

)
: (s, a

(i)
t , s

(i)
t+1 ∈ Êdouble

transition

)
)
}
. (10)

This forms a set of samples drawn from the action choices available at s and their rewards.

(2) State-wise baseline and normalization. Let

µ(s) := mean
({

r̃
(j)
t | (a(j)t , r̃

(j)
t ) ∈ G(s)

})
, σ(s) := Fnorm

({
r̃
(j)
t | (a(j)t , r̃

(j)
t ) ∈ G(s)

})
>0,

(11)
where Fnorm is any positive scale functional (e.g., sample standard deviation +ε, median absolute
deviation, or simply 1 if no normalization is desired).

(3) Group-based advantage. For a sample (s, a
(i)
t ), we define the state-wise advantage as

A
(
s, a

(i)
t

)
=

r̃
(i)
t − µ(s)

σ(s)
. (12)

Because the baseline µ(s) depends only on the state, Ea∼π(·|s)[A(s, a)] = 0, preserving an unbiased
policy-gradient while reducing variance. Intuitively, actions that outperform the state’s average
receive positive advantage, underperforming ones receive negative advantage, directly reflecting their
relative contribution toward task completion from that state. Note that we set µ(s) = 0 and σ(s) = 1
to prevent the unlearnable condition that the node has only one out degree.1 Note that for rare states

1We explicitly discuss this condition in Appendix 10.4
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with few samples, µ(s) and σ(s) can be smoothed with shrinkage toward global statistics or updated
online via exponential moving averages; Fnorm is clipped by ε > 0 to ensure numerical stability.

Policy optimization with state-wise advantages. Given the state-wise groups and advantages
A(s, a) from Eq. (12), we update the policy using a clipped surrogate objective (PPO-style) that
upweights actions with high advantage and downweights those with low (or negative) advantage. Let
{τ (i)}Ki=1 be rollouts sampled from the behavior policy πθold , with lengths Ti, and let N :=

∑K
i=1 Ti

be the total number of (state, action) samples. Define the per-step importance ratio

ρ
(i)
t :=

πθ

(
a
(i)
t

∣∣ s(i)t , x
)

πθold

(
a
(i)
t

∣∣ s(i)t , x
) , (13)

where x denotes optional task/context information. The REWARDFLOW objective is

JRewardFlow(θ) = E{τ(i)}K
i=1∼πθold

[ 1

N

K∑
i=1

Ti−1∑
t=0

min
(
ρ
(i)
t A

(
s
(i)
t , a

(i)
t

)
, clip

(
ρ
(i)
t , 1− ϵ, 1 + ϵ

)
A
(
s
(i)
t , a

(i)
t

))]
, (14)

with ϵ > 0 the clipping parameter and clip(z, 1 − ϵ, 1 + ϵ) := max
(
min(z, 1 + ϵ), 1 − ϵ

)
. The

expectation is implemented by the empirical average over the collected rollouts. Here, the state-wise
baseline makes A(s, a) zero-mean per state, yielding unbiased, reduced-variance gradients. The
clipped ratio prevents overly large policy updates when ρ

(i)
t deviates from 1, stabilizing training while

steering probability mass toward actions that outperform the state’s average.

5 EXPERIMENTS

5.1 EXPERIMENT SETUP

Datasets. We evaluate RewardFlow on the representative visual agent environment:
Sokoban (Schrader, 2018), on the text-based environment ALFWorld (Shridhar et al., 2021) and
WebShop (Yao et al., 2022), and on the highly stochastic and ambiguous environment of DeepRe-
search (Jin et al., 2025) tasks. We show brief descriptions as follows:

• Sokoban is a classic puzzle game in which agents must observe and analyze the grid layout and
push boxes onto target locations, taxing spatial understanding and long-horizon planning. In this
work, we evaluate models on 6× 6 Sokoban boards.

• ALFWorld is a synthetic text-based simulator aligned with the embodied benchmark AL-
FRED (Shridhar et al., 2020), comprising 3,827 household tasks spanning six types: Pick &
Place (Pick), Examine in Light (Look), Clean & Place (Clean), Heat & Place (Heat), Cool & Place
(Cool), and Pick Two & Place (Pick2).

• WebShop is a challenging, large-scale web navigation benchmark where the agent must fulfill
natural-language shopping instructions by issuing text commands such as “search” and “click” to
web pages with over 1.18 million real Amazon products. The state space is effectively unbounded,
with an extremely high branching factor (often numerous clickable elements or search results per
page) and long horizons (average above 5 necessary actions per successful episode).

• DeepResearch is an agentic framework in which an agent uses a search engine to retrieve docu-
ments for answering knowledge-intensive questions. The environment state is defined as the list of
documents returned by the search engine, and the agent’s actions are the search queries it generates.
A major challenge stems from the high sensitivity of retrieval results: semantically similar queries
often yield substantially different document sets, which complicates accurate trajectory modeling,
knowledge graph construction, and reward modeling. We evaluate on TriviaQA (Joshi et al.,
2017), PopQA (Mallen et al., 2023), HotpotQA (Yang et al., 2018), and 2WikiMultiHopQA (Ho
et al., 2020). Among these, TriviaQA and PopQA primarily assess recall of single facts, whereas
HotpotQA and 2WikiMultiHopQA require reasoning over multiple pieces of knowledge from
diverse sources, typically necessitating multi-turn search interactions to reach the correct answer.
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Table 1: Performance of RewardFlow compared with other RL methods. We report the average
success rate (%) for each subtask as well as the overall result.

Type Method
ALFWorld WebShop Sokoban

Pick Look Clean Heat Cool Pick2 All Succ. Score Succ.

Qwen2.5-1.5B-Instruct

Prompting Base 5.9 5.5 3.3 9.7 4.2 0 4.1 5.2 - -
RL Training RLOO 56.2 46.7 62.5 50.0 43.5 27.8 49.2 54.7 - -
RL Training GRPO 62.9 53.3 50.0 40.0 45.8 38.1 50.0 42.2 - -
RL Training GiGPO 59.4 46.7 62.5 44.4 43.5 56.3 53.1 55.5 - -
RL Training RewardFlow 94.1 40 85.0 93.3 21.4 56.3 65.6 60.9 - -

Qwen2.5-(VL)-3B-Instruct

Prompting Base 36.4 42.9 9.1 7.1 5.3 4.5 16.4 1.6 0.5 14.1
RL Training RLOO 78.1 46.7 75.0 31.3 43.5 33.3 55.5 59.4 1.0 22.7
RL Training GRPO 79.8 57.1 75.8 21.4 31.6 36.4 56.2 53.9 1.3 26.6
RL Training GiGPO 82.1 50.0 76.9 53.3 60.9 50.0 64.8 59.4 1.2 21.9
RL Training RewardFlow 94.6 70.0 70.0 45.5 45.0 60.0 69.5 60.9 2.2 49.2

Qwen2.5-(VL)-7B-Instruct

Prompting Base 33.3 13.3 10.7 0 4.3 0 10.9 7.8 0.9 18.8
RL Training RLOO 90.0 85.7 88.0 50.0 85.7 37.5 75.0 72.7 1.0 21.9
RL Training GRPO 92.3 53.3 90.5 77.8 69.6 47.6 75.0 70.3 1.0 23.4
RL Training GiGPO 84.6 80.0 96.0 71.4 73.9 84.0 82.8 72.7 1.4 34.4
RL Training RewardFlow 84.6 86.7 100.0 71.4 69.6 84.0 83.6 73.4 3.0 62.4

Table 2: Performance of RewardFlow compared with GRPO on DeepResearch tasks. We report the
average success rate (%) for each dataset.

