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Abstract

Reinforcement learning has become a widely used post-training approach for LLM
agents, where training commonly relies on outcome-level rewards that provide
only coarse supervision. While finer-grained credit assignment is promising for
effective policy updates, obtaining reliable local credit and assigning it to the right
parts of the long-horizon trajectory remains an open challenge. In this paper, we
propose Granularity-adaptivE Advantage Reweighting (GEAR), an adaptive-
granularity credit assignment framework that reshapes the trajectory-level GRPO
advantage using token- and segment-level signals derived from self-distillation.
GEAR compares an on-policy student with a ground-truth-conditioned teacher
to obtain a reference-guided divergence signal for identifying adaptive segment
boundaries and modulating local advantage weights. This divergence often spikes
at the onset of a semantic deviation, while later tokens in the same autoregressive
continuation may return to low divergence. GEAR therefore treats such spikes as
anchors for adaptive credit regions: where the student remains aligned with the
teacher, token-level resolution is preserved; where it departs, GEAR groups the
corresponding continuation into an adaptive segment and uses the divergence at
the departure point to modulate the segment’s advantage. Experiments across eight
mathematical reasoning and agentic tool-use benchmarks with Qwen3 4B and 8B
models show that GEAR consistently outperforms standard GRPO, self-distillation-
only baselines, and token- or turn-level credit-assignment methods. The gains are
especially strong on benchmarks with lower GRPO baseline accuracy, reaching
up to around 20% over GRPO, suggesting that the proposed adaptive reweighting
scheme is especially useful in more challenging long-horizon settings.

1 Introduction

Large language models (LLMs) are increasingly deployed as agents for complex, multi-step
tasks [} 2 3]. These agents typically operate through multi-turn interactions with external en-
vironments, interleaving reasoning with tool use such as retrieval or code execution [4]. In such
settings, correctness is often determined only at the end of an interaction through a verifiable outcome
reward, making supervision naturally trajectory-level [3,6]. As a result, outcome-based reinforce-
ment learning (RL) has become a standard approach for improving LLM agents [7]. In particular,
group-based methods such as Group Relative Policy Optimization (GRPO) [8] are commonly used to
optimize whole trajectories by comparing multiple sampled trajectories under the same task.
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However, with outcome-only rewards, group-based RL inherits a flat credit assignment problem: the
final reward provides only a coarse trajectory-level signal, making it difficult to accurately attribute
the final outcome to individual tokens or actions within the sequence [9} [10]. This issue is especially
severe in agent settings, where trajectories unfold over many reasoning and tool-use steps, and
early steps can shape the states and choices that follow much later, while multiple distinct paths
can lead to the same final outcome. Applying a single trajectory-level reward across the sequence
can therefore reinforce locally harmful actions in successful trajectories while penalizing useful
intermediate behaviors in failed ones, producing noisy policy updates and slowing the acquisition of
reliable long-horizon behaviors [11}12].

This has motivated finer-grained credit assignment beyond trajectory-level rewards, but long-horizon
agent trajectories make this difficult in two ways. First, an intermediate decision may affect the
final outcome only through later interactions. A reasoning step, tool call, or observation integration
can become useful only after subsequent observations and decisions, making it hard to access its
contribution locally. Second, fine-grained credit assignment also depends on the unit over which
credit is assigned. Turns and tool calls provide useful interfaces for organizing agent behavior, but
they are not always the units over which policy updates should be shared. A decisive behavior may
occur within a sub-turn phrase, a partial query, or a short reasoning transition, while neighboring
tokens in the same turn play different roles. Thus, predefined units are useful approximations, but not
necessarily a principled credit granularity.

Existing fine-grained methods still face limitations along both dimensions. Some methods derive local
credit from intrinsic signals such as uncertainty, likelihood, or entropy [13} 14} 15,16} [17]], but these
signals may capture policy-side distributional properties rather than actual task contribution. Stronger
task-dependent signals, such as process rewards, rule-based feedback, or rollout-based estimates, can
provide more direct supervision [S,[11} 12} [18}[19], but they rely on intermediate evaluators or rollout
estimates whose reliability depends on the task, evaluator quality, rollout coverage, and the current
policy distribution. Meanwhile, many methods apply credit over predefined units, such as tokens,
turns, tool calls, or heuristic segments. These units provide useful approximations to intermediate
decision structure, but they may not match the behavioral unit that the local signal is meant to update.
In tool-augmented agents, for example, a single turn may mix tool selection, argument construction,
and observation interpretation, while the useful or harmful behavior may occupy only part of the turn.
As a result, fine-grained credit assignment remains an open challenge for long-horizon agent RL.

We argue that effective local credit assignment requires coupling the credit signal with the behavioral
unit over which it is applied. Motivated by this view, we propose Granularity-adaptivE Advantage
Reweighting (GEAR), an adaptive-granularity credit assignment framework that uses an answer-
conditioned self-distillation signal to derive local credit weights and identify credit boundaries that
determine how these weights are shared. GEAR then uses the resulting weights to reshape the
trajectory-level advantage, rather than introducing explicit step-level rewards. This allows GEAR to
adapt both the strength and granularity of credit assignment without requiring additional step-level
annotation or separately trained reward models.

Specifically, GEAR consists of three components. (1) Task-grounded adaptive credit assignment.
GEAR constructs a task-grounded reference via self-distillation [20]: conditioning the same model
on the ground-truth-conditioned teacher policy, and the reverse Kullback—Leibler (KL) divergence
between the student and teacher serves as a signal of behavioral deviation. A large reverse KL
indicates that the student begins to depart from the task-correct continuation, naturally providing a
useful signal for identifying the onset of meaningful credit regions. (2) Adaptive granularity. The
empirical finding demonstrates that such divergence spikes often occur around transition markers (e.g.,
“s0”, “but”, and “therefore”), where the model commits to or shifts its reasoning path (Figure@). Since
deviation typically extends beyond a single token into a coherent behavioral span, GEAR further uses
token entropy as a boundary signal, as entropy spikes often indicate uncertainty or semantic transition,
to determine segment extent. (3) Advantage redistribution. GEAR converts both token-level aligned
regions and segment-level divergent regions into local credit weights that modulate the trajectory-level
advantage. The reweighting is advantage-aware: in successful trajectories, high-divergence regions
are down-weighted to avoid reinforcing unstable deviations, while in failed trajectories they receive
stronger penalties. In this way, GEAR transforms coarse trajectory-level supervision into fine-grained
credit assignment without requiring a separately trained process reward model.

‘We summarize the contributions of our work as follows:



* We propose GEAR, a granularity-adaptive credit assignment framework for outcome-based rein-
forcement learning in LLM agents. By using ground-truth-conditioned self-distillation to redis-
tribute trajectory-level advantage, GEAR provides adaptive local supervision that remains anchored
to final outcomes while avoiding explicit step-level rewards and separately trained reward models.
This reduces reliance on task-specific intermediate supervision, making GEAR easy to adapt across
outcome-based LLM RL settings.

* We introduce an adaptive credit-region construction mechanism that makes trajectory segmentation
signal-driven rather than predefined. Since reverse KL often spikes at the onset of a semantic
departure, GEAR uses entropy to recover the corresponding continuation and share the high-
deviation signal across the divergent region, while keeping low-divergence regions at token level.
Compared with fixed-granularity methods, this avoids fragmented updates around meaningful
deviations and artificial boundaries over the whole trajectory.

