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Abstract

Reinforcement learning with verifiable rewards
(RLVR) directly optimizes verifier-defined out-
comes for multi-turn tool-use agents, yet its
trajectory-level credit assignment conflates het-
erogeneous per-turn outcomes into a single re-
ward signal. On-policy distillation provides
dense per-token supervision but uses a teacher-
defined token-level objective and can be prone
to gradient concentration collapse. We intro-
duce CREST, a hierarchical credit assignment
framework that anchors each sampled token’s
scalar advantage sign to verified rewards while
incorporating dense magnitude signals from
a privileged self-teacher. CREST resolves
credit at two levels: turn-segmented verified
advantages address inter-turn dilution, while
entropy-gated self-teacher modulation refines
intra-turn token contributions. Experiments
on BFCL V3 and WildToolBench show that
CREST consistently outperforms both RL and
distillation baselines across two model scales,
with the largest gains on long-trajectory and
strict session-level metrics. Our work demon-
strates that the teacher’s role in policy optimiza-
tion can be reduced from determining token-
level reinforcement or suppression to modulat-
ing update magnitudes, enabling dense credit
assignment while keeping verifier rewards as
the training objective.

1 Introduction

Large language models (Hurst et al., 2024; Co-
manici et al., 2025; Qwen et al., 2025; Liu et al.,
2024) are evolving from pure question-answering
systems into autonomous agents capable of reason-
ing, acting, and interacting with diverse environ-
ments (Merrill et al., 2026; Jimenez et al., 2024;
Xie et al., 2024; Liu et al., 2026; Froger et al.,
2025; Towers et al., 2025). These scenarios share a
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common structure: agents must handle multi-turn
sessions (sequences of user requests) where each
turn requires multi-step execution (chains of ac-
tions and observations) (Shridhar et al., 2021; Wei
et al., 2025a; Xie et al., 2024; OpenClaw, 2026).

Reinforcement learning (Schulman et al., 2017;
Ahmadian et al., 2024), particularly RL with verifi-
able rewards (RLVR) (Shao et al., 2024; Qian et al.,
2025), is now the dominant post-training paradigm
for tool-use agents (Liu et al., 2025; Zhang et al.,
2025a; Yu et al., 2025), directly optimizing verifier-
defined outcome rewards. Yet standard objectives
broadcast a single trajectory-level reward across all
tokens. Within a single turn, where all actions serve
one query, this is merely noisy (Lu et al., 2026a).
In multi-turn sessions (Li et al., 2023; Patil et al.,
2025; Yu et al., 2026), however, turns carry inde-
pendent outcomes yet share one reward signal, mak-
ing credit assignment ill-posed: on WildToolBench,
no model exceeds 15% session accuracy, and per-
formance degrades sharply with turn count (Laban
et al., 2025).

On-policy distillation (OPD) (Lu and Thinking
Machines, 2025; Li et al., 2026; Song and Zheng,
2026) provides a natural credit assignment mech-
anism, where the teacher inherently scores each
token in the student’s trajectory and distinguishes
which tokens are preferable from the teacher’s per-
spective. However, this requires a same-family,
tokenizer-matched teacher (Fu et al., 2026), which
is a rare constraint satisfied in practice. On-policy
self-distillation (OPSD) (Zhao et al., 2026; Hübot-
ter et al., 2026; Shenfeld et al., 2026a; Penaloza
et al., 2026) removes this dependency by using
the student itself as self-teacher, conditioned on
privileged information such as ground truth or suc-
cessful demonstrations from rollout group peers.
Yet OPSD is brittle and restricts exploration. First,
Zhao et al. (2026); Brown (2026) found that with-
out per-token KL clipping, OPSD collapses within
∼100 training steps due to gradient concentra-
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Figure 1: Comparison of credit assignment strategies on a 2-turn trajectory (Turn 1 succeeds, Turn 2 fails). GRPO
broadcasts a single trajectory-level reward uniformly, erroneously reinforcing failed-turn tokens. OPSD provides
a dense but teacher-defined token-level signal and concentrates gradient on low-entropy format tokens. CREST
(Ours) combines turn-level advantages (inter-turn credit) with entropy-gated self-teacher modulation (intra-turn
credit), correctly assigning negative advantage to Turn 2 while focusing gradient mass on high-uncertainty content
tokens in Turn 1.

tion on a few tokens. Second, OPSD optimizes
a teacher-defined token-level target (Kim et al.,
2026), making its training behavior dependent on
the privileged teacher distribution.

This raises a central question: Can we design a
training approach that retains verified rewards as
the optimization target while incorporating dense
token-level signals to address hierarchical credit
assignment in multi-turn multi-step LLM agent
training?

We propose CREST (Hierarchical Credit As-
signment via Entropy-Gated Self-Teacher), which
addresses both levels through a unified policy gradi-
ent with structured per-token advantages (Figure 1).
At the turn level, CREST uses turn-segmented ver-
ifier rewards to prevent rewards from being diluted
across long multi-turn trajectories. At the token
level, to prevent gradient concentration on a few
tokens, CREST uses an entropy-gated self-teacher
to modulate token-level contributions within each
turn. Additionally, CREST uses verified rewards to
determine the sign of each sampled token’s scalar
advantage while reducing the self-teacher’s role
to magnitude modulation, enabling dense credit
assignment while keeping verifier rewards as the
training objective and avoiding the need for an ex-
ternal same-family teacher. The two levels of credit
assignment are complementary—neither alone re-
covers the full performance.