Method Single-hop QA Multi-hop QA Avg.TriviaQA PopQA HotpotQA 2Wiki

Base 48.038 30.037 25.816 25.666 32.389
GRPO 57.373 41.426 33.108 27.802 39.927
RewardFlow 58.498 42.233 33.636 33.704 42.018

Baselines. We compare the performance of Rewardflow with three competitive RL training baselines
on Sokoban, ALFWorld, and WebShop: RLOO (Ahmadian et al., 2024), GRPO (Shao et al., 2024),
that have proven effective for language reasoning. We also include GiGPO (Feng et al., 2025b), the
RL algorithm tailored to agent environments, which also enables state-wise advantage estimation
by propagating the reward from the terminal state to prior states along the sampling trajectory. For
DeepResearch environments, we compare RewardFlow with the GRPO algorithm.

Training settings. We employ Qwen2.5-VL-3B/7B-Instruct (Bai et al., 2025) to train on the
Sokoban benchmark, and Qwen2.5-1.5/3/7B-Instruct on the ALFWorld and WebShop benchmark.
For Sokoban, ALFWorld, and WebShop, we train models with 100 steps. For each training step,
we randomly sample 16 distinct data (i.e., interactive environments in agentic scenarios), with fixed
8 group-based sampling counts. For DeepResearch, we train Qwen2.5-3B-Instruct with 200 steps,
64 training batch sizes, and 5 rollout sampling numbers. For validation, we randomly sample 128
validation set and report the checkpoint’s performance on the validation set every 10 steps. As for
GiGPO, we fix the decay parameter γ as 0.95. For RewardFlow, we fix the decay parameter of
BFS as 0.9. We conduct the experiments on Qwen2.5-7B with 4 NVIDIA A100 GPUs (80GB) or
4 NVIDIA H20 GPUs (90GB), while 2 A100s or 2 H20s are on Qwen2.5-1.5/3B. We leverage the
Verl-Agent (Feng et al., 2025b) as infrastructure, which is an agent-friendly RL framework.

5.2 MAIN RESULTS

We show our experimental results on Tabs. 1 and 2. As can be seen, while the Qwen models before
training demonstrate poor performance in agentic scenarios, the RL training algorithm exhibits
significant capability. Notably, our proposed RewardFlow significantly surpasses other RL methods,
with 22.6% on Qwen2.5-3B-VL-Instruct and 28.1% on Qwen2.5-7B-VL-Instruct in success rate
compared to the second-best algorithm in Sokoban benchmarks, and achieves 12.5% performance
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Table 3: Performance of RewardFlow with or
without each component on ALFWorld. We re-
port the average success rate (%).

Method ALFWorld

RewardFlow (w/o state preprocessing) 53.9
RewardFlow (w/o filtering) 60.2
RewardFlow (w/o reversed edges) 65.6
RewardFlow 69.5

Table 4: Comparison of RewardFlow with pro-
cess reward modeling baselines on ALFWorld
using Qwen2.5-1.5B-Instruct. We report success
rate (%) and average training time per step.

Training Method Success Rate Time/Step (s)

GRPO + PRM 31.3 513.0
PPO 43.0 502.5
RewardFlow 65.6 320.3

improvement in ALFWorld on average. In WebShop, RewardFlow consistently outperforms prior
RL methods that achieve the highest success rate at every model scale, with especially large gains
on smaller models (+5.4% on Qwen2.5-1.5B-Instruct). For trajectory-level optimization methods
like RLOO and GRPO, they lack state-wise reward assignment, which limits their performance in
further improving the reasoning in agentic scenarios. For GiGPO, while it overcomes the limitation of
assigning the state-wise rewards, the coarse reward estimation along the rollout trajectory may involve
noise. For example, the invalid actions taken in the rollout trajectories will also be assigned a decayed
reward. In contrast, RewardFlow removes these states caused by invalid actions and constructs a
state graph for all valid states, which enables reliable reward modeling for each state and action,
consistently surpassing the three baseline algorithms. In DeepResearch (Tab. 2), RewardFlow also
demonstrates efficacy that outperforms the GRPO algorithms in the highly stochastic and ambiguous
DeepResearch environment, achieving an average improvement of up to 2.09%. Compared with
general QA tasks, the performance gain in multi-hop QA tasks is more significant, with a 5.902%
improvement compared with the GRPO baseline in 2WikiMultiHopQA. These gains demonstrate
RewardFlow’s robustness: by propagating rewards across aggregated, semantically equivalent states,
it delivers stable training signals despite severe retrieval noise. This validates the efficacy of our
approach in real-world settings characterized by high stochasticity and observational ambiguity.
These results show the remarkable efficacy of RewardFlow on agentic scenarios.

5.3 UNDERSTANDING THE PERFORMANCE OF REWARDFLOW

Beyond showing the reasoning capability, we show empirical results of ablations and analysis to
further investigate the performance of RewardFlow.

Contributions of Each Technical Component in RewardFlow. We conduct ablation studies to
evaluate the individual contributions of each component (state preprocessing, invalid action filtering,
and edge reversal) to overall optimization performance. As shown in Tab. 3, all proposed components
yield positive contributions, demonstrating their effectiveness in process reward modeling. Specifi-
cally, removing state preprocessing leads to a 15.6% performance drop, confirming its critical role in
constructing high-quality state graphs in partially observable text environments. Eliminating invalid
action filtering causes a 9.3% decline, indicating that unfiltered invalid or self-loop actions introduce
noise into the graph, which in turn impairs accurate advantage estimation. Finally, although the
edge reversal strategy may introduce some non-existent edges, it facilitates more comprehensive
reward propagation without disrupting advantage estimation, resulting in an additional 3.9% improve-
ment. These results collectively validate the positive impact of each component on reliable graph
construction, effective reward propagation, and robust advantage estimation. Detailed discussion is in
Appendices 10.1, 10.2, and 10.3.

Comparing with Process Reward Models. To compare process reward modeling accuracy against
LLM-based alternatives, we evaluate RewardFlow against two baselines in Tab. 4: state-wise GRPO
using Qwen2.5-7B-Instruct as a process reward model (PRM) for per-action quality scoring, and
standard PPO with its implicit token-wise reward model. RewardFlow substantially outperforms
both in efficacy and efficiency: it achieves +22.6% over PPO and +34.3% over GRPO+PRM.
Computationally, PPO and GRPO+PRM incur heavy overhead from reward/critic model inference,
whereas RewardFlow derives verifiable, task-aligned dense rewards directly via graph propagation
from terminal signals and observed topology, enabling precise credit assignment at minimal cost.
Detailed analysis is in Appendix 11.2.
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Table 5: Ablation on exploration diversity (number of rollouts per training step). We report the
success rate (%). For RewardFlow, we report average graph statistics in the induced graph.

Task Method Rollouts Avg. Nodes Avg. Edges Success Rate (%)

Sokoban
GiGPO

4 - - 21.1
6 - - 35.2
8 - - 33.6

RewardFlow
4 10.1 13.8 21.1
6 12.3 17.1 40.6
8 14.0 21.0 70.3

ALFWorld
GiGPO

4 - - 28.9
6 - - 51.6
8 - - 53.1

RewardFlow
4 17.1 28.8 42.2
6 22.9 41.3 53.1
8 28.8 55.9 65.5

Table 6: Wall-clock time breakdown per training step (seconds) for Qwen2.5-(VL)-3B models.

Component ALFWorld WebShop Sokoban

Rollout Sampling 205.01 202.17 188.72
Policy Update 175.09 205.99 60.05
Reference Probability Computation 46.43 51.31 26.32
Old Step Probability Computation 47.22 52.13 26.97
Graph Construction + Reward Propagation 1.87 1.47 2.39

Investigating the Relationship between Exploration and Performance. To evaluate robustness
to limited exploration, we ablate the number of rollouts per training step (default: 8) on Sokoban
and ALFWorld, training each variant for 200 and 100 steps, respectively. Fewer rollouts reduce
trajectory diversity and search-graph quality, simulating constrained exploration. As shown in
Tab. 5, RewardFlow consistently matches or outperforms GiGPO on both tasks, even with severely
limited rollouts. Increasing rollouts brings larger gains for RewardFlow, widening its lead over
baselines. These results highlight RewardFlow’s superior data efficiency and robustness to suboptimal
exploration. Detailed discussion is in Appendix 11.1.