* We validate GEAR through extensive experiments on eight mathematical reasoning and agentic
tool-use benchmarks using Qwen3 4B and 8B models. GEAR consistently improves over GRPO
and competing credit-assignment baselines, with particularly strong gains on benchmarks where the
GRPO baseline accuracy is lower, reaching up to ~ 20% improvement. These results indicate that
GEAR’s adaptive reweighting becomes especially valuable in challenging long-horizon settings.

2 Related Work

2.1 Step-level Reward

Post-training of LLMs relies on diverse reward signals with inherent trade-offs. Verifiable rewards
(e.g., compilers and symbolic solvers) provide robust binary feedback for math and code [21} [13],
but their coarse granularity exacerbates long-horizon credit assignment. In contrast, rewards from
reward models offer nuanced, continuous signals but are prone to reward hacking, misspecification,
and limited generalization [22} 23| [24]. LLM-as-a-judge approaches enable scalable, criteria-based
evaluation for open-ended tasks [25} 26], but their feedback remains subjective and difficult to verify.
To densify supervision, process-based and token-level methods introduce step-wise or lexical fine-
grained signals [27, 28} |5]]. However, they often require expensive annotations or suffer from noise
and context dependence, limiting their scalability and robustness. In contrast, our method induces
fine-grained adaptive credit assignment over dynamically formed segments and tokens by leveraging
KL-based discrepancies between the same model’s ground-truth-enhanced teacher distribution and its
on-policy student distribution, thereby enabling scalable and structured advantage attribution without
manual annotations or additional reward model training.

2.2 Agentic RL

Recent work on RL for LLM agents explores several aspects to improve long-horizon decision-
making. Some methods redesign policy structures, such as decoupling planning and execution or
separating high-level planning from low-level tool use [29}30]. Search-based methods incorporate
lookahead mechanisms and LLM-guided value estimation to improve exploration and long-horizon
optimization [31} 132} 33 134]]. Reward engineering densifies sparse outcome rewards into richer
training signals [26] [35]], while pure RL and self-play scale policy learning through large-scale
environment interaction [36, [37]. Despite these advances, fine-grained credit assignment within
trajectories remains largely underexplored. In contrast, our method directly targets the RL credit
assignment problem by introducing an adaptive segment- and token-level mechanism that modulates
trajectory-level advantages using the model’s own predictive dynamics, without requiring explicit
local reward engineering or additional architectural complexity.

3 Preliminaries

3.1 Agent Execution

We formulate agent execution as token-level sequential generation over a flattened interaction trace.
Given a prompt z, the full trace is represented as a token sequence consisting of policy-generated
tokens (reasoning, tool calls, and the final answer) and observation tokens returned by the environment



(e.g., tool outputs). The state s, is the full prefix available before the next policy-generated token,
including the prompt, previously generated tokens, and observation tokens. The action a; is the next
policy-generated token sampled from a; ~ my(- | s¢). Observation tokens are kept in the state but
masked out from token-level training signals.

After termination, the trajectory receives a scalar outcome reward R(7) measuring overall task
success. Since supervision is only available at the trajectory level, agentic RL naturally poses a
long-horizon credit assignment problem. Importantly, all intermediate signals (e.g., reverse KL
divergence and entropy) are defined at the token level, enabling fine-grained credit assignment over
the trajectory.

3.2 GRPO

We consider policy optimization over trajectories generated by a policy 7y conditioned on a prompt
z. Following recent RL methods for LLM agents, we build upon the GRPO framework [8]. For each
prompt z, we sample a group of K trajectories: {7(*)}/< | ~ 7y(- | x), with corresponding rewards
{R") S . The advantage for each trajectory is computed by normalizing rewards within the group:
Ak = %, where i1 and o denote the empirical mean and standard deviation of the group
rewards. Following standard GRPO, the trajectory-level advantage is broadcast uniformly to all steps
A — A®) and optimized with the objective:
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advantage estimator, it assigns uniform credit across all actions within a trajectory, ignoring the
heterogeneous contributions of individual actions and introducing noisy optimization in long-horizon
trajectories. This motivates our adaptive, fine-grained credit refinement framework.

is the policy ratio. While GRPO yields a low-variance and stable

3.3 On-Policy Self-Distillation

In on-policy RL, self-distillation [20] encourages consistency between the policy’s behavior under
the state and under the ground-truth-conditioned state. Given a trajectory 7 = (sq, at)z;l ~ Tg,a

common reverse-KL objective is: Lgistin (0) = Ermn, {Zthl (logmo(as | st) — logme(as | s7))|,

where s; denotes the on-policy interaction state, and s} denotes the ground truth-conditioned teacher
state constructed from the same prompt under a reference trajectory 7* up to step .

Rather than directly optimizing this objective, we repurpose the step-wise reverse KL signal as a
fine-grained indicator of where the policy deviates from the ground-truth-conditioned behavior, and
use it to shape the trajectory-level advantage for credit assignment.

3.4 Policy Entropy

To characterize the predictive uncertainty of the policy at each decision step, we consider the
entropy of the action distribution induced by my. For a state s;, the policy entropy is defined as
Hy = H(mg(- | 81)) = — > g, camolar | se)logmg(ar | s¢), where A denotes the action space,
including reasoning tokens, tool-use tokens, and final answer generation. Higher entropy indicates
greater uncertainty, providing an auxiliary signal for differentiating action-level credit.

4 Method

We propose Granularity-AdaptivE Advantage Reweighting (GEAR), a framework for fine-grained
credit assignment in RL for fine-tuning LLM agents (Figure [2). GEAR builds on GRPO-style
optimization by introducing adaptive segment and token level reweighting of the trajectory-level
advantage signal while preserving its low-variance property.



| am Eve. | want to order a Domino's Super Supreme Pizza for takeout from | (b)ours Step 1 - Trajectory-level advantage (same as GRPO)
FoodPlatform and record today’s spending. Can you help me do this?

login_food_platform, add_food_delivery_order, add_spendin,
ety i FERED Step 2 - Self-distillation: compute token-KL via teacher prompt + ground truth

Evaluate each token
with ground truth) |

Answer 1 (Advantage A)): | confirm the device is readly, then log in to the food platform Teacher prompt(;
using login_food_platforn] I first check the menu from Domino's with get_products, ‘
then place an order for one Super Supreme Pizza using add_food_delivery_order.
After obtaining the total cost, | record the spending by creating a reminder with L

add_spending, filling in the amount and setting the time to “2024-07-16 09:30". The |
order is completed and the expense is recorded.

Student response ™

n' o A

Token-level KL divergence

Dynamic segmentation
i 8 Credit signal

TS
sign( s"“,{' AL 20

~

—1, AW <o,

)

1A% > 0,sign(4¥) = 1

Answer 2 (Advantage A;): | confirm the device is ready and log in using
login_food_platform. Then | check the available items from Domino's with
get_products, and proceed to create a reminder using add_spending to record the
spending. However, the actual order is not placed in this process, so the purchase is not
completed.