Our main contributions are:
1. We identify and formalize the two-level credit

assignment problem in multi-turn multi-step
agentic RL, and provide a gradient-geometric
analysis explaining why existing dense-signal
methods fail in this setting (Section A).

2. We propose CREST, a hierarchical credit as-
signment framework combining turn-segmented
advantage with entropy-gated self-teacher token
reweighting. CREST is verifier-anchored at the
token level by construction and tunes only one
teacher-influence hyperparameter (λ) beyond
standard GRPO (Section 3).

3. We report that CREST achieves 52.0% average
accuracy on BFCL V3 (Qwen3-4B) and
9.38% session accuracy on WildToolBench
(Qwen3-8B), obtaining the highest observed
aggregate scores among the compared methods
(Section 4).

2 Related Work

Tool use for LLM-based agents. LLM tool-use
research spans a complexity spectrum, from rea-
soning before function-calling (Zhang et al., 2025a;
Qian et al., 2025) to tool-integrated reasoning (TIR)
for fulfilling user’s query (Li et al., 2025; Jin et al.,
2025; Feng et al., 2025; Zheng et al., 2025). Most
relevant to our work, multi-turn multi-step bench-
marks (Zhang et al., 2025b; Yu et al., 2026; Patil
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et al., 2025) evaluate agents across sessions of
multiple queries, each requiring its own execution
chain. These settings expose two challenges absent
in single-turn work: cross-turn state consistency
and error propagation across turns. Empirically,
agent performance degrades substantially with turn
count; Yu et al. (2026) report session accuracy be-
low 15% across 57 LLMs, motivating training-time
methods that respect the turn structure of multi-turn
sessions.

Agentic Reinforcement Learning. RL-based
post-training has become the standard approach for
aligning LLM agents with task objectives (Shao
et al., 2024; Yu et al., 2025; Wang et al., 2025).
Some methods focus on reward design: Lu et al.
(2026a) decompose trajectory rewards into fine-
grained per-step process scores combining state
correctness and execution accuracy, while Qian
et al. (2025) and Zhang et al. (2025a) ground re-
wards directly in environment feedback from tool
execution. Despite these advances, most existing
methods compute a single advantage per trajec-
tory (or per-step within a single turn), leaving the
inter-turn credit assignment problem unaddressed—
when turns within the same session have hetero-
geneous outcomes, trajectory-level or step-level
averaging still mislabels tokens in failed turns. MT-
GRPO (Wei et al., 2025b) attempts per-agent-step
advantage computation, yet still lacks intra-step
token-level credit assignment, treating all tokens
within each step identically.

On-policy distillation. On-policy distillation
(OPD) (Lu and Thinking Machines, 2025) re-
places RL’s sparse reward with dense per-token
reverse KL against a same-family teacher, pro-
viding token-level credit assignment throughout
the trajectory (Li et al., 2026). OPD converges
faster than RL at moderate compute budgets, but
it optimizes a teacher-defined token-level target
and requires tokenizer-matched, recipe-matched
teachers (Brown, 2026). When such teachers are
unavailable, self-distillation methods use the stu-
dent itself conditioned on privileged information
like expert demonstrations (Shenfeld et al., 2026b),
feedback (Hübotter et al., 2026) and ground-truth
answers (Zhao et al., 2026). More recently, hy-
brid methods attempt to combine verifier-derived
scalar advantage signs with distillation’s dense sig-
nal: SDAR (Lu et al., 2026b) gates self-distillation
as an auxiliary loss alongside RL, and RLSD (Yang
et al., 2026) uses self-distillation for update magni-

Table 1: Design space of hierarchical credit assignment.
Methods differ in how they allocate credit across turns
(Aturn

[t] ) and tokens (ϕt). MT-GRPO computes per-turn
advantages but propagates discounted future-outcome
credit to earlier turns (cumulative), whereas CREST
computes each turn’s advantage from that turn’s reward
only (independent). OPD and OPSD share the same slot
(ϕt ∝ ∆t with no verified-reward base, hence teacher-
bounded); they differ only in teacher source (external
same-family vs. self with privileged context).

Method Aturn
[t] ϕt

GRPO trajectory-level 1
MT-GRPO per-turn (cumulative) 1
OPD / OPSD — ∝ ∆t

CREST (Ours) per-turn (independent) 1 + λeff
t (wt − 1)

tudes while relying on verifiable rewards for token-
level reinforcement or suppression. However, these
hybrids either lack principled control over gradi-
ent concentration (Zhao et al., 2026; Brown, 2026)
or do not address the inter-turn credit assignment
structure unique to multi-turn settings.

3 Method

Multi-turn multi-step training faces a hierarchical
credit assignment problem: at the coarse level, tra-
jectories mix successes and failures across turns; at
the fine level, individual turns conflate high-value
decisions with low-entropy formatting. CREST ad-
dresses both levels through a unified policy gradient
framework with structured per-token advantages
(Equation (1)):

• Inter-turn (coarse): Turn-segmented verified-
reward advantages (Section 3.2) isolate per-turn
outcomes, preventing dilution from trajectory-
level averaging.