Training Efficiency. As shown in Tab. 6, the time consumption of graph construction and reward
propagation takes no more than 2.39 seconds across three environments, which is highly efficient
compared with other necessary stages like rollout sampling and policy update in the RL process. We
provide more empirical results in Appendix. 12.1.

6 CONCLUSION AND FURTHER DISCUSSION

Conclusion. In this paper, we presented RewardFlow, a graph-based framework designed to tackle the
sparse reward problem in reinforcement learning for LLM-based agents in multi-turn scenarios. By
modeling agentic contexts as state graphs constructed from diverse rollouts, and propagating terminal
rewards backward via propagating algorithms, RewardFlow generates dense, task-aligned reward
signals for intermediate states. This approach enables more reliable process reward assignment,
significantly improving LLMs reasoning performance in agentic scenarios. RewardFlow represents
a simple yet scalable advancement for RL in agentic learning, unlocking the potential of LLMs in
long-horizon, interactive domains.

Limitations. Despite its strong performance, RewardFlow has several limitations. First, it depends
on the quality of the state graph, which can degrade in highly complex environments when limited
rollouts fail to capture adequate state transitions. Second, in sparse environments where most states
have only one incoming or outgoing action, the graph degenerates into near-linear chains, diminishing
the benefits of graph-based reward propagation. Nevertheless, RewardFlow remains a robust and
scalable approach that significantly advances RL optimization for LLM-based agents. Future work
could improve graph construction robustness and develop adaptive denoising methods to extend its
effectiveness to even more challenging scenarios.
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Appendix
7 ETHICS STATEMENT

This study does not involve human subjects, dataset releases, potentially harmful insights, applications,
conflicts of interest, external sponsorship, discrimination, bias, fairness concerns, privacy or security
issues, legal compliance issues, or research integrity concerns.

8 LLM USAGE DISCLOSURE

This manuscript was prepared with the assistance of LLMs, which were used for refining content
and ensuring grammatical accuracy. The authors take full responsibility for the entire content of the
manuscript and confirm that no LLM is listed as an author.

9 RELATED WORK

RL for LLM reasoning. Reinforcement learning (RL) (Kaelbling et al., 1996) optimizes policies to
maximize rewards and has recently enhanced LLM reasoning (Xu et al., 2025). Approaches fall into
two paradigms: off-policy methods train from data collected by other policies—e.g., DPO (Rafailov
et al., 2023), often combined with MCTS (Zhang et al., 2024; Xie et al., 2024), though paired
preferences are costly; newer variants reduce this burden via single-instance or stepwise feedback
(KTO (Zhou et al., 2024), Step-KTO (Lin et al., 2025)) and by removing the reference model
(SimPO (Meng et al., 2024)). On-policy methods (e.g., PPO (Schulman et al., 2017), Reinforce++ (Hu,
2025)) optimize using data from the current policy, typically with an auxiliary reward model that
increases compute and risks reward hacking (Guo et al., 2025); GRPO (Shao et al., 2024), and
RLOO (Ahmadian et al., 2024; Kool et al., 2019) mitigates this via group-based sampling and relative
advantage estimation, with extensions such as DAPO (Yu et al., 2025) and Dr. GRPO (Liu et al.,
2025) advancing optimization for complex reasoning (Guo et al., 2025).

RL for agentic scenarios. Recent advancements in RL have extended its application to train
LLMs in agentic scenarios, enabling agents to interact with tools and external environments to
tackle complex problems. Frameworks such as Search-R1 (Jin et al., 2025), R1-Searcher (Song
et al., 2025), and DeepResearcher (Zheng et al., 2025) integrate LLMs with retrieval tools, including
document vector databases and search engines, using GRPO to enhance both reasoning and tool
usage capabilities. For computationally intensive tasks like mathematical reasoning, frameworks
such as ReTool (Feng et al., 2025a), ToRL (Li et al., 2025), and Verl-Tool (Jiang et al., 2025)
leverage Python environments to optimize agents’ abilities to solve problems through code-based
complex calculations. Despite their promise, these frameworks struggle with long-horizon reasoning.
To address this, ARPO (Dong et al., 2025) employs an entropy-guided strategy during the rollout
process to encourage exploration in high-entropy states, leading to improved trajectory collection and
optimization. Similarly, SimpleTIR (Xue et al., 2025) identifies and filters out trajectories containing
“void turn”, which can destabilize multi-turn agentic training, ensuring more stable optimization.
Notably, GiGPO (Feng et al., 2025b) capitalizes on the observation that many states across different
trajectories are identical, combining state-level and trajectory-level advantage computations to achieve
fine-grained reward modeling.

10 FURTHER METHOD DETAILS

10.1 STATE PREPROCESSING

The state preprocessing in RewardFlow effectively handles stochasticity and ambiguity by aggre-
gating semantically equivalent states using embeddings or enriching the information of states.
Here, we outline the specific challenges posed by stochasticity and ambiguity in the ALFWorld and

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

DeepResearch environments, followed by the targeted state-preprocessing strategies we employed
(described in Section 3) and applied consistently in both settings.

For ALFWorld:

• Challenge: Although raw text observations are usually distinct, ALFWorld is partially observable
and often omits critical object property changes. For example, after the agent cleans an apple, the
observation may still read “You are carrying an apple” without indicating that it is now cleaned,
creating ambiguous states that can degrade the quality of the state graph.

• Solution: We enrich the raw observation by automatically detecting transformative actions (e.g.,
clean, heat, cool) and appending the resulting property changes to the text (e.g., “You are carrying
an apple [cleaned]”). This ensures that states before and after such actions are distinguishable,
yielding accurate node representations and reliable aggregation.

For DeepResearch:

• Challenge: DeepResearch is inherently highly stochastic and ambiguous. Semantically similar
search queries frequently return substantially different document sets, causing (1) high stochasticity
(from similar actions to divergent raw states) and (2) ambiguity (functionally equivalent research
progress represented by distinct observations). This leads to severe graph fragmentation if raw
states are used directly.

• Solution: We perform embedding-based node aggregation using a sentence transformer. States s
and s′ are merged into a single super-node if their cosine similarity exceeds a threshold (default 0.9).
This eliminates near-duplicate nodes, mitigates fragmentation from query paraphrasing, preserves
meaningful transitions, and produces a compact, semantically coherent graph that supports stable
reward propagation via BFS.

10.2 INVALID/NO-OP ACTIONS FILTERING

Invalid and no-op actions arise from the LLM policy’s outputs during interaction with the environment,
but they are distinct in nature. Invalid actions include cases where (1) the policy model outputs
responses from which no valid action can be extracted (e.g., malformed or nonsensical text that fails
parsing), or (2) the policy outputs an action that is not among the admissible actions in the current
environment state (e.g., attempting an unavailable command). In contrast, no-op actions are valid
outputs that the environment accepts but result in no state transition, such as self-examination or
redundant commands like "look" or “examine objects” in ALFWorld, which do not alter the state.
These definitions align with the VALID predicate, which checks for successful execution and state
change.

Filtering invalid and no-op actions ensures a cleaner state graph, improving the accuracy of reward
propagation. In practice, invalid actions can lead to erroneous states that do not exist in the true
agentic environment; for instance, in ALFWorld, they trigger a fallback state like "Nothing happens,"
which introduces noise and distorts the graph structure by creating inaccurate nodes or edges. For
no-op actions, although they are valid, retaining them adds self-loop edges that increase graph
complexity without contributing to propagation: BFS computes shortest distances to success states
and ignores loops, but they unnecessarily inflate computation. Moreover, for degree-sensitive methods
like Personalized PageRank, self-loops can mislead reward estimation by artificially increasing node
degrees, potentially skewing potentials R(s). Thus, under our propagation settings, eliminating these
actions refines Ĝstate for reliable backpropagation from success terminals Ssucc. Our ablation study in
Tab. 3 confirms that filtering invalid and no-op actions improves overall performance by reducing
noise in credit assignment.