Sogment

(2) GRPO A <0 g (A®) = 1
: ()
Answer 1is right. Answer 2 is wrong. & 2 \2 )
‘ a4 The token advantage are the same within the
'] answer A1, v \
y v Token-weighted policy gradient update
L Ay =-1, Vit W= aw,+B,AY = w-a®

Figure 1: Illustration of GEAR for fine-grained credit assignment in agent RL. (a) GRPO assigns the same
trajectory-level advantage to all tokens. (b) GEAR preserves this trajectory-level advantage while redistributing
credit at a finer granularity. It computes token-wise reverse KL divergence between the student and a ground-
truth—conditioned teacher, then uses KL peaks to identify segment onsets and entropy to determine segment
extent. Within each divergent segment, all tokens share the onset credit, propagating a localized discrepancy
signal over coherent spans. For consistent regions with low KL, token-level reverse KL is used directly. The
resulting signals are then modulated by a sign-aware weighting function to produce the final token-level credit.

Our method forms a unified pipeline for fine-grained credit assignment. It begins by estimating
token-level behavioral deviation using reverse KL divergence between the teacher and student
policies, producing advantage-aware token saliency signals (Section .I)). These signals are then
jointly combined with token entropy to identify coherent behavioral segments, where reverse KL
captures the onset of semantic deviation and entropy determines its extent, enabling adaptive segment-
aware propagation of token credit within each segment while preserving original weights elsewhere
(Section £2). Finally, the resulting fine-grained weights are used to modulate trajectory-level
advantages according to their sign (Section [4.3)), yielding adaptive credit assignment that is both
locally precise and globally outcome-consistent.

4.1 Self-Distillation Credit Signal via Reverse KL Divergence

Token-level credit assignment is challenging due to the lack of fine-grained supervision, as rewards
are typically only available at the trajectory level. To address this, we leverage on-policy self-
distillation [20] to derive dense token-level signals. Specifically, we compute a discrepancy signal
between teacher and student policies, which is then used to define an advantage-aware token-level
weight. The discrepancy signal is defined as the token-wise reverse KL divergence between the
student policy and the ground-truth-conditioned teacher reference policy:

rKL; =logmg(as | s¢) — logmg(ayr | s7), 2)

where s} denotes the ground truth-conditioned state. For stability and comparability, we normalize

rKL; to [0, 1] within each trajectory as KL. A larger rK/VLt indicates greater deviation from the
teacher distribution, implying that the corresponding token is farther from the ground-truth-guided
signal and is less likely to contribute positively to the final outcome.

4.2 Divergence-Aware Adaptive Segmentation

Directly applying discrepancy-based token-level weights to the trajectory-level advantage can induce
high variance, as divergence signals are often sparse and concentrated on a few isolated tokens,
particularly near the onset of a new reasoning step, resulting in noisy and unstable gradient updates.

To better understand this phenomenon, we analyze 100 trajectories sampled from math tasks and

report the 20 most frequent tokens whose normalized reverse-KL exceeds 0.1 (rKL; > 0.1; Appendix
Figure[2).The threshold is chosen based on empirical observations, as values above this level typically
correspond to noticeable policy deviations. High-KL tokens are predominantly discourse markers
and transition phrases (e.g., “So”, “Let”, “But” and “Therefore”), which typically indicate reasoning



shifts, hypothesis revision, or structural decomposition. This suggests that elevated KL values are not
uniformly distributed, but instead cluster around critical reasoning transitions.

Motivated by this observation, we introduce divergence-aware adaptive segmentation, which groups
localized high-divergence regions into coherent segments and enables structured segment-level ad-
vantage modulation, thereby reducing variance while preserving informative token-level discrepancy
signals.

Specifically, we segment each trajectory using two complementary signals. The normalized diver-

gence signal rKL; identifies token steps where the student policy substantially deviates from the
teacher, while token-level entropy determines how far such deviations extend into subsequent steps.

Concretely, a new segment is initiated at token step tg.,y Whenever the normalized divergence exceeds

a predefined threshold: KL, , > Axr1,. Once triggered, the segment continues until the first token
step tena Whose entropy exceeds a multiple of the entropy at the segment onset: Hy,, > AgHy,,, . All
steps from tgeare tO teng form a segment. The process then resumes from token step tenq + 1, yielding a
set of non-overlapping segments {.S,,}__, over the trajectory.

Based on this partition, we perform segment-level piecewise-constant reweighting. For all tokens
within a segment .S,,, we assign the same weight as the onset token at position ¢,,:

L {@tn, te S, 3

wy = .

rKL;, otherwise.
In this way, we partition the token sequence within each trajectory into divergent segments and
consistent regions. For divergent segments, all tokens share the credit signal from the segment onset,
propagating localized discrepancy over a coherent span. For consistent regions with persistently low
KL divergence, tokens retain their own token-level weights to preserve fine-grained credit signals.
This piecewise design smooths isolated KL spikes and yields more stable credit assignment.

4.3 Final Objective

Building upon the divergence-aware step-wise segment weight, we introduce an advantage-sign-aware
token-level weighting scheme that adapts according to the sign of the advantage:

w; = 0.5+ (0.5 — wil) - sign(A®)). 4)

This formulation induces an asymmetric and outcome-conditioned modulation. When the trajectory
is globally beneficial (A*) > 0), tokens with large divergence from the teacher are downweighted,
suppressing potentially unreliable updates that may not have contributed to the positive outcome.
Conversely, when the trajectory is harmful (A®) < 0), such tokens are upweighted, amplifying
corrective gradients and discouraging the policy from repeating behaviorally deviant actions.

The final token-level weight is obtained via affine rescaling:
Wi =a-w+p, &)

where a@ > 0 and 3 are scalar hyperparameters controlling the dynamic range and offset of the
modulation, respectively. We set 5 = 1 — 0.5¢, such that the average modulation weight remains
close to 1, preserving the overall scale of the trajectory-level advantage while allowing adaptive up-
and down-weighting across tokens. We then replace the uniformly assigned trajectory-level advantage
Agk) in the GRPO objective (Eq. |1) with the reweighted token-level advantage flgk) = W,A®),
By retaining the trajectory-level advantage as the base signal and introducing only multiplicative
modulation, our method preserves the low-variance characteristics of GRPO-style optimization while
achieving fine-grained, outcome-aware credit assignment across reasoning steps—without requiring
step-level reward annotations or auxiliary value networks.

5 Experiments

5.1 Experimental Settings

We train and evaluate our method along two complementary dimensions: agentic tool-use benchmarks,
which evaluate multi-step function-calling fidelity, and fool-integrated mathematical reasoning



benchmarks, which assess multi-step problem solving with access to a Python tool. For training, we
use 5K mathematical reasoning examples from ARPO [38]] and 4K agentic tool-use examples from
ToolRL [5], following their original train-test splits.

Mathematical Reasoning Benchmarks. Following prior work on tool-integrated reasoning [38]],
we evaluate on standard mathematical reasoning benchmarks, including MATH [39], GSMS8K [40]],
and competition-level subsets such as MATHS00 [39] and AIME 2024/2025. We report accuracy for
each benchmark and adopt MEAN @ 16 across all tasks as the primary overall performance metric,
setting the temperature and top-p to 0.6 and 0.95, respectively.