• Intra-turn (fine): Entropy-gated self-teacher
signals (Section 3.3) refine per-token contri-
butions, concentrating gradient mass on high-
uncertainty content tokens.

The two levels are complementary: without inter-
turn segmentation, no amount of intra-turn refine-
ment can rescue tokens in failed turns; without
intra-turn reweighting, pivot decisions in successful
turns remain indistinguishable from formatting to-
kens. Critically, verified reward determines the sign
of each sampled token’s scalar advantage while the
self-teacher only modulates its magnitude, yielding
verifier-anchored token reweighting (Section A).
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Figure 2: Overview of CREST. Left (Inter-turn): A group of G rollouts is scored by the environment verifier per
turn; group-relative advantages Aturn are computed independently for each turn, providing the verifier-derived scalar
sign. Right (Intra-turn): Within each turn, a privileged self-teacher (conditioned on ground truth) provides per-
token divergence ∆t; an entropy gate concentrates modulation on high-uncertainty content tokens (e.g., get_flight,
"JFK") while suppressing format tokens, yielding the magnitude factor ϕt. Bottom: The final per-token advantage
At = Aturn

[t] × ϕt combines a verifier-derived scalar sign with teacher-modulated magnitude.

3.1 Unified Objective

CREST is a standard on-policy policy gradient
with a structured per-token advantage. Given a
prompt x and an on-policy rollout y ∼ πθ(· | x),
the objective is:

J(θ) = E

[∑

t

At · log πθ(yt | y<t, x)

]
(1)

where the per-token advantage At exposes the hier-
archical structure:

At = Aturn
[t]︸ ︷︷ ︸

inter-turn:
which turn?

· ϕt︸︷︷︸
intra-turn:

which token?

(2)

Aturn
[t] is a turn-segmented verified-reward advan-

tage (Section 3.2) that resolves which turn con-
tributed to success or failure. ϕt ∈ [1, 1+λϵ]
is a magnitude modulation factor (Section 3.3)
that refines which tokens within that turn deserve
stronger updates, derived from a privileged self-
teacher gated by student uncertainty.

The factorization in Equation (2) reveals why
both levels are necessary: Aturn

[t] provides the cor-
rect sign (reinforce or suppress) for each turn’s to-
kens, but treats all tokens within a turn uniformly;
ϕt refines the magnitude of each token’s contribu-
tion, but cannot change sign (proof in Section A).
Together, they anchor each sampled token’s scalar
advantage sign to verified rewards while allow-
ing token-level magnitudes to benefit from dense
teacher signals. Table 1 shows how existing meth-
ods occupy restricted subspaces of this design.

3.2 Turn-Level Credit Assignment

Instead of computing a single trajectory-level re-
ward averaged across turns, we compute group-
relative advantages within each turn independently
(Figure 2, left). For a trajectory containing turns
{1, . . . ,K}, each turn k receives its own verified
reward Rk from the environment. Within a GRPO
group of G rollouts, the advantage for turn k in
rollout i is:

A
(i)
k =

R
(i)
k −mean({R(j)

k }Gj=1)

std({R(j)
k }Gj=1) + ϵ

(3)

All tokens within turn k of rollout i share the ad-
vantage A

(i)
k . This ensures that a failed turn re-

ceives negative advantage regardless of whether
other turns in the same trajectory succeeded.

3.3 Token-Level Credit: Self-Teacher Signal

The modulation factor ϕt uses a privileged self-
teacher (the same model conditioned on ground-
truth context) to refine per-token gradient magni-
tude within each turn (Figure 2, right):

ϕt = 1 + λeff
t · (wt − 1) (4)

When λeff
t = 0, ϕt = 1 (no teacher influence);

when λeff
t > 0 and wt > 1, ϕt > 1 (teacher ampli-

fies the gradient). We now define the two compo-
nents: the raw teacher signal (∆t → wt) and the
gating mechanisms that control it (Section 3.4).

Teacher–student divergence. For each response
token t, let πT (· | hTt ) denote the self-teacher—
the same model conditioned on ground truth as
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privileged context, following Zhao et al. (2026)—
and πθ(· | ht) the student:

∆t =
log πT (yt | hTt )− log πθ(yt | ht)

τ
(5)

where τ is a temperature that smooths the diver-
gence signal.

Token weight. The raw teacher preference is con-
verted into a bounded multiplicative weight:

wt = clip
(
exp

(
sign(Aturn

[t] ) ·∆t

)
, 1−ϵ, 1+ϵ

)

(6)
The sign(Aturn

[t] ) · ∆t construction aligns teacher
preference with the verifier-derived scalar sign: for
positive-advantage tokens, teacher agreement in-
creases wt; for negative-advantage tokens, teacher
agreement with the “this was bad” signal also
increases wt. This guarantees token-wise sign
preservation (P1): sign(At) = sign(Aturn

[t] ) for
all t (proof in Section A).

3.4 Stabilization via Selective Gating
The self-teacher provides dense per-token signals,
but unconstrained use leads to concentration col-
lapse (Brown, 2026): gradient mass flows to a small
set of tokens where teacher–student divergence is
largest, often low-entropy formatting rather than
high-value decisions. We stabilize the intra-turn
reweighting through a composed gating function
λeff
t (Equation (10)) that controls where (agreement

with verifier) and how much (student uncertainty)
the teacher signal is applied.