Given invalid actions, invalid states occur when the agent executes an invalid action, prompting
the environment to return feedback that does not reflect a genuine state update. In many agentic
environments, such as ALFWorld, the agent may attempt actions that are not feasible given the current
context, resulting in responses like "Nothing happens." This feedback is erroneously interpreted as a
new state during rollout collection, even though it carries no meaningful environmental information.
For instance, consider the following exemplar trajectory from ALFWorld:
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ALFWORLD EXAMPLE

{\color{blue}
"
STEP: 1
STATE: -= Welcome to TextWorld, ALFRED! =-

You are in the middle of a room. Looking quickly around you, you see
a cabinet 10, a cabinet 9, a cabinet 8, a cabinet 7, a cabinet 6,
a cabinet 5, a cabinet 4, a cabinet 3, a cabinet 2, a cabinet 1,
a coffeemachine 1, a countertop 1, a diningtable 1, 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.

Your task is to: put a cool apple in microwave.
ACTION: go to cabinet 1
---
STEP: 2
STATE: You arrive at cabinet 1. The cabinet 1 is closed.
ACTION: go to cabinet 1 [INVALID ACTION]
---
STEP: 3
STATE: Nothing happens. [INVALID STATE]
ACTION: open cabinet 1
---
STEP: 4
STATE: You open the cabinet 1. The cabinet 1 is open. In it, you see

nothing.
"
}

If left unfiltered, this string “Nothing happens” would be treated as an ordinary node in the state
graph, creating noisy nodes and edges that distort the propagated rewards. We remove these states
with this strategy to ensure accurate graph construction and reward propagation. The ablation study
of Tab. 3 supports the efficacy of this strategy.

10.3 REVERSING EDGES

Bi-directed edges preserves the fidelity of the graph structure while addressing exploration sparsity.
RewardFlow first constructs a faithful directed graph from collected rollouts, recording exactly what
the policy experienced: no transitions are removed or altered. We then add reverse edges solely for the
propagation phase, effectively treating the graph as undirected during BFS. This simple step solves a
key practical issue: early in training, many visited states lack outgoing paths to success because of
limited policy exploration. Without reverse edges, these states receive zero reward, making useful
actions unlearnable. Bi-directionality ensures rewards flow broadly across the sampled subgraph
using shortest-path distances, dramatically improving credit assignment without requiring more
rollouts or environment assumptions.

Our ablation study confirms that filtering invalid and no-op actions improves overall performance
by reducing noise in credit assignment. To empirically validate this, we conducted experiments on
ALFWorld, comparing RewardFlow with and without the filtering step. Retaining invalid/self-loop
actions yields robust but degraded performance, as the noisy graph hampers accurate advantage
estimation and policy updates. The results are as follows:

Our benchmarks (ALFWorld, Sokoban, WebShop) cover wide scenarios, and bi-directionality per-
forms appropriately in each:

• Reversible actions (most common): Actions like “go to kitchen” in ALFWorld or navigation in
WebShop have natural reverses. Adding reverse edges exactly reflects real environment dynamics,
increasing reward density and guidance strength.
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• Irreversible but approximable actions: Some actions lack direct reverses but can be undone via
short unobserved paths. Adding reverses slightly overestimates reachability, yet relative reward
ordering remains correct-states closer to success always receive higher rewards, preventing any
inversion where worse actions appear better.

• Fully irreversible actions (e.g., dead-ends in Sokoban): Leading actions receive low or zero
propagated rewards, correctly teaching the policy to avoid such paths. No misleading positive
signals are introduced. For environments with many true dead-ends, users can simply disable
bi-directionality; the method falls back to uni-directional propagation or alternative algorithms
(e.g., PageRank).

Edge reversing is an optional heuristic whose use should be guided by empirical performance
in the target environment. We explicitly treat it as a configurable component rather than a hard
requirement. Our ablation studies on ALFWorld (Tab. 3) show that the performance is improved by
introducing edge reversing. However, we respectfully agree that this strategy may not be generalizable
to several environments, especially those that have many irreversible actions. Thus, by simply running
a quick hyperparameter sweep over (with reverse edges, without reverse edges), the most appropriate
variant can be selected that performs best on their specific task. The rest of the RewardFlow pipeline
(state graph construction, BFS distance computation, and state-wise advantage estimation) remains
unchanged.

10.4 STATE-WISE ADVANTAGE

The vanilla computation of advantage A
(
s, a

(i)
t

)
=

r̃
(i)
t −µ(s)
σ(s) may cause that the policy can not

learn the action from nodes that only have one out degree in the state graph, since r(i)t −µ(s) = 0. To
mitigate this problem, we specially set the state-wise baseline to µ(s) = 0 and the scale to σ(s) = 1.
This directly gives the single observed action an advantage of A(s, a) = r̃(s, a)− 1. Consequently,
actions that move closer to success (r̃ > 0) receive positive advantage, while actions that move away
(r̃ < 0) receive negative advantage, even when the state appears only once. This simple fallback
eliminates the risk of zero advantages across large numbers of unique states and ensures meaningful
learning signals for nearly all actions in the batch.

10.5 PROMPT TEMPLATES

In this section, we provide the prompt used in RL training to guide the model to do basic agentic
reasoning. The prompt with no history denotes the initial prompt, while the prompt with history
denotes the prompt in intermediate states.

ALFWORLD TEMPLATE NO HIS

"
You are an expert agent operating in the ALFRED Embodied Environment.
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.

"
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ALFWORLD TEMPLATE

"
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.

"

SOKOBAN TEMPLATE NO HIS

"
You are an expert agent operating in the Sokoban environment.

# Symbols and Their Meaning
- Walls (‘#‘): These block movement. You can’t move through or push

anything into walls.
- Floor (‘_‘): Open spaces where you can walk and move boxes.
- Targets (‘O‘): The spots where boxes need to go.
- Boxes (‘X‘): These are what you need to push onto the targets.
- Player (‘P‘): That’s you! You’ll move around the grid to push boxes.
- Box on Target (‘‘): A box successfully placed on a target.
- Player on Target (‘S‘): You standing on a target.

# Your Goal
Your goal is to push all the boxes (‘X‘) onto the target spots (‘O‘).

Once all boxes are on the targets, you win!

# Rules
You can only push boxes. You can’t pull them, so plan ahead to avoid

getting stuck.
You can’t walk through or push boxes into walls (‘#‘).
To avoid traps, do not push boxes into corners or against walls where

they can’t be moved again.

# Current Step
Your current observation is:
{current_observation}
Your admissible actions are ["up", "down", "left", "right"].

Now it’s your turn to make a move (choose ONE action only for the
current step).

You should first reason step-by-step about the current situation
observe the positions of boxes and targets, plan a path to push a
box toward a target, and avoid traps like corners or walls. This
reasoning process MUST be enclosed within <think> </think> tags.
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Once you’ve finished your reasoning, you should choose an admissible
action for current step and present it within <action> </action>
tags.

"

SOKOBAN VISUAL TEMPLATE

"
You are an expert agent operating in the Sokoban environment. Your

goal is to push all the boxes onto the target spots. Once all
boxes are on the targets, you win!

# Rules
You can only push boxes. You can’t pull them, so plan ahead to avoid

getting stuck.
You can’t walk through or push boxes into walls.
To avoid traps, do not push boxes into corners or against walls where

they can’t be moved again.