Agentic Tool-Use Benchmarks. We evaluate multi-step tool use on three benchmarks. ToolSand-
box [41] is a stateful benchmark with mutable world state; we use the Multiple_Tool_Call subset and
evaluate milestone completion. BFCL [42] evaluates multi-function calling (parallel, multiple, and
parallel-multiple) using Abstract Syntax Tree (AST) matching. ACEBench [43] assesses agentic
multi-step execution, where we report End-to-End Success (exact match of all target attributes) and
Process Accuracy (n/m), measuring alignment with the reference function-call sequence.

Baselines. We compare our method against the following baselines. OPSD [20] is an on-policy
self-distillation framework in which a single model serves as both teacher and student under different
contexts. OPSD+RL further incorporates OPSD as an auxiliary loss into the RL objective. GRPO [8]
is a representative outcome-only RL method that estimates advantages by normalizing terminal
rewards within rollout groups. ARPO [38] improves multi-turn exploration by adaptively branching
on token entropy spikes after tool-call feedback. MT-GRPO [11]] extends GRPO to multi-turn
settings via turn-level reward for improved long-horizon credit assignment.

Implementation Details. We instantiate GEAR in a GRPO framework with QWEN3-4B-BASE
and QWEN3-8B-BASE. We set Axy, = 0.1, A\ = 1.5, @ = 0.2 and 8 = 0.9. For general-domain
assessment, we additionally train a separate model on mixed agentic tool-use and mathematical
reasoning data under the same training settings.

5.2 Main Results

Agent Tool-Use. Table[I|shows that our method consistently outperforms strong baselines on both
Qwen3-4B and Qwen3-8B across agentic tool-use benchmarks. Compared with outcome-level RL
methods such as GRPO, as well as recent multi-turn extensions including ARPO and MT-GRPO,
our approach achieves the best overall performance across nearly all metrics, with particularly large
gains on challenging benchmarks such as ToolSandbox. We attribute these gains to GEAR’s more
effective credit assignment mechanism. ARPO relies on entropy-based branching signals, which are
often noisy and fluctuate locally, leading to unstable and fragmented signals (Appendix Figure [3)).
MT-GRPO introduces step-level rewards for finer supervision, but these manually designed signals
are often task-specific and may hurt generalization out of domains.

By grounding local credit assignment in reverse-KL-based behavioral deviation while adaptively
combining entropy only as a boundary signal, our method provides more stable and task-aligned
fine-grained supervision without requiring explicit process rewards. As a result, these improvements
remain consistent across different model scales and also transfer effectively to cross-domain data,
where our method still yields gains over GRPO. This demonstrates that our fine-grained credit
assignment mechanism is not specialized to a particular task domain or training setting, but instead
exhibits strong generalization ability across model capacities, data distributions, and task domains.

Mathematical Reasoning. Table|l|compares all baselines on mathematical reasoning benchmarks.
We find that AIME24 and AIME2S5 better reflect model generalization ability than benchmarks such as
GSMSK and MATH, as they involve more complex compositional reasoning and stronger distribution
shifts, making them more sensitive to cross-domain transfer rather than in-domain memorization or
pattern fitting.

Our method achieves a strong balance between in-domain performance and generalization. While
maintaining competitive results on standard in-domain benchmarks (e.g., GSM8K and MATH), it
consistently improves performance on AIME24 and AIME2S5, indicating that the proposed fine-
grained credit assignment enhances reasoning robustness under distribution shift without sacrificing



Table 1: Performance (%) on agentic tool-use and mathematical reasoning benchmarks. Agent: TS-M =
ToolSandbox Multi-Tool, BFCL Avg. = average over BFCL Parallel-Multiple / Parallel / Multiple, ACE-E
= ACEBench End-to-End accuracy, ACE-P = ACEBench Process accuracy. Math: Test(in domain), A24 =
AIME24, A25 = AIME25, M500 = MATH500, GSM = GSMS8K, MH = MATH. Best results are bolded.

Agentic Tool-Use | Mathematical Reasoning
Method TS-M BFCLAvg. ACE-E ACE-P| Test A24 A25 GSM MH M500
QOwen3-4B
Base 0.304 0.907 0.265 0.302 | 0.565 0458 0.512 0.881 0.774 0.725
OPSD 0.279 0.720 0.225 0.265 | 0.698 0.363 0.421 0937 0.861 0.783
OPSD+RL 0.337 0.871 0.243 0.281 | 0.668 0.396 0458 0.949 0.848 0.746
GRPO 0.346 0.919 0.312 0.356 | 0.676 0.431 0474 0924 0.836 0.754
ARPO 0.367 0.923 0.236 0262 | 0.691 0.463 0489 0932 0.852 0.764
MT-GRPO 0.332 0.924 0.328 0.359 | 0.680 0.423 0456 0931 0.844 0.762
GEAR (Ours) 0.423 0.941 0.363 0.389 | 0.738 0.503 0.534 0.958 0.879 0.802
QOwen3-8B
Base 0.358 0.921 0.315 0.357 | 0.572 0471 0.523 0.896 0.786 0.721
OPSD 0.312 0.764 0.265 0.288 | 0.741 0.381 0.347 0931 0.816 0.728
OPSD+RL 0.368 0.885 0.305 0.329 | 0.701 0471 0445 0925 0.804 0.719
GRPO 0.383 0.920 0.313 0.358 | 0.755 0465 0463 0932 0.812 0.728
ARPO 0.379 0.926 0.325 0.363 | 0.763 0479 0478 0928 0.822 0.742
MT-GRPO 0.365 0.923 0.337 0.378 | 0.768 0455 0446 0927 0.818 0.724
GEAR (Ours) 0.537 0.938 0.375 0.453 | 0.808 0.514 0.542 0947 0.842 0.740
Multi-Domain Generalization Evaluation (Qwen3-4B)
GRPO 0.315 0911 0.307 0.334 | 0.643 0453 0.525 0933 0.833 0.758
GEAR (Ours) 0.343 0.919 0.325 0.364 | 0.724 0.533 0.623 0.952 0.849 0.776

in-domain performance. In contrast, GRPO improves in-domain performance but shows noticeable
degradation on AIME24 and AIME25, suggesting that optimizing solely for outcome-level rewards
may lead to overfitting to in-domain patterns and weaker generalization under distribution shift.

Notably, the cross-domain trained variant of our model further improves AIME24 and AIME25
performance, even surpassing models trained directly on mathematical data. This indicates that
our approach generalizes well across training domains and learns more transferable reasoning
representations. Overall, these results show that our method improves both generalization and in-
domain performance, demonstrating that GEAR is not task-specific but instead learns transferable
reasoning capabilities that generalize to unseen tasks.

5.3 Ablation Study

We conduct ablations to disentangle the contributions of GEAR’s key components: (i) the granularity-
adaptive mechanism for coherent credit assignment; and (ii) key hyperparameter settings.

Effectiveness of Dynamic Structured Segmentation. To analyze the contribution of our
granularity-adaptive design in GEAR, we compare the full method against several segmentation
variants in Table[2] w/o segment-level reweighting removes segment-wise credit propagation and
applies token-level KL-based reweighting independently to each token. w/o entropy termination

constructs segments solely based on KL triggers: each token with rKL > 0.1 starts a new seg-
ment, which extends until the next KL trigger. All tokens within a segment share the same weight,
determined by the first token’s KL value. w/o KL-trigger replaces KL-triggered segmentation
with entropy-based boundaries: a segment terminates when token entropy exceeds 1.5x the current
entropy threshold, after which the next token initializes a new threshold. Segment-level weights are
uniformly assigned according to the first token’s KL value. with tool call segmentation replaces
our dynamic segmentation with tool-boundary segmentation, where each tool invocation starts a new
segment, and all tokens within a segment share the weight determined by the first token’s KL value.