Direction gate.

gdirt = 1
[
sign(Aturn

[t] ) ·∆t > 0
]

(7)

When teacher and verifier disagree on the token-
level reinforcement or suppression sign, gdirt = 0
and the teacher signal is fully suppressed. This pre-
vents the teacher signal from flipping the verifier-
derived scalar advantage sign of any sampled token.

Entropy gate. To prevent gradient concentration
on low-entropy format tokens, we modulate the
reweighting strength by the student’s token-level
uncertainty, using surprisal ut = − log πθ(yt | ht)
as a lightweight proxy:

gentt = σ

(
ut − E[u]
std(u) + ϵ

)
(8)

ment
t = 1 + ρ (2 gentt − 1) (9)

where σ is the sigmoid function and statistics are
computed over response tokens. The Z-score nor-
malization centers surprisal around the mean and
scales by standard deviation, mapping to [0, 1]
via sigmoid. For low-uncertainty format tokens,
ment

t < 1 reduces modulation strength; for high-
uncertainty content tokens, ment

t > 1 increases it.
The range [1−ρ, 1+ρ] adjusts the strength of selec-
tive amplification without suppressing any token’s
base verifier-derived contribution.

Composed gating. The direction and entropy
gates compose into a single effective gating func-
tion:

λeff
t = clip


λ · gdirt ·ment

t︸ ︷︷ ︸
safety & focus

, 0, λ


 (10)

This yields ϕt = 1 + λeff
t (wt − 1) ∈

[1, 1+λϵ], ensuring three formal properties (Sec-
tion A): (P1) direction preservation (sign(At) =
sign(Aturn

[t] ) always); (P2) the absolute perturba-
tion bound ∥∑t(ϕt − 1)gt∥ ≤ λϵ

∑
t ∥gt∥, where

gt = Aturn
[t] ∇θ log πθ(yt | ht); and (P3) sign-

consistent amplification (ϕt ≥ 1 when active).
With λ=0.3 and ϵ=0.28, the 8.4% value bounds
only the change to each token’s advantage coeffi-
cient, not the relative bias of the aggregate gradient.
λ is the only tunable hyperparameter control-

ling teacher influence strength. The remaining
values—τ=2.0 (divergence temperature), ϵ=0.28
(clip bound, inherited from OPSD stabilization),
ρ=0.5 (entropy redistribution range)—are fixed
constants requiring no tuning (ablation in Sec-
tion 4).

The complete training procedure, consolidating
all equations into executable pseudocode, is pro-
vided in Section B.

4 Experiments

4.1 Experimental Setup
Benchmarks. We conduct experiments on
two multi-turn multi-step tool-use benchmarks:
(1) Berkeley Function-Calling Leaderboard
(BFCL) V3 (Patil et al., 2025). Under our pro-
cessed protocol, we use 100 fixed IDs from the
multi-turn Base split for training and 400 non-
overlapping examples for evaluation: 100 exam-
ples each from Base, Missing Functions, Miss-
ing Parameters, and Long-Context. (2) WildTool-
Bench (Yu et al., 2026) contains 256 multi-turn
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Table 2: Main results on BFCL V3 multi-turn and WildToolBench benchmarks. Best results per model in bold,
second-best underlined. Methods are grouped by training paradigm: RL-based (top), distillation-based (middle),
and our method (bottom).

Method BFCL V3 Multi-Turn (%) WildToolBench (%)

Average Base Miss Func Miss Param Long Context Task Acc. Session Acc.

Qwen3-4B-Instruct 22.12 26.5 21.0 15.5 25.5 37.89 3.13
+ GRPO 43.63 53.5 42.5 31.5 47.0 40.23 4.69
+ MT-GRPO 49.25 63.0 46.0 35.0 53.0 43.36 6.25
+ EnvTuning 47.25 60.0 47.0 32.0 50.0 44.92 4.69
+ OPD 44.50 52.0 43.0 38.0 45.0 42.58 6.25
+ OPSD 38.75 46.0 41.0 26.0 42.0 38.88 4.69
+ CREST 52.00 (+29.88) 67.0 (+40.5) 48.0 (+27.0) 38.0 (+22.5) 60.0 (+34.5) 48.44 (+10.55) 7.03 (+3.90)

Qwen3-8B 33.38 41.5 38.5 27.0 26.5 43.75 4.69
+ GRPO 43.25 53.0 46.0 36.0 38.0 45.43 5.47
+ MT-GRPO 44.00 57.0 45.0 36.0 38.0 49.61 7.03
+ EnvTuning 46.00 54.0 45.0 40.0 45.0 49.02 7.81
+ OPD 44.75 50.0 52.0 39.0 38.0 45.25 3.91
+ OPSD 41.75 48.0 43.0 39.0 37.0 43.95 3.91
+ CREST 50.00 (+16.62) 60.0 (+18.5) 51.0 (+12.5) 42.0 (+15.0) 47.0 (+20.5) 52.34 (+8.59) 9.38 (+4.69)

sessions designed to capture real-world interaction
challenges, including compositional tasks, implicit
intent through pronoun reference or ellipsis, and
task switching between goal-directed queries and
casual chat. The benchmark evaluates both action
correctness and parameter accuracy. We allocate
128 sessions for training and reserve the remaining
ones for evaluation.