# Visual Elements in the Image:
Character: A small, green alien-like figure with two antennae and

black eyes. It represents you.
Box: A yellow crate marked with an orange "X" across its front. It is

the box you need to push.
Target: A black tile outlined in red, with a small red diamond shape

in the center. It marks the destination where a box should be
pushed.

# Current Step
Your current observation is shown in the image: <image>
Your admissible actions are ["up", "down", "left", "right"].

Now it’s your turn to make a move (choose ONE action only for the
current step).

You should first reason step-by-step about the current situation
observe the positions of boxes and targets, plan a path to push a
box toward a target, and avoid traps like corners or walls. 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.

"

11 FURTHER DISCUSSION

11.1 DOES REWARDFLOW RELY ON THE HIGH-QUALITY EXPLORATION?

RewardFlow does not perform exhaustive exploration and scales to massive state/action spaces.
RewardFlow derives states, actions, and transitions directly from RL rollout sampling, and no
exhaustive exploration is required. The induced graph is a compact subset of visited trajectories, and
reward propagation operates solely on this subgraph. In large agentic environments, RewardFlow
remains applicable as long as the LLM agent can sample at least one successful trajectory per batch.
This avoids "exhaustive visitation" and ensures tractability, even in continuous or high-dimensional
spaces, by clustering states via embeddings or hashing (as in our stochastic handling below) without
assuming pure discreteness.

The accuracy of the state graph that is critical for reward modeling is not obviously affected by
the poor exploration. RewardFlow ensures accurate state graph construction by building graphs

19



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Under review as a conference paper at ICLR 2026

solely from actual environment interactions (states and actions), as induced from LLM-generated
rollouts. This guarantees that the graph is a faithful topological representation of visited trajectories,
without hallucinations or invalid edges. As long as at least one successful trajectory is sampled in
a group, propagation methods like BFS reliably assign state-wise rewards reflecting task-centric
metrics, such as the minimum actions needed to reach success from each state (shortest path in the
graph). Poor exploration (e.g., low diversity) merely results in a sparser but still accurate graph.
modeling a subset of the environment without introducing errors or misguiding propagation. This
contrasts with trajectory-level methods, where sparse rewards can dilute credit assignment across
entire paths. Our filtering of invalid/self-examination actions further enhances reliability by removing
noise, ensuring propagation focuses on meaningful transitions. The ablation study in Tab. 5 supports
this, where RewardFlow consistently outperforms GiGPO, even reducing rollouts number, indicating
that RewardFlow is robust to poor exploration.

We further measure the entropy of the policy during different training steps and investigate how
the entropy affects graph density. We measure policy entropy as H(p) = −

∑|V |
i=1 p(xi) log p(xi),

where |V | denotes the length of the policy’s vocabulary and xi denotes each token in the vocabulary.
To study the interplay between entropy and graph structure, we evaluate three checkpoints of the
Qwen-2.5-1.5B-Instruct model during RewardFlow training on ALFWorld: step 0 (initial supervised
model), step 50, and step 100. For each checkpoint, we collect K = 8 rollouts per task using group
sampling, compute the entropy, and record graph statistics along with validation performance.

Table 7: Training progress of Qwen-2.5-1.5B-Instruct on the target task. Entropy, invalid rates, graph
size, and success rate across training steps.

Training Step Entropy Invalid State
Rate (%)

Invalid Action
Rate (%) Avg. Node Avg. Edge Success

Rate (%)

0 1.099 33.1 41.0 24.1 46.9 4.1
50 0.555 0.3 0 33.1 55.9 38.3

100 0.295 0.1 0 19.9 30.6 65.6

At step 0, the policy has very high entropy (1.099) and generates many invalid or no-op actions,
which are subsequently pruned. As a result, even though the policy is highly exploratory, a large
fraction of transitions do not contribute valid edges, yielding only moderately dense graphs and
poor reward signal propagation. At step 50, entropy has decreased significantly (0.555), the model
almost never produces invalid actions, and exploration remains sufficient to discover diverse valid
paths. This produces the densest state graphs (33.1 nodes and 55.9 edges on average), maximizing
the coverage of the refined graph and enabling the most effective BFS-based reward backpropagation,
which explains the rapid performance improvement at this stage. At step 100, entropy is lowest
(0.295), and the policy has converged toward near-deterministic optimal behavior. It now focuses
almost exclusively on high-reward paths to success states, resulting in the sparsest graphs (19.9 nodes
and 30.6 edges on average). Despite having the fewest nodes and edges, these compact graphs are
highly efficient: almost every observed transition reduces the shortest-hop distance to a success
state, making reward shaping extremely precise and leading to the highest validation success rate
(65.6%). These results reveal a clear and insightful trend: excessively high entropy harms graph
density due to invalid actions, moderate entropy maximizes graph coverage and reward densification
during learning, and low entropy ultimately yields minimal yet highly informative graphs that support
optimal performance.

Furthermore, the state-graph visualization case studies in ALFWorld (Appendix 12.4) demonstrate
that, even with a single successful sampling rollout, the constructed state graph accurately captures
the topological relationships among states, enabling precise reward assignment to intermediate states.
With additional sampling rollouts, the graph modeling is further refined, yielding even more reliable
rewards.

11.2 COMPARING REWARDFLOW WITH LLM-BASED PRM METHODS

Existing PRMs and preference learning approaches are largely confined to static, single-turn reasoning
tasks (e.g., math problems (Lightman et al., 2023)), where paired preferences or step-level scores can
be obtained relatively easily. In contrast, long-horizon agentic tasks involve dynamic state transitions
and environment feedback, making human annotation of intermediate preferences prohibitively
costly (20-40 steps per episode in ALFWorld). Recent agentic RL methods (e.g., ARPO (Dong
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et al., 2025), SimpleTIR (Xue et al., 2025)) rely on trajectory- or group-level supervision and do not
employ stepwise PRMs. GiGPO (Feng et al., 2025b), the closest related work, combines state- and
trajectory-level advantages but ignores topological relationships across states. This gap underscores
RewardFlow’s novelty: it delivers dense, topology-aware supervision without requiring human
annotations or auxiliary reward models.

11.3 THE POTENTIAL TO USE GNN FOR REWARD PROPAGATION

GNN-based reward propagation methods demonstrate challenges in on-policy RL training. In
ALFWorld, Sokoban, WebShop, and DeepResearch, GNN-based propagation is less applicable due
to practical constraints. GNNs require collecting and labeling additional graph data (e.g., node/action
features and ground-truth rewards), followed by separate training phases, which introduce overhead
in data quality dependence and generalization challenges on dynamically growing, large-scale graphs
from online rollouts. Moreover, GNNs demand additional GPU resources and computation time for
inference during each training step, reducing overall efficiency in on-policy RL. Heuristic methods
like BFS/PageRank, by contrast, are lightweight, interpretable, and directly leverage the induced
graph topology without external training, ensuring reliable propagation of verifiable terminal rewards.
This aligns with RewardFlow’s goal of simple, scalable credit assignment in sparse-reward, multi-turn
agentic scenarios, where exploration is ongoing, and graphs evolve per batch.

GNN-based propagation methods have the potential to be applied in semantically rich environ-
ments. GNNs offer advantages in incorporating semantic information from node (state) and edge
(action) embeddings, potentially yielding more nuanced reward propagation strategies that account
for contextual similarities beyond pure topology. This could be particularly beneficial in fixed-task
environments with abundant offline data, such as: (1) video game domains like StarCraft (Vinyals
et al., 2019), where state graphs are predefined and GNNs can learn from massive replay buffers to
predict value functions; (2) robotics tasks in simulated worlds (e.g., MuJoCo (Todorov et al., 2012)),
where physical semantics (e.g., joint angles, object interactions) enable GNNs to generalize across
similar trajectories; (3) molecular design (De Cao & Kipf, 2018) or drug discovery graphs (You et al.,
2018), where node features (e.g., atom types) allow learned propagation to optimize sparse rewards
like binding affinity; or (4) offline RL in recommendation systems (Chen et al., 2024), with static
user-item graphs enabling pre-trained GNNs for reliable, semantics-aware credit assignment. In these
cases, a trained GNN could provide task-specific reliability once deployed, and this is a promising
extension for future work in RewardFlow variants tailored to such domains.