All segmentation variants underperform GEAR, validating the effectiveness of our dynamic structured
segmentation. In particular, removing segment-level reweighting (w/o segment-level reweighting)
shows that directly applying token-level KL. modulation fails to propagate credit over coherent
reasoning spans. Replacing our KL-initiated, entropy-terminated segmentation with single-signal



partitioning (w/o entropy termination or w/o KL-trigger) further confirms the complementary roles
of reverse KL and entropy: reverse KL identifies behavioral transitions, while entropy adaptively
controls segment granularity. Segmenting trajectories solely by tool-calling boundaries (with tool call
segmentation) performs worst, suggesting that external structural boundaries are often misaligned
with intrinsic reasoning dynamics. Overall, these results highlight the importance of behavior-aware
segmentation and adaptive segment-level credit propagation for effective credit assignment.

Hyperparameter Analysis. We further exam- ype 2: Ablation study of GEAR. We evaluate the con-
ine the sensitivity of GEAR to the segmentation  tribution of each component and the sensitivity to key
thresholds around the default settings. For the hyperparameters. The default hyperparameter values are
entropy termination threshold, smaller values Mg = 1.5, « = 0.2, and Ak, = 0.1.

(Ag = 1.3) produce finer-grained partitions by
terminating segments earlier, while larger val-

ues (\y = 1.7) encourage longer, more sta- _Method Variant Test MATH
ble segments. Empirically, the default choice GRPO baseline 0.676 0.836
Ag = 1.5 pr0V1de.s. the best balance betwef.:n GEAR 0739 0879
segmentation sensitivity and structural consis- S
s . w/o segment-level reweighting 0.683  0.844
tency, yielding segments that are neither overly L
fragmented nor excessively coarse. For the KL w/o entropy termination 0.691 0.845
’ w/o KL-trigger 0.685 0.856

triggering threshold, larger values (Agr, = 0.2

or 0.3) make segmentation overly conservative with tool call segmentation 0682 0.840

by requiring stronger deviation signals to start ~ Entropy threshold Ay = 1.3 0.718  0.862
new segments. In contrast, the default setting Entropy threshold Agy = 1.7 0.693 0.851
)‘K.L =0.1 bptter captures lqc'alized behavioral Scale @ = 0.4, 8 = 0.8 0733 0872
shifts, enal?llng ear.her transition detf.:CtIOIl and Scale o = 0.6, 8 = 0.7 0724  0.864
more precise credit assignment. Since occa- Ky threshold Axp, = 0.2 0.693 0.854
sional reverse-KL spikes can compress most gy ihreshold Axp. = 0.3 0.686 0847

normalized scores into a low range, a smaller
threshold is preferable for maintaining sensitivity to informative deviations.

Effectiveness of advantage modulation. We further study the modulation strength for reweighting
trajectory-level advantage (v = 0.4 or 0.6). The default coefficient (o« = 0.2) yields the best trade-off
between modulation expressiveness and optimization stability, validating our advantage correction
design. By refining coarse trajectory-level supervision with structured token-level weighting, GEAR
enables more informative credit propagation while preserving GRPO’s stable optimization dynamics.

5.4 Visualization Analysis of Segment Design

Additional visualizations in the appendix (Figures [2]and [3) show that directly using token-level KL
as a weighting signal mainly suppresses early non-reasoning tokens, which exhibit large distribution
shifts but carry limited semantic relevance, leading to overly coarse weighting. When used for
segmentation, KL produces sparse but high-amplitude spikes that dominate boundary detection and
merge long reasoning spans into large segments. In contrast, entropy exhibits dense local fluctuations,
resulting in fragmented and noisy segments that often break coherent reasoning structures. These
results suggest that reverse KL captures salient deviation points, whereas entropy better reflects local
uncertainty, highlighting their complementary roles in fine-grained credit assignment.

6 Conclusion

In this paper, we propose GEAR, a fine-grained credit assignment framework for reinforcement
learning in LLM agents that transforms coarse trajectory-level supervision into adaptive segment- and
token-level learning signals through self-distillation. By integrating self-distillation-based discrepancy
estimation, dynamic trajectory segmentation, and outcome-aware advantage reweighting under the
unified objective of fine-grained credit assignment, GEAR enables more precise and effective credit
propagation over long-horizon trajectories without additional supervision. Extensive experiments on
eight mathematical reasoning and agentic tool-use benchmarks demonstrate consistent improvements
over strong GRPO-based baselines, highlighting the promise of coupling reference-guided signals
with adaptive credit regions for scalable and generalizable agent reinforcement learning.



References

[1] Timo Schick, Jane Dwivedi-Yu, Roberto Dessi, Roberta Raileanu, Maria Lomeli, Eric Hambro,
Luke Zettlemoyer, Nicola Cancedda, and Thomas Scialom. Toolformer: Language models can
teach themselves to use tools. Advances in neural information processing systems, 36:68539—
68551, 2023.

[2] Saikat Barua. Exploring autonomous agents through the lens of large language models: A
review. arXiv preprint arXiv:2404.04442, 2024.

[3] Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Mandlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan,
and Anima Anandkumar. Voyager: An open-ended embodied agent with large language models.
arXiv preprint arXiv:2305.16291, 2023.

[4] Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak Shafran, Karthik Narasimhan, and Yuan
Cao. React: Synergizing reasoning and acting in language models, 2023.

[5] Cheng Qian, Emre Can Acikgoz, Qi He, Hongru Wang, Xiusi Chen, Dilek Hakkani-Tiir, Gokhan
Tur, and Heng Ji. Toolrl: Reward is all tool learning needs. arXiv preprint arXiv:2504.13958,
2025.

[6] Shunyu Yao, Noah Shinn, Pedram Razavi, and Karthik Narasimhan. 7-bench: A benchmark for
tool-agent-user interaction in real-world domains. arXiv preprint arXiv:2406.12045, 2024.

[7] Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin,
Chong Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to
follow instructions with human feedback. Advances in neural information processing systems,
35:27730-27744, 2022.

[8] Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, YK Li, Yang Wu, et al. Deepseekmath: Pushing the limits of mathematical
reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.

[9] Richard S Sutton, Andrew G Barto, et al. Reinforcement learning: An introduction, volume 1.
MIT press Cambridge, 1998.

[10] Hunter Lightman, Vineet Kosaraju, Yuri Burda, Harrison Edwards, Bowen Baker, Teddy Lee,
Jan Leike, John Schulman, Ilya Sutskever, and Karl Cobbe. Let’s verify step by step. In The
twelfth international conference on learning representations, 2023.

[11] Siliang Zeng, Quan Wei, William Brown, Oana Frunza, Yuriy Nevmyvaka, Yang Katie Zhao, and
Mingyi Hong. Reinforcing multi-turn reasoning in llm agents via turn-level credit assignment.
In ICML 2025 Workshop on Computer Use Agents, 2025.