The turn index is semantically aligned within
each rollout group: all rollouts use the same fixed
session and the same ordered list of user turns,
so turn k denotes the same benchmark request
across the group. This assumption is specific to
these benchmarks and does not directly extend to
variable turn structures, terminal-only rewards, or
strongly coupled turns without local verification.
BFCL rewards compare post-execution environ-
ment states with annotated per-turn target execu-
tions, including result-coverage checks for read-
only tools; WildToolBench rewards path-match
calls against human-verified valid paths and score
action correctness, parameter correctness, and path
completion.

Base models. We evaluate on two model scales
from the Qwen3 family (Yang et al., 2025): Qwen3-
4B-Instruct,1 an instruction-tuned model, and
Qwen3-8B, a thinking model. Both have native
tool-calling support and represent practical deploy-
ment sizes where post-training efficiency matters
most.

Baselines. We compare against four training
methods spanning RL-based and distillation-based

1
https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507

paradigms:
GRPO (Shao et al., 2024) applies standard

Group Relative Policy Optimization with binary
trajectory-level reward (1 if all turns succeed, 0 oth-
erwise). Advantages are averaged across all tokens
in the trajectory regardless of per-turn outcomes.

MT-GRPO (Wei et al., 2025b) computes ad-
vantages at the per-agent-step granularity, provid-
ing finer-grained credit assignment than trajectory-
level methods. However, within each step, all to-
kens still share the same advantage, lacking token-
level differentiation.

EnvTuning (Lu et al., 2026a) uses fine-grained
process rewards that combine per-turn state correct-
ness and execution accuracy, aggregating per-turn
scores into a trajectory-level reward via weighted
averaging. Despite richer reward signals, it still
computes a single trajectory-level advantage.

OPD (Lu and Thinking Machines, 2025) per-
forms on-policy distillation with a same-family,
same-variant teacher, providing dense per-token su-
pervision via reverse KL. To satisfy the tokenizer-
matched constraint, we pair each student with
a teacher of the same model variant: Qwen3-
4B-Instruct uses Qwen3-235B-A22B-Instruct2 as
teacher, while Qwen3-8B uses Qwen3-32B. OPD
therefore optimizes a teacher-defined token-level
target.

OPSD (Zhao et al., 2026) uses on-policy self-
distillation where the student itself, conditioned
on ground-truth context, serves as the privileged
teacher. This removes the external teacher depen-
dency but risks training instability from gradient

2
https://huggingface.co/Qwen/Qwen3-235B-A22B-Instruct-2507
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concentration.

Implementation details. All methods are trained
with the same on-policy rollout infrastructure,
group size G=16, and learning rate schedule.
For CREST, we set λ=0.3, ϵ=0.28, τ=2.0, and
ρ=0.5; only λ is tuned, while the other values are
fixed design choices across all experiments. Each
method uses a single training seed. We evaluate
each trained policy with three decodes at temper-
ature 10−6 to measure decoding consistency. Full
training configuration and OPSD stabilization de-
tails are provided in Section C, with training cost
and throughput reported in Table 6.

4.2 Main Results

Table 2 reports BFCL V3 and WildToolBench per-
formance for both model scales across all base-
lines. CREST obtains higher point estimates than
all baselines on average and achieves the best or
tied-best result on nearly all individual splits across
both benchmarks and model scales.

RL outperforms distillation Two patterns stand
out in Table 2. First, RL-based methods (GRPO,
MT-GRPO, EnvTuning) systematically outperform
distillation-based methods (OPD, OPSD) at both
model scales. The clearest signal is OPSD: on
Qwen3-4B BFCL Avg it scores 38.75%, falling
below GRPO (43.63%) despite using a privileged
ground-truth-conditioned teacher, illustrating an
empirical limitation of the teacher-defined objec-
tive in this setting. Second, within the RL family,
finer-grained credit assignment helps: on Qwen3-
4B BFCL Avg, MT-GRPO (49.25%) and EnvTun-
ing (47.25%) both improve clearly over trajectory-
level GRPO (43.63%), yet every token within a
step still shares a single advantage. The remain-
ing headroom for dense per-token supervision, on
top of verifier-determined directions, is exactly the
room CREST is designed to fill.

CREST closes both gaps simultaneously.
CREST reaches 52.00% on Qwen3-4B-Instruct
and 50.00% on Qwen3-8B, surpassing the
strongest RL baseline at each scale and achieving
the best or tied-best result in 13 of 14 cells. OPD
is best on Qwen3-8B Missing Functions, while
CrEST ties OPD on Qwen3-4B Missing Parame-
ters. The margins are largest on the splits that stress
hierarchical credit assignment: on BFCL Long
Context (the longest-trajectory split), CREST im-
proves over the strongest baseline by +7.0 points at

4B and +2.0 points at 8B; on WildToolBench Ses-
sion Accuracy (the strictest end-to-end multi-turn
metric), by +0.78 points at 4B and +1.57 points
at 8B. These are exactly the regimes where credit
dilution is worst, validating that turn-segmented
advantages and entropy-gated modulation address
complementary failure modes.

4.3 Training Dynamics Analysis

Figure 3a compares training rollout accuracy on
BFCL V3 (Qwen3-4B). CREST reaches 0.60 ac-
curacy within ∼20 steps and converges to ∼0.70,
while GRPO rises slowly to ∼0.57 by step 160.
OPSD plateaus at ∼0.49 and declines thereafter,
consistent with the observed limitations of its
teacher-defined optimization target discussed by Lu
and Thinking Machines (2025) and Brown (2026).
CREST exceeds this observed plateau by step 20
and continues improving, showing that the direc-
tion gate can combine teacher-informed magnitude
modulation with verifier-derived token-wise signs
in this setting.