11.4 DOES REWARD CONTRADICTIONS OCCURS IN REWARDFLOW?

RewardFlow’s graph construction avoids such conflicts in deterministic environments due to
the inherent consistency of transitions. In ALFWorld, WebShop, and Sokoban, the transition
function P (s′|s, a) is deterministic, and states are distinct (textual configurations in ALFWorld and
WebShop; grid layouts in Sokoban). Thus, any two rollouts that visit the same state-action pair
necessarily reach the identical next state. The induced exploration graph is therefore free of conflicting
edges. For reward propagation, our BFS/PageRank algorithms conservatively take the maximum
propagated reward per node (equivalent to the shortest-path distance to the nearest successful terminal
in BFS), yielding a unique, consistent value for every reachable state regardless of how many or
which trajectories discovered it.

The semantic similarity clustering strategy avoids the contradiction of reward assignment. In the
highly stochastic DeepResearch environment, semantically equivalent queries can surface different
retrieved passages, leading to superficially distinct but functionally identical states. To prevent
conflicting reward assignments, we cluster states whose embeddings have high cosine similarity,
merge them into a single super-node, and assign the max-pooled propagated reward (or averaged,
as ablation shows negligible difference). This simple yet effective deduplication ensures that near-
identical research states receive identical credit, eliminating contradictions while preserving the
underlying topology. Empirical studies in DeepResearch (Tab. 2) demonstrate that this clustering
contributes critically to about 2.09% average gain over GRPO baselines under high stochasticity.
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11.5 COMPARING REWARDFLOW WITH OFF-LINE REWARD DENSIFY METHODS

Conceptually, RewardFlow densifies the reward derived from on-policy rollout sampling, which
has relevance with other off-policy reward densify methods like DiffStitch Li et al. (2024) and
QPHIL Canesse et al. (2024). Here, we discuss the key differences between RewardFlow and
these methods. RewardFlow densifies sparse terminal rewards by constructing a state graph from
on-policy LLM rollouts and propagating success signals backward via graph propagation algorithms
such as BFS or Personalization PageRank, yielding dense state-wise rewards without generating
synthetic data. In contrast, DiffStitch is an offline data-augmentation method that explicitly stitches
low-reward and high-reward trajectories by sampling diffusion-generated sub-trajectories between
any two states, while QPHIL achieves implicit stitching at test time through a VQ-VAE-quantized
high-level transformer planner that autoregressively predicts discrete landmark sequences. Thus,
RewardFlow is a pure reward-shaping approach on observed rollouts, whereas DiffStitch and QPHIL
rely on either explicit trajectory synthesis or hierarchical discrete planning.

Adapting DiffStitch or QPHIL to the on-policy agentic RL setting of RewardFlow is challenging:
DiffStitch would require continuously retraining a diffusion model on shifting on-policy data, intro-
ducing severe instability and being prohibitive for LLM fine-tuning loops; QPHIL’s offline-pretrained
VQ-VAE and transformer planner would quickly become misaligned as the LLM explores new re-
gions of the text/visual state space, breaking landmark consistency and high-level planning reliability.
These distributional-shift issues make both methods hard to adapt to on-policy LLM reinforcement
learning, which is why RewardFlow’s non-parametric graph propagation on current rollouts remains
simpler and more stable.

12 FURTHER EXPERIMENTS

12.1 TRAINING EFFICIENCY

We show average numbers of nodes and edges in the induced graph of rollout sampling (Tab. 8), where
we collect the data from ALFWorld and WebShop via the sampling from Qwen2.5-1.5B-Instruct with
8 rollouts, where ALFWorld takes 25 interactive steps, and WebShop takes 15 interactive steps. For
Sokoban, we use Qwen2.5-VL-3B-Instruct with 8 rollouts and 15 interactive steps. The results show
that for all three agentic environments, the nodes and edges are no more than 42 and 77, respectively,
indicating that the induced graph through rollout does not involve numerous nodes and edges, where
the graph construction and reward propagation process would not take much time. We also show
the average time consumption of each training stage per step to demonstrate that RewardFlow is a
lightweight and efficient reward modeling method.

Table 8: Average and maximum size of induced state graphs from 8 on-policy rollouts (Qwen2.5-
1.5B/VL-3B-Instruct). Even in the worst case, graphs remain extremely compact.

Environment Avg. Nodes Avg. Edges Max Nodes Max Edges

ALFWorld 28.8 55.9 42 77
WebShop 36.8 48.2 54 65
Sokoban 14.0 21.0 27 39

12.2 TRAINING UNTIL CONVERGENCE

Table 9: Extended training to 200 steps on Sokoban (Qwen2.5-VL-3B-Instruct). All methods fully
converge well before 200 steps, and RewardFlow’s advantage further widens after convergence.

Method Success @100 steps (%) Success @200 steps (%) ∆ (200-100)

RLOO 22.7 41.4 +18.7
GRPO 26.6 39.1 +12.5
GiGPO 21.9 33.6 +11.7
RewardFlow (ours) 49.2 70.3 +22.1

We continued training the exact same checkpoints of Sokoban from the main experiments for an
additional 100 steps (total 200 steps) under identical hyperparameters. All methods plateau between
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150 and 200 steps, confirming full convergence. As shown in Tab 9, RewardFlow’s lead over the
strongest baseline grows from +22.6% at 100 steps to +28.9% at 200 steps. Notably, while baselines
improve by at most +18.7% with the extra budget, RewardFlow gains +22.1%, showing that its denser
credit assignment continues to extract meaningful signal even in later training phases. These results
confirm that our reported advantages are not artifacts of early stopping and remain robust (and even
strengthen) under fully converged conditions.

12.3 PROPAGATION STRATEGY

In this section, we try another strategy in BFS: the average distance d(s) =
1

|Ssucc|
∑

s⋆∈Ssucc
disthop(s ⇝ s⋆) to compare with the original propagation strategy

d(s) = mins⋆∈Ssucc disthop(s ⇝ s⋆). As shown in Tab. 10, using minimum hop distance for
reward propagation demonstrates consistently higher performance than the mean distance. Especially
in Sokoban, using minimum distance shows a 15.6% improvement in success rate compared with
mean distance. Intuitively, farther routes would dilute the signal, assigning a lower value R(s) to
a state with one short path but many long ones, even if the short path is viable. This might yield
r̃(st, at) < 0 for actions leading to such states, discouraging promising transitions and destabilizing
the state-wise advantages.

However, while simply integrate mean distance performs worse, alternatives like weighted mean
distances could mitigate these issues but would require additional design and empirical support. For
example, assigning higher weights to shorter paths (e.g., exponential decay based on hop length) might
better aggregate topological information, but this introduces hyperparameters and risks overfitting
to rollout noise, complicating the multi-source reverse BFS. Our choice of min distance keeps the
approach simple and topology-aware, ensuring reliable propagation, which improves reachability
without such overhead. Our results in Table 1 indicate that the min-based method already provides
robust, task-centric signals across model sizes.

In addition, incorporating uncertainty into reward propagation is an insightful suggestion, as it
could refine the signal by accounting for policy variability, though it introduces subjective elements
distinct from objective graph topology. Uncertainty, such as entropy over πθ(a|s), reflects the LLM
policy’s confidence rather than inherent environment structure, potentially enhancing exploration
in high-uncertainty states. However, integrating it (e.g., via entropy-regularized distances) would
require careful adaptation to avoid biasing the objective distance metric.