[12] Da Ma, Ziyue Yang, Hongshen Xu, Haotian Fang, Kai Yu, and Lu Chen. Empowering llm
tool invocation with tool-call reward model. In The Fourteenth International Conference on
Learning Representations.

[13] Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xiaochen Zuo, Yu Yue, Weinan Dai,
Tiantian Fan, Gaohong Liu, Lingjun Liu, et al. Dapo: An open-source llm reinforcement
learning system at scale. arXiv preprint arXiv:2503.14476, 2025.

[14] Shenzhi Wang, Le Yu, Chang Gao, Chujie Zheng, Shixuan Liu, Rui Lu, Kai Dang, Xionghui
Chen, Jianxin Yang, Zhenru Zhang, Yuqiong Liu, An Yang, Andrew Zhao, Yang Yue, Shiji
Song, Bowen Yu, Gao Huang, and Junyang Lin. Beyond the 80/20 rule: High-entropy minority
tokens drive effective reinforcement learning for llm reasoning, 2025.

[15] Guoqing Wang, Sunhao Dai, Guangze Ye, Zeyu Gan, Wei Yao, Yong Deng, Xiaofeng Wu, and
Zhenzhe Ying. Information gain-based policy optimization: A simple and effective approach
for multi-turn llm agents. arXiv preprint arXiv:2510.14967, 2025.

[16] Lang Feng, Zhenghai Xue, Tingcong Liu, and Bo An. Group-in-group policy optimization for
IIm agent training. In The Thirty-ninth Annual Conference on Neural Information Processing
Systems.

10



[17] Jiangweizhi Peng, Yuanxin Liu, Ruida Zhou, Charles Fleming, Zhaoran Wang, Alfredo Garcia,
and Mingyi Hong. Hiper: Hierarchical reinforcement learning with explicit credit assignment
for large language model agents. arXiv preprint arXiv:2602.16165, 2026.

[18] Peiyi Wang, Lei Li, Zhihong Shao, Runxin Xu, Damai Dai, Yifei Li, Deli Chen, Yu Wu, and
Zhifang Sui. Math-shepherd: Verify and reinforce 1lms step-by-step without human annotations.
In Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 9426-9439, 2024.

[19] Amirhossein Kazemnejad, Milad Aghajohari, Eva Portelance, Alessandro Sordoni, Siva Reddy,
Aaron Courville, and Nicolas Le Roux. Vineppo: Unlocking rl potential for 1lm reasoning
through refined credit assignment. 2024.

[20] Siyan Zhao, Zhihui Xie, Mengchen Liu, Jing Huang, Guan Pang, Feiyu Chen, and Aditya
Grover. Self-distilled reasoner: On-policy self-distillation for large language models. arXiv
preprint arXiv:2601.18734, 2026.

[21] Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Peiyi Wang, Qihao Zhu, Runxin Xu,
Ruoyu Zhang, Shirong Ma, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in
Ilms via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

[22] Wendi Li and Yixuan Li. Process reward model with g-value rankings. arXiv preprint
arXiv:2410.11287, 2024.

[23] Jialun Zhong, Wei Shen, Yanzeng Li, Songyang Gao, Hua Lu, Yicheng Chen, Yang Zhang,
Wei Zhou, Jinjie Gu, and Lei Zou. A comprehensive survey of reward models: Taxonomy,
applications, challenges, and future. arXiv preprint arXiv:2504.12328, 2025.

[24] Zhiheng Xi, Chenyang Liao, Guanyu Li, Zhihao Zhang, Wenxiang Chen, Binghai Wang, Senjie
Jin, Yuhao Zhou, Jian Guan, Wei Wu, et al. Agentprm: Process reward models for llm agents
via step-wise promise and progress. In Proceedings of the ACM Web Conference 2026, pages
4184-4195, 2026.

[25] Quan Wei, Siliang Zeng, Chenliang Li, William Brown, Oana Frunza, Wei Deng, Anderson
Schneider, Yuriy Nevmyvaka, Yang Katie Zhao, Alfredo Garcia, et al. Reinforcing multi-turn
reasoning in llm agents via turn-level reward design. arXiv preprint arXiv:2505.11821, 2025.

[26] Zhen Zhang, Kaigiang Song, Xun Wang, Yebowen Hu, Weixiang Yan, Chenyang Zhao,
Henry Peng Zou, Haoyun Deng, Sathish Reddy Indurthi, Shujian Liu, et al. Cm2: Rein-
forcement learning with checklist rewards for multi-turn and multi-step agentic tool use. arXiv
preprint arXiv:2602.12268, 2026.

[27] Yiran Guo, Lijie Xu, Jie Liu, Dan Ye, and Shuang Qiu. Segment policy optimization: Ef-
fective segment-level credit assignment in rl for large language models. arXiv preprint
arXiv:2505.23564, 2025.

[28] Chenxu Yang, Chuanyu Qin, Qingyi Si, Minghui Chen, Naibin Gu, Dingyu Yao, Zheng Lin,
Weiping Wang, Jiaqi Wang, and Nan Duan. Self-distilled rlvr. arXiv preprint arXiv:2604.03128,
2026.

[29] Zihan Wang, Kangrui Wang, Qineng Wang, Pingyue Zhang, Linjie Li, Zhengyuan Yang, Xing
Jin, Kefan Yu, Minh Nhat Nguyen, Licheng Liu, et al. Ragen: Understanding self-evolution in
Ilm agents via multi-turn reinforcement learning. arXiv preprint arXiv:2504.20073, 2025.

[30] Yanfei Zhang. Agent-as-tool: A study on the hierarchical decision making with reinforcement
learning. arXiv preprint arXiv:2507.01489, 2025.

[31] Shuo Yang, Soyeon Caren Han, Yihao Ding, Shuhe Wang, and Eduard Hoy. Tooltree: Efficient
IIm agent tool planning via dual-feedback monte carlo tree search and bidirectional pruning.
arXiv preprint arXiv:2603.12740, 2026.

[32] Yutao Xie, Nathaniel Thomas, Nicklas Hansen, Yang Fu, Li Erran Li, and Xiaolong Wang. Tips:
Turn-level information-potential reward shaping for search-augmented 1lms. In The Fourteenth
International Conference on Learning Representations.

11



[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Pranav Putta, Edmund Mills, Naman Garg, Sumeet Motwani, Chelsea Finn, Divyansh Garg, and
Rafael Rafailov. Agent q: Advanced reasoning and learning for autonomous ai agents. arXiv
preprint arXiv:2408.07199, 2024.

Andy Zhou, Kai Yan, Michal Shlapentokh-Rothman, Haohan Wang, and Yu-Xiong Wang.
Language agent tree search unifies reasoning acting and planning in language models. arXiv
preprint arXiv:2310.04406, 2023.

Jiazhan Feng, Shijue Huang, Xingwei Qu, Ge Zhang, Yujia Qin, Baoquan Zhong, Chengquan
Jiang, Jinxin Chi, and Wanjun Zhong. Retool: Reinforcement learning for strategic tool use in
IIms. arXiv preprint arXiv:2504.11536, 2025.

Yunpeng Zhai, Shuchang Tao, Cheng Chen, Anni Zou, Ziqian Chen, Qingxu Fu, Shinji Mai,
Li Yu, Jiaji Deng, Zouying Cao, et al. Agentevolver: Towards efficient self-evolving agent
system. arXiv preprint arXiv:2511.10395, 2025.