Figure 3b provides a mechanistic explanation for
the performance gap. We measure the fraction of
total gradient magnitude captured by the top-p% of
tokens (ranked by per-token advantage magnitude)
for each method. OPSD exhibits extreme concen-
tration: the top-1% of tokens account for ∼42% of
the total gradient signal, and the top-5% account
for ∼77%. This matches the gradient-geometric
analysis of Brown (2026): a handful of pivot tokens
dominate the update, causing instability. GRPO, by
contrast, is far more diffuse (top-10% ≈ 31%), but
at the cost of treating all tokens equally. CREST
occupies the desirable middle ground: more con-
centrated than GRPO (top-10% ≈ 57%), confirm-
ing that the self-teacher signal provides meaning-
ful token differentiation, but far less extreme than
OPSD, confirming that the entropy gate prevents
concentration collapse.

4.4 Ablation Studies

Table 3: Hierarchical ablation on BFCL V3 (Qwen3-
4B-Instruct). Neither inter-turn nor intra-turn credit
assignment alone recovers the full CREST performance.

Method Avg Base M.Func M.Param L.Ctxt

GRPO (baseline) 43.63 53.5 42.5 31.5 47.0
+ Inter-turn only 47.88 62.0 44.0 35.5 50.0
+ Intra-turn only 48.75 61.0 50.0 32.0 52.0
+ Both (CREST) 52.00 67.0 48.0 38.0 60.0
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(a) Training rollout accuracy. (b) Top-p% token gradient share.

Figure 3: Training dynamics on BFCL V3 (Qwen3-4B). (a) CREST converges faster and reaches higher final
rollout accuracy than GRPO, exceeding the observed OPSD plateau (dashed) by step 20 while OPSD subsequently
declines. (b) Top-p% token gradient share: OPSD concentrates >77% of gradient on the top-5% tokens, so its
signal is dominated by a few tokens; CREST’s entropy gate selectively amplifies high-uncertainty content tokens
while limiting amplification on low-uncertainty tokens.

Effect of hierarchical credit decomposition. Ta-
ble 3 isolates the contribution of each credit as-
signment level. The Intra-turn only variant retains
the trajectory-level GRPO group-relative advantage
Atraj

i for every token and applies only the teacher
modulation, At = Atraj

i ϕt; it uses neither turn
segmentation nor process rewards. Inter-turn seg-
mentation alone improves average accuracy over
GRPO (43.63 → 47.88), with the largest gain on
Base (+8.5) where cross-turn reward dilution is
most severe. Intra-turn modulation alone yields
+5.12 points, with particular strength on Miss Func
(+7.5) where distinguishing content tokens from
format tokens matters most. Combining both lev-
els achieves +8.37 points (43.63 → 52.00), with
Long Context showing the strongest synergy. Nei-
ther component alone approaches the full model,
confirming that the two levels address complemen-
tary failure modes: turn segmentation provides cor-
rect per-turn reward direction, while entropy gating
selectively amplifies high-value tokens within each
turn.

Table 4: Gating ablation on BFCL V3 (Qwen3-4B-
Instruct). Removing the direction gate caps performance
at the teacher-bounded ceiling; removing the entropy
gate causes gradient concentration on format tokens;
removing both leads to training instability.

Variant Avg Base M.Func M.Param L.Ctxt

CREST 52.00 67.0 48.0 38.0 60.0
+ w/o Dir. gate 46.75 60.0 47.0 28.0 52.0
+ w/o Ent. gate 46.25 59.0 50.0 27.0 49.0
+ w/o Both gates 43.50 53.0 43.0 27.0 51.0

Both gates are necessary. Table 4 ablates the
direction gate and entropy gate individually and
jointly. Removing the direction gate drops average
accuracy from 52.00% to 46.75% (−5.25), with
Miss Param suffering the largest decline (38.0→
28.0), consistent with the teacher overriding veri-
fier signals on ambiguous parameter tokens. Re-
moving the entropy gate yields a similar degrada-
tion (52.00 → 46.25), with Long Context drop-
ping from 60.0 to 49.0, where long sequences am-
plify gradient concentration on format tokens. Re-
moving both gates (43.50%) falls to GRPO-level
performance, confirming that uncontrolled self-
distillation provides no benefit over standard RL. A
sensitivity analysis of λ is provided in Section C.3.

5 Conclusion

We presented CREST, a hierarchical credit assign-
ment framework for multi-turn multi-step agent
training. By decomposing per-token advantages
into turn-segmented verified rewards and entropy-
gated self-teacher modulation, CREST resolves
the two-level credit assignment problem that af-
flicts standard RL in multi-turn settings: inter-turn
reward dilution and intra-turn token uniformity.
Experiments on BFCL V3 and WildToolBench
show that CREST achieves the strongest aggregate
BFCL results and higher WildToolBench scores in
the evaluated runs, while ablations indicate that the
two levels address complementary failure modes.
Our central finding is that a self-teacher need not
determine token-level reinforcement or suppression
to be useful—restricting it to magnitude modula-
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tion, gated by student uncertainty, provides dense
credit while keeping each sampled token’s scalar
advantage sign anchored to verified rewards.