Table 10: Ablation on propagation strategies.

Model Environment Propagation Success Rate (%)

Qwen-2.5-1.5B-Instruct ALFWorld Mean Distance 62.5
Min Distance 65.6

Qwen-2.5-VL-3B-Instruct Sokoban Mean Distance 33.6
Min Distance 49.2

12.4 STATE GRAPH CASES

This section showcases a constructed state graph given different numbers of rollout trajectories. The
state graph of one sampling rollout can be found in Figs. 3, 4. The state graph of two sampling rollouts
can be found in Figs. 5, 6. The state graph of three sampling rollouts can be found in Figs. 7, 8.
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Figure 3: The constructed state graph with 1 sampling rollout. The deeper color indicates a higher
assigned reward. The initial state is in Node 0, and the success terminal state is in Node ⋆. The
corresponding text representation of nodes and edges can be found in Fig. 4.

Node List

Node 0: -= Welcome to TextWorld, ALFRED! =-
You are in the middle of a room. Looking quickly around
you, you see a cabinet 11, a cabinet 10, a cabinet 9, a cabinet
8, a cabinet 7, a cabinet 6, a cabinet 5, a cabinet 4, a cabinet
3, a cabinet 2, a cabinet 1, a coffeemachine 1, a countertop
2, a countertop 1, a diningtable 1, 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.
Your task is to: clean some mug and put it in coffeemachine
Node 1: You arrive at countertop 1. On the countertop 1,
you see a butterknife 3, a butterknife 1, a lettuce 1, a mug 1,
a pan 1, and a spatula 3
Node 2: On the countertop 1, you see a butterknife 3, a
butterknife 1, a lettuce 1, a mug 1, a pan 1, and a spatula 3
Node 3: You pick up the mug 1 from the countertop 1
Node 4: You move the mug 1 to the coffeemachine 1
Node 5: Nothing happens
Node 6: You pick up the mug 1 from the coffeemachine 1
Node 7: You arrive at countertop 2. On the countertop 2,
you see a egg 2, a plate 2, a plate 1, a spatula 2, a spatula 1,
and a winebottle 1
Node 8: Nothing happens
Node 9: You arrive at sinkbasin 1. On the sinkbasin 1, you
see a potato 2, a spoon 1, and a tomato 1
Node 10: You clean the mug 1 using the sinkbasin 1
Node 11: You arrive at coffeemachine 1. On the coffeema-
chine 1, you see nothing
Node 12: On the coffeemachine 1, you see nothing
Node 13: You move the mug 1 to the countertop 1
Node ⋆: You Won!

Edge List

Node 0 -> Node 1: go to countertop 1
Node 1 -> Node 3: take mug 1 from countertop 1
Node 3 -> Node 4: move mug 1 to coffeemachine 1
Node 3 -> Node 13: move mug 1 to countertop 1
Node 3 -> Node ⋆: move mug 1 to coffeemachine 1
Node 4 -> Node 5: clean mug 1 from countertop 1
Node 5 -> Node 6: take mug 1 from coffeemachine 1
Node 6 -> Node 7: go to countertop 2
Node 7 -> Node 8: go to countertop 2
Node 8 -> Node 9: go to sinkbasin 1
Node 9 -> Node 10: clean mug 1 with sinkbasin 1
Node 10 -> Node 11: go to coffeemachine 1
Node 11 -> Node 13: move mug 1 to countertop 1
Node 13 -> Node 3: take mug 1 from countertop 1

Figure 4: The text description of nodes and edges of state graph in Fig. 3
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Figure 5: The constructed state graph with 2 sampling rollouts. The deeper color indicates a higher
assigned reward. The initial state is in Node 0, and the success terminal state is in Node ⋆. The
corresponding text representation of nodes and edges can be found in Fig. 6.

Node List

Node 0: -= Welcome to TextWorld, ALFRED! =-
You are in the middle of a room. Looking quickly around
you, you see a cabinet 11, a cabinet 10, a cabinet 9, a cabinet
8, a cabinet 7, a cabinet 6, a cabinet 5, a cabinet 4, a cabinet
3, a cabinet 2, a cabinet 1, a coffeemachine 1, a countertop
2, a countertop 1, a diningtable 1, 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.
Your task is to: clean some mug and put it in coffeemachine
Node 1: You arrive at countertop 1. On the countertop 1,
you see a butterknife 3, a butterknife 1, a lettuce 1, a mug 1,
a pan 1, and a spatula 3
Node 2: On the countertop 1, you see a butterknife 3, a
butterknife 1, a lettuce 1, a mug 1, a pan 1, and a spatula 3
Node 3: You pick up the mug 1 from the countertop 1
Node 4: You move the mug 1 to the coffeemachine 1
Node 5: Nothing happens
Node 6: You pick up the mug 1 from the coffeemachine 1
Node 7: You arrive at countertop 2. On the countertop 2,
you see a egg 2, a plate 2, a plate 1, a spatula 2, a spatula 1,
and a winebottle 1
Node 8: Nothing happens
Node 9: You arrive at sinkbasin 1. On the sinkbasin 1, you
see a potato 2, a spoon 1, and a tomato 1
Node 10: You clean the mug 1 using the sinkbasin 1
Node 11: You arrive at coffeemachine 1. On the coffeema-
chine 1, you see nothing
Node 12: On the coffeemachine 1, you see nothing
Node 13: You move the mug 1 to the countertop 1
Node ⋆: You Won!
Node 15: You are not carrying anything
Node 16: On the countertop 1, you see a butterknife 3, a
butterknife 1, a lettuce 1, a pan 1, and a spatula 3
Node 17: You are carrying: a mug 1
Node 18: This is a normal mug 1. In it, you see nothing

Edge List

Node 0 -> Node 1: go to countertop 1
Node 0 -> Node 1: go to countertop 1
Node 1 -> Node 3: take mug 1 from countertop 1
Node 1 -> Node 3: take mug 1 from countertop 1
Node 3 -> Node 4: move mug 1 to coffeemachine 1
Node 3 -> Node 8: move mug 1 to sinkbasin 1
Node 3 -> Node 4: move mug 1 to coffeemachine 1
Node 3 -> Node 13: move mug 1 to countertop 1
Node 3 -> Node ⋆: move mug 1 to coffeemachine 1
Node 4 -> Node 5: clean mug 1
Node 4 -> Node 6: take mug 1 from coffeemachine 1
Node 4 -> Node 5: move mug 1 to sinkbasin 1
Node 4 -> Node 5: clean mug 1 from countertop 1
Node 5 -> Node 6: take mug 1 from coffeemachine 1
Node 5 -> Node 6: take mug 1 from coffeemachine 1
Node 6 -> Node 4: move mug 1 to coffeemachine 1
Node 6 -> Node 8: go to coffeemachine 1
Node 6 -> Node 8: lean on coffeemachine 1
Node 6 -> Node 7: go to countertop 2
Node 7 -> Node 8: go to countertop 2
Node 8 -> Node 4: move mug 1 to coffeemachine 1
Node 8 -> Node 13: move mug 1 to countertop 1
Node 8 -> Node 9: go to sinkbasin 1
Node 9 -> Node 10: clean mug 1 with sinkbasin 1
Node 10 -> Node 11: go to coffeemachine 1
Node 11 -> Node 13: move mug 1 to countertop 1
Node 13 -> Node 3: take mug 1 from countertop 1
Node 13 -> Node 3: take mug 1 from countertop 1

Figure 6: The text description of nodes and edges of state graph in Fig. 5
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Figure 7: The constructed state graph with 3 sampling rollouts. The deeper color indicates a higher
assigned reward. The initial state is in Node 0, and the success terminal state is in Node ⋆. The
corresponding text representation of nodes and edges can be found in Fig. 8.
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Node List