Yuchen Huang, Sijia Li, Zhiyuan Fan, Minghao LIU, Wei Liu, and Yi R Fung. Scaling
environments for llm agents: Fundamentals, approaches, and future directions. In Workshop on
Scaling Environments for Agents, 2025b. URL https://openreview. net/forum, 2025.

Guanting Dong, Hangyu Mao, Kai Ma, Licheng Bao, Yifei Chen, Zhongyuan Wang, Zhongxia
Chen, Jiazhen Du, Huiyang Wang, Fuzheng Zhang, et al. Agentic reinforced policy optimization.
arXiv preprint arXiv:2507.19849, 2025.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn
Song, and Jacob Steinhardt. Measuring mathematical problem solving with the math dataset.
arXiv preprint arXiv:2103.03874, 2021.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, et al. Training verifiers to
solve math word problems. arXiv preprint arXiv:2110.14168, 2021.

Jiarui Lu, Thomas Holleis, Yizhe Zhang, Bernhard Aumayer, Feng Nan, Haoping Bai, Shuang
Ma, Shen Ma, Mengyu Li, Guoli Yin, et al. Toolsandbox: A stateful, conversational, inter-
active evaluation benchmark for llm tool use capabilities. In Findings of the Association for
Computational Linguistics: NAACL 2025, pages 1160-1183, 2025.

Shishir G Patil, Huanzhi Mao, Fanjia Yan, Charlie Cheng-Jie Ji, Vishnu Suresh, Ion Stoica, and
Joseph E Gonzalez. The berkeley function calling leaderboard (bfcl): From tool use to agentic

evaluation of large language models. In Forty-second International Conference on Machine
Learning, 2025.

Chen Chen, Xinlong Hao, Weiwen Liu, Xu Huang, Xingshan Zeng, Shuai Yu, Dexun Li, Shuai
Wang, Weinan Gan, Yuefeng Huang, et al. Acebench: Who wins the match point in tool usage?
arXiv preprint arXiv:2501.12851, 2025.

Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin Wu, Wang Zhang, Ru Zhang, Yanghua
Peng, Haibin Lin, and Chuan Wu. Hybridflow: A flexible and efficient rlhf framework. In
Proceedings of the Twentieth European Conference on Computer Systems, pages 1279-1297,
2025.

12



Algorithm 1 Granularity-AdaptivE Advantage Reweighting (GEAR)

Require: Initial policy 7, reference policy ¢, training batch D, KL threshold Aki,, entropy threshold A g,
scaling factors «,
Ensure: Updated policy parameters 6
1: for each prompt ¢; € D do

2: Generate trajectory 74 = {(s¢, a;)},*, under 7y

3: Compute trajectory-level advantage A

4: for eachstept =1,...,T) do

5: Compute reverse KL divergence: rKL; = log mo(az | s¢) — log me(az | s7)
6: Normalize rKL; to obtain rKL; € [0, 1]

7: Compute token entropy H

8: end for

Divergence-aware segmentation

9: Initialize segment set S < &, ¢ < 1

10: while ¢ < T}, do
11: if rKL; > Akr, then

12: Set segment onset tsiart <—
13: Find first tenq satisfying Hy_ , > A Higor,
14: Add segment [tstart, tend] t0 S
15: t < tena + 1

16: else
17: t+t+1

18: end if

19: end while
Piecewise credit assignment
20: for eachstept =1,...,7) do

21: ift € S, S, € S then

22: Assign segment-level credit: wEY = rKL;,

23: else o

24: Assign token-level credit w,f(L =rKL;

25: end if

26: Compute sign-aware weight w; = 0.5 + (0.5 — wk™) - sign(A®)
27: Compute final modulation weight W; = aw: +

28: Assign reweighted advantage Agk) =W,A®

29: end for

30: end for

31: Update policy 6 with

min(r{") (0)A{", clip(r{" (0),1 — €. 1+ ) AP) | = BDxcv(mol|mrer),  (©)

A Pseudocode

Algorithm [I] presents the proposed GEAR framework. Given a batch of prompts, the policy first
generates trajectories and computes trajectory-level advantages. GEAR then performs divergence-
aware segmentation based on reverse KL divergence and entropy signals, identifying segments
dynamically. Within each trajectory, the advantage signal is redistributed into segment-level or
token-level credits depending on the detected structure. Finally, an advantage-aware reweighting
scheme is applied to modulate the learning signal, producing fine-grained, stable, and adaptive credit
assignments for policy optimization.

B Implementation Details

B.1 Training Setup

We implement our method based on VolcEngine Reinforcement Learning (VeRL) [44]] and train it
with a learning rate of 1 x 1075, a batch size of 128, and 8 rollouts per prompt for 2 epochs on

13



NVIDIA H100 GPUs. Unless otherwise specified, all other hyperparameters follow the default
GRPO settings.

B.2 Instruction Prompt for Training data

Mathematical Reasoning. All math tasks use the following instruction:

You are a helpful assistant that can solve the given question step by step with the
help of the python interpreter tool. Given a question, you need to first think
about the reasoning process in the mind and then provide the answer. During
thinking, you can invoke python interpreter tool to calculate the math problem for
fact information about specific topics if needed. The reasoning process and answer
are enclosed within <think> <\/think> and <answer> <\/answer> tags respectively.
For example, <think> This is the reasoning process. <\/think> <think> This is the
reasoning process. <\/think> <python> python code here <\/python> <result> python
interpreter result here <\/result> <think> This is the reasoning process. <\/think>
<answer> The final answer is \\[ \boxed{answer here} \\] <\/answer>. In the last
part of the answer, the final exact answer is enclosed within \boxed{} with latex
format.

Agentic Tool-use. An example is shown below:

You are a helpful multi-turn dialogue assistant capable of leveraging tool calls to
solve user tasks and provide structured chat responses.\n\n**Available Tools**\nIn
your response, you can use the following tools:\nl. Name:
checkMembership\nDescription: Check if a person is a member of the library and has
access to the library services\nParameters: {"user_id": {"description": "The unique
identifier of the library user (e.g., library card number, username)", "type":
"string", "default": ""}, "pin": {"description": "The personal identification
number of the library user", "type": "string", "default": ""}}\n2. Name:
logAccessEvent\nDescription: Log an access event within the library for auditing
and security purposes\nParameters: {"user_id": {"description": "The unique
identifier of the library user (e.g., library card number, username)", "type":
"string", "default": ""}, "event_type": {"description": "The type of access event
(e.g., entry, exit, resource access)", "type": "string", "default": ""}}\n3. Name:
authorizeEntry\nDescription: Authorize entry of a person into the library
premises\nParameters: {"user_id": {"description": "The unique identifier of the
library user (e.g., library card number, username)", "type": "string", "default":
""}, "pin": {"description": "The personal identification number of the library
user", "type": "string", "default": ""}}\n4. Name:
getLibraryAccessControl\nDescription: Check the access control settings in a
library\nParameters: {"library_name": {"description": "The name of the library you
want to check the access control", "type": "string", "default": ""}, "user_id":
{"description": "The ID of the user requesting access control information", "type":
"string", "default": ""}, "time_of_day": {"description": "Specify a time of day for
access control (e.g., morning, afternoon, evening)", "type": "string", "default":
""}\n\n**Steps for Each Turn**\nl. **Think:** Recall relevant context and analyze
the current user goal.\n2. **Decide on Tool Usage:** If a tool is needed, specify
the tool and its parameters.\n3. **Respond Appropriately:*x If a response is
needed, generate one while maintaining consistency across user queries.\n\n**Qutput
Format#*\n™ "~ “plaintext\n<think> Your thoughts and reasoning
<\/think>\n<tool_call>\n{"name": "Tool name", "parameters": {"Parameter name":
"Parameter content"}}\n<\/tool_call>\n<think> Your thoughts and reasoning for the
next tool call <\/think>\n<tool_call>\n{"name": "Tool name", "parameters":
{"Parameter name": "Parameter content"}}\n<\/tool_call>\n...\n<response> AI's final
response <\/response>\n~ “\n\n**Important Notes**\nl. You must always include the
<think> field to outline your reasoning. Provide at least one of <tool_call> or
<response>. Decide whether to use <tool_call> (possibly multiple times), <response>,
or both.\n2. Do NOT invoke multiple tool calls simultaneously. Use exactly one tool
call at a time. Before every tool call, provide a dedicated <think> step for that
single call. Each tool call should be a JSON object with a "name" field and a
"parameters" field. If no parameters are needed, keep the "parameters" field as an
empty dictionary.\n3. Refer to the previous dialogue records in the history,
including the user's queries, previous <tool_call>, <response>, and any tool
feedback noted as <obs> (if exists).
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Figure 2: Frequency of top-20 tokens with normalized reverse-KL > 0.1 in 100 sampled math trajectories.
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Figure 3: Token-level visualization results of normalized KL divergence and normalized entropy.

C Additional Results and Analysis

C.1 Analysis of Token-Level Reverse KL Divergence

To better understand the behavior of reverse KL signals, we randomly sample 100 trajectories and
compute the reverse KL divergence between a ground-truth-conditioned teacher policy and the
corresponding student policy over student-generated responses. We then normalize token-level
reverse KL values and analyze the top-20 most frequent high-KL tokens (normalized reverse-KL
> 0.1) across trajectories (Figure[2).

We observe that reverse KL is highly concentrated on a small number of tokens, often peaking at
the first few tokens of a segment. These high-amplitude spikes tend to dominate boundary detection,
which can merge long reasoning spans into overly coarse segments. As a result, if credit assignment
is performed solely based on these high-KL tokens, the learning signal becomes overly sparse and
biased, while neglecting the internal structure of subsequent reasoning steps.

C.2 Analysis of Segment Triggering and Termination

Figure [3|reveals distinct limitations of reverse KL and entropy when used independently for credit
assignment and segmentation. We observe that reverse KL is highly sparse and typically concentrates
on the beginning tokens of a divergent reasoning span, producing sharp high-amplitude spikes. While
such spikes effectively capture the onset of behavioral deviation, directly using token-level KL as
a weighting signal mainly suppresses early non-reasoning or transition tokens that exhibit large
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Table 3: Ablation study of GEAR. The default hyperparameter values are Ay = 1.5, & = 0.2, and A1, = 0.1.

Method Variant Test MATH
GRPO baseline 0.676 0.836
GEAR 0.739 0.879

with entropy window termination 0.687 0.848

critic/rewards/mean actor/entropy_loss

ggel GEAR =— GEAR w/o entropy termination =~ — GEAR w/o KL-trigger GEAR — GEAR w/o entropy termination

— GEAR w/o segment-level reweighting — GEAR w/o segment-level reweighting

Sve===_gtep

Figure 4: Training curves of GRPO, GEAR and its variants. The left panel shows the mean training reward,
while the right panel illustrates the policy entropy. GEAR achieves the highest training reward while maintaining
higher policy entropy compared to the GRPO baseline and other ablated versions.

distribution shifts but carry limited semantic relevance, resulting in overly coarse token weighting.
When used for segmentation, these sparse spikes dominate boundary detection, often triggering
segment boundaries too early and merging subsequent coherent reasoning steps into large segments,
which may lead to inaccurate segmentation and insufficient credit differentiation within the reasoning
span.

In contrast, entropy exhibits dense local fluctuations throughout generation. Although entropy better
reflects local uncertainty and semantic transitions, its high sensitivity to token-level variation often
produces fragmented and noisy segments that break coherent reasoning structures into many short
spans, introducing unstable and overly localized supervision signals.

Taken together, these results suggest that reverse KL provides a sharp but temporally sparse signal
of deviation onset, whereas entropy offers a dense but noisy estimate of local behavioral transitions.
Their complementary characteristics motivate our adaptive segmentation design, where reverse KL
is used to identify meaningful deviation triggers and entropy is used to determine segment extent,
enabling more reliable fine-grained credit assignment.

C.3 Entropy Termination

We further conduct an experiment replacing token-level entropy termination with an entropy-window
strategy. Specifically, instead of using the entropy of the current token to determine segment
termination, we compute the average entropy over a sliding window of 8 tokens while applying the
same threshold (A = 1.5). As shown in Table[3] this variant underperforms the original token-level
design. We hypothesize that reasoning shifts and behavioral deviations in long-horizon trajectories
are often triggered by a small number of critical tokens. Averaging entropy across multiple tokens
smooths these sharp local fluctuations and delays boundary detection. Consequently, the resulting
segment boundaries become less aligned with the underlying reasoning dynamics, leading to coarser
segmentation and less precise credit assignment.

C.4 Training Curve

From the training curves (Figure ), GEAR achieves both higher reward and stronger exploration
during RL optimization. GEAR converges to the highest average reward, while removing any key
component leads to noticeable degradation, validating the necessity of the full design. Meanwhile,
GEAR maintains higher policy entropy throughout training, indicating stronger behavioral diversity
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and reduced premature policy collapse. We attribute these gains to GEAR'’s fine-grained credit assign-
ment mechanism, which adaptively allocates trajectory-level advantage to behaviorally meaningful
tokens and segments rather than uniformly propagating rewards across the entire trajectory. This more
precise and outcome-consistent credit propagation suppresses noisy credit assignment, and preserves
useful behavioral variation, enabling more stable policy evolution and avoiding early convergence to
suboptimal behaviors.

C.5 Computational Cost

For mathematical reasoning tasks, training our method for one epoch on the 4B model requires
approximately 26 hours using 8 H100 GPUs, which is comparable to the training time of the GRPO
baseline. For agentic tool-use tasks, our method requires approximately 10 hours per epoch under the
same hardware setting, also comparable to GRPO.

D Limitation

GEAR relies on access to ground-truth answers to construct the teacher policy conditioned on the
ground truth. This design choice is well-aligned with supervised settings such as mathematical
reasoning and tool-use benchmarks with annotated reference trajectories, where reliable ground-truth
signals are available. In more open-ended scenarios, where verifiable ground truth may be ambiguous
or multiple valid solutions exist, similar supervision signals can potentially be obtained through
alternative evaluative mechanisms. In such cases, the reverse KL signal may be defined using proxy
judgments, such as learned verifiers or preference-based evaluation criteria, rather than explicit
ground-truth annotations. Future work could explore these directions to extend GEAR to broader
settings without requiring direct access to ground-truth-conditioned teacher policies.
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