Several directions for future work are worth ex-
ploring. The magnitude-only modulation principle
demonstrated here could be applied to other struc-
tured generation tasks beyond tool use, such as
multi-hop retrieval or collaborative dialogue, where
hierarchical outcome structure is present. Addition-
ally, the design space between our fixed self-teacher
and fully online co-training remains largely unex-
plored; adaptive scheduling of teacher influence
strength λ across training stages may yield further
gains. Finally, combining CREST with comple-
mentary advances in reward design (e.g., progress
reward from Lu et al. (2026a)) could compound
the benefits of both finer reward signals and better
credit allocation.

Limitations

Our evaluation is conducted on two multi-turn tool-
use benchmarks at the 4B and 8B scale. While
these represent distinct interaction paradigms
(structured function-calling and naturalistic agen-
tic sessions), broader validation across additional
benchmarks and larger model scales would further
strengthen the generality claims. Additionally, the
entropy gate uses per-token surprisal as a proxy for
token importance, which is effective for separat-
ing format tokens from content tokens in tool-use
trajectories but remains a heuristic that may not
optimally capture token informativeness in all gen-
eration contexts.

Ethics Statement

Our work improves the training efficiency of LLM-
based tool-calling agents, which carries dual-use
risks common to agent capability research. More
capable agents could be misused for automated so-
cial engineering, unauthorized system access, or
large-scale data extraction via tool APIs. We note
that CREST does not introduce new capabilities be-
yond what existing models can already attempt—it
improves the reliability of tool-use within sanc-
tioned benchmarks. Nevertheless, we encourage
practitioners to pair improved agent training with
robust safety measures, including action sandbox-
ing, human-in-the-loop approval for sensitive tool
calls, and rate limiting on API access. All experi-
ments in this work are conducted on public bench-
marks with synthetic tool environments that do not

interact with real-world systems.
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A Gradient Analysis

We prove the three properties stated in §3. Recall
the structured per-token advantage:

At = Aturn
[t] · ϕt,

ϕt = 1 + λeff
t · (wt − 1)

(11)

and the resulting policy gradient:

∇θJ(θ) = E

[∑

t

At∇θ log πθ(yt)

]
(12)

A.1 (P1) Direction Preservation
Proposition 1 (Direction Preservation). For all
tokens t, sign(At) = sign(Aturn

[t] ).

Proof. We show ϕt > 0 always holds, so multipli-
cation by ϕt preserves the sign of Aturn

[t] .
Case 1: gdirt = 0 (direction gate off). Then

λeff
t = 0 by Eq. 10, so ϕt = 1 > 0.
Case 2: gdirt = 1 (direction gate on). This re-

quires sign(Aturn
[t] ) · ∆t > 0 by Eq. 7, which im-

plies exp(sign(Aturn
[t] ) · ∆t) > 1. After clipping,

wt ∈ [1, 1 + ϵ], so wt − 1 ≥ 0. Since λeff
t ≥ 0:

ϕt = 1 + λeff
t︸︷︷︸

≥ 0

(wt − 1)︸ ︷︷ ︸
≥ 0

≥ 1 > 0 (13)

In both cases ϕt > 0, so sign(At) =
sign(Aturn

[t] · ϕt) = sign(Aturn
[t] ).

Interpretation. The scalar coefficient of each
token’s policy-gradient contribution has the same
sign as the inter-turn-only coefficient (i.e., CREST
with ϕt=1). The teacher signal modulates the mag-
nitude of each token’s contribution but cannot flip
its scalar sign, yielding a local, token-wise anchor-
ing property.

A.2 (P2) Absolute Perturbation Bound
Proposition 2 (Absolute Perturbation Bound). For
a sampled trajectory, let gt = Aturn

[t] ∇θ log πθ(yt |
ht) denote the per-token inter-turn gradient con-
tribution. Let ∇̂θJ and ∇̂θJTG denote the
reweighted and inter-turn-only single-trajectory
gradients, respectively. The teacher-induced per-
turbation satisfies:

∥∥∥∥∥
∑

t

(ϕt − 1)gt

∥∥∥∥∥ ≤ λϵ
∑

t

∥gt∥. (14)

The bound is absolute; it is not relative to ∥∑t gt∥.

Proof. The difference between the reweighted and
inter-turn-only gradients on one sampled trajectory
is:

∇̂θJ − ∇̂θJTG =
∑

t

(ϕt − 1)gt. (15)

If gdirt = 0, then ϕt = 1. If gdirt = 1, then
ϕt−1 = λeff

t (wt−1), with λeff
t ≤ λ and wt−1 ≤ ϵ

by Eqs. 10 and 6. Thus, for every token, |ϕt− 1| ≤
λϵ. Applying the triangle inequality gives:

∥∥∥∥∥
∑

t

(ϕt − 1)gt

∥∥∥∥∥ ≤
∑

t

|ϕt − 1| ∥gt∥

≤ λϵ
∑

t

∥gt∥.
(16)

Interpretation. The teacher-induced perturba-
tion is controlled in absolute magnitude by the sum
of per-token inter-turn gradient norms. With the
default settings (λ = 0.3, ϵ = 0.28), each token’s
advantage coefficient can be amplified by at most
8.4%; this is not a relative bound on the aggre-
gate gradient, which may be small because token
contributions cancel. Reducing λ still makes the
per-token modulation arbitrarily weak, smoothly
approaching the inter-turn-only ablation.