Node 0: -= Welcome to TextWorld, ALFRED! =-
You are in the middle of a room. Looking quickly around
you, you see a cabinet 11, a cabinet 10, a cabinet 9, a cabinet
8, a cabinet 7, a cabinet 6, a cabinet 5, a cabinet 4, a cabinet
3, a cabinet 2, a cabinet 1, a coffeemachine 1, a countertop
2, a countertop 1, a diningtable 1, 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.
Your task is to: clean some mug and put it in coffeemachine
Node 1: You arrive at countertop 1. On the countertop 1,
you see a butterknife 3, a butterknife 1, a lettuce 1, a mug 1,
a pan 1, and a spatula 3
Node 2: On the countertop 1, you see a butterknife 3, a
butterknife 1, a lettuce 1, a mug 1, a pan 1, and a spatula 3
Node 3: You pick up the mug 1 from the countertop 1
Node 4: You move the mug 1 to the coffeemachine 1
Node 5: Nothing happens
Node 6: You pick up the mug 1 from the coffeemachine 1
Node 7: You arrive at countertop 2. On the countertop 2,
you see a egg 2, a plate 2, a plate 1, a spatula 2, a spatula 1,
and a winebottle 1
Node 8: Nothing happens
Node 9: You arrive at sinkbasin 1. On the sinkbasin 1, you
see a potato 2, a spoon 1, and a tomato 1
Node 10: You clean the mug 1 using the sinkbasin 1
Node 11: You arrive at coffeemachine 1. On the coffeema-
chine 1, you see nothing
Node 12: On the coffeemachine 1, you see nothing
Node 13: You move the mug 1 to the countertop 1
Node ⋆: You Won!
Node 15: You are not carrying anything
Node 16: On the countertop 1, you see a butterknife 3, a
butterknife 1, a lettuce 1, a pan 1, and a spatula 3
Node 17: You are carrying: a mug 1
Node 18: This is a normal mug 1. In it, you see nothing
Node 19: You arrive at cabinet 2. The cabinet 2 is closed
Node 20: You open the cabinet 2. The cabinet 2 is open. In
it, you see a winebottle 2
Node 21: You close the cabinet 2
Node 22: You arrive at coffeemachine 1. On the coffeema-
chine 1, you see a mug 1
Node 23: On the coffeemachine 1, you see nothing
Node 24: You pick up the spatula 3 from the countertop 1
Node 25: On the countertop 1, you see a butterknife 3, a
butterknife 1, a lettuce 1, a mug 1, and a pan 1
Node 26: You arrive at sinkbasin 1. On the sinkbasin 1,
you see a potato 2, a spoon 1, and a tomato 1
Node 27: You are carrying: a spatula 3
Node 28: There’s nothing special about spatula 3
Node 29: You clean the spatula 3 using the sinkbasin 1
Node 30: Nothing happens
Node 31: You arrive at countertop 1. On the countertop 1,
you see a butterknife 3, a butterknife 1, a lettuce 1, a mug 1,
and a pan 1

Edge List

Node 0 -> Node 19: go to cabinet 2
Node 0 -> Node 1: go to countertop 1
Node 0 -> Node 1: go to countertop 1
Node 1 -> Node 3: take mug 1 from countertop 1
Node 1 -> Node 3: take mug 1 from countertop 1
Node 3 -> Node 4: move mug 1 to coffeemachine 1
Node 3 -> Node 8: move mug 1 to sinkbasin 1
Node 3 -> Node 4: move mug 1 to coffeemachine 1
Node 3 -> Node 13: move mug 1 to countertop 1
Node 3 -> Node ⋆: move mug 1 to coffeemachine 1
Node 4 -> Node 5: clean mug 1
Node 4 -> Node 6: take mug 1 from coffeemachine 1
Node 4 -> Node 5: move mug 1 to sinkbasin 1
Node 4 -> Node 5: clean mug 1 from countertop 1
Node 5 -> Node 22: go to coffeemachine 1
Node 5 -> Node 24: take spatula 3 from countertop 1
Node 5 -> Node 6: take mug 1 from coffeemachine 1
Node 5 -> Node 6: take mug 1 from coffeemachine 1
Node 6 -> Node 13: move mug 1 to countertop 1
Node 6 -> Node 4: move mug 1 to coffeemachine 1
Node 6 -> Node 8: go to coffeemachine 1
Node 6 -> Node 8: lean on coffeemachine 1
Node 6 -> Node 7: go to countertop 2
Node 7 -> Node 8: go to countertop 2
Node 8 -> Node 4: move mug 1 to coffeemachine 1
Node 8 -> Node 13: move mug 1 to countertop 1
Node 8 -> Node 9: go to sinkbasin 1
Node 9 -> Node 10: clean mug 1 with sinkbasin 1
Node 10 -> Node 11: go to coffeemachine 1
Node 11 -> Node 13: move mug 1 to countertop 1
Node 13 -> Node 5: move mug 1 to coffeemachine 1
Node 13 -> Node 3: take mug 1 from countertop 1
Node 13 -> Node 3: take mug 1 from countertop 1
Node 19 -> Node 20: open cabinet 2
Node 20 -> Node 21: close cabinet 2
Node 21 -> Node 5: go to cabinet 2
Node 22 -> Node 6: take mug 1 from coffeemachine 1
Node 24 -> Node 26: go to sinkbasin 1
Node 26 -> Node 29: clean spatula 3 with sinkbasin 1
Node 29 -> Node 30: clean mug with sinkbasin 2
Node 29 -> Node 31: go to countertop 1
Node 30 -> Node 29: clean spatula 3 with sinkbasin 1
Node 31 -> Node 30: go to countertop 1

Figure 8: The text description of nodes and edges of state graph in Fig. 7
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12.5 TRAINING DYNAMIC

In this section, we present the performance curves for the training and validation sets to analyze
the training dynamics of RewardFlow. The Sokoban task illustration is shown in Fig. 9. After
100 training steps, RewardFlow demonstrates superior performance on both the 3B and 7B models
compared to other baselines, highlighting the exceptional effectiveness of our framework. While
other training algorithms exhibit flat performance on both training and validation sets, RewardFlow
achieves significant improvement between 70 and 80 training steps on the Qwen-VL-2.5-3B model.
We attribute this to the initially weaker performance of the Qwen-VL-2.5-3B model, where early
training steps yield fewer successful trajectories due to sparse rewarded states. As training progresses,
the model’s capabilities improve, generating more successful trajectories and enabling the policy
to learn more effectively in later stages, resulting in substantial gains after 70 steps. Conversely,
the Qwen-VL-2.5-7B model, which benefits from greater pretraining capacity due to its larger size,
shows distinct performance improvements on both training and validation sets within the first 30
steps. The performance of ALFWorld can be found in Fig. 10, while other training algorithms are
similar in curve trend; the trend of RewardFlow is distinct and higher than other training methods.
Compared with the visual benchmark Sokoban, the text-based ALFWorld is easy to be understand
by LLMs, thus the policy in early training stages can collect sufficient successful trajectories for
RewardFlow to model the state-wise reward and conduct effective optimization.

Qwen2.5-3B-VL-Instruct Qwen2.5-7B-VL-Instruct Qwen2.5-3B-VL-Instruct Qwen2.5-7B-VL-Instruct

Validation & Training Curves in Sokoban

Figure 9: The Validation and training curves in Sokoban on both Qwen-2.5-VL-3B-Instruct and
Qwen-2.5-VL-7B-Instruct, we report the performance on the validation set every 10 training steps,
the curves of the training set are smoothed using LOWESS (Smolik et al., 2016)

Validation & Training Curves in ALFWorld (Qwen2.5-1.5B)

Figure 10: The Validation and training curves in ALFWorld on both Qwen-2.5-1.5B-Instruct, we
report the performance on the validation set every 10 training steps, the curves of the training set are
smoothed using (Smolik et al., 2016)
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