A.3 (P3) Sign-Consistent Amplification
Proposition 3 (Sign-Consistent Amplification).
When gdirt = 1, ϕt ≥ 1. That is, the teacher
can only amplify the gradient magnitude along
the verifier-approved direction, never suppress it.

Proof. This was established in the proof of (P1),
Case 2: gdirt = 1 =⇒ wt ≥ 1 =⇒ ϕt =
1 + λeff

t (wt − 1) ≥ 1.

Interpretation. Combined with (P1), this
means: for every token, either the teacher has no
effect (ϕt = 1, when the direction gate is off) or
the teacher increases the magnitude of the update
in the direction already approved by the verified
reward (ϕt > 1). The teacher signal is therefore a
selective token-level amplifier.

A.4 Discussion: Relationship to Adaptive
Preconditioning

The modulation factor ϕt can be interpreted as a
form of token-level adaptive preconditioning on the
policy gradient. Standard GRPO applies a uniform
scale to all tokens within a trajectory (or turn). Our
method replaces this with a per-token scale that is:
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Table 5: Comparison with hybrid RL and self-distillation methods. “Token direction” denotes whether a sampled
token is reinforced or suppressed by its scalar advantage, not the direction of the aggregate parameter gradient.

Method Objective signal Token direction Magnitude Supervision

MT-GRPO (Wei et al., 2025b) At = Acum
k turn verifier uniform per turn intermediate + outcome rewards

EnvTuning (Lu et al., 2026a) At = AV
traj process verifier uniform per trajectory process rewards

RLSD (Yang et al., 2026) At = AV
trajmt trajectory verifier self-teacher terminal reward + reference

SDAR (Lu et al., 2026b) LRL + λLSD verifier + teacher branch gated distillation reward + retrieved skills
OPD (Lu and Thinking Machines, 2025) At = ∆ext

t external teacher external teacher same-family 235B teacher
OPSD (Zhao et al., 2026) At = ∆self

t self-teacher self-teacher privileged context
CREST (Ours) At = AV

k ϕt independent turn verifier gated self-teacher per-turn reward + ground truth

• Larger on tokens where the privileged teacher
agrees with the verifier direction and the stu-
dent is uncertain (high surprisal).

• Equal to 1 on tokens where the teacher dis-
agrees, or the student is already confident.

This is analogous to how natural gradient meth-
ods or Adam apply per-parameter adaptive learning
rates. In our case, the teacher–student divergence
gated by student uncertainty serves as the “curva-
ture proxy,” yielding adaptive scalar reweighting at
the token level rather than the parameter level.

The key difference from OPSD is that OPSD
uses the teacher signal as the advantage itself (both
direction and magnitude), whereas our method uses
it only as a magnitude modulator on top of verified
reward. Thus, OPSD’s token-level optimization
target is teacher-defined, while CrEST keeps each
token’s scalar update sign anchored to the verifier.

Relationship to hybrid self-distillation. As
summarized in Table 5, RLSD is the closest pre-
decessor: it combines verifier-derived signs with
self-teacher magnitudes, but operates at the se-
quence level without uncertainty gating and is eval-
uated only in single-step settings. CREST adds
independent per-turn credit and uncertainty gating.
SDAR targets multi-turn agents with gated token
supervision, but adds a separate distillation loss
to trajectory-level RL, whereas CREST uses the
single multiplicative advantage AV

k ϕt without an
auxiliary teacher objective.

B Complete Algorithm

Algorithm 1 provides the complete pseudocode
for a single CREST training step, consolidating
all equations from Section 3 into an executable
procedure.

C Experimental Details

C.1 Training Configuration

All experiments use the following shared configu-
ration:
• Hardware: Single-node 8× H200 GPUs. For

methods requiring a teacher (OPSD, CREST),
4 GPUs serve the teacher via SGLang and 4
GPUs handle student training and rollout gener-
ation, with tensor parallelism = 2 and sequence
parallelism enabled. For OPD with Qwen3-
4B-Instruct, the external teacher (Qwen3-235B-
A22B-Instruct) requires an additional 8 GPUs
for deployment, resulting in a 16-GPU setup (8
for teacher, 8 for student).

• Rollout: On-policy sampling with group size
G=16, temperature 1.0, max generation length
10,000 tokens per rollout.

• Batch size: 32 prompts per step × 16 samples
per prompt = 512 rollouts per step.

• Optimizer: Adam with β1=0.9, β2=0.999,
weight decay 0.01, gradient clipping 1.0.

• Learning rate: 1×10−6, constant schedule.
• Training steps: The main Qwen3-4B BFCL V3

runs use method-specific schedules: 160 steps
for GRPO, 150 for MT-GRPO, 160 for EnvTun-
ing, 100 for OPD, 89 for OPSD, and 160 for
CREST. We do not assume a single universal
step count across methods.

• PPO clipping: ϵlow=0.2, ϵhigh=0.28.
• KL penalty: βKL=0.0 (no explicit KL regular-

ization; clipping provides implicit constraint).

Accuracy–compute trade-off. Table 6 shows
that CREST has the same eight-GPU peak foot-
print as GRPO, split between four student GPUs
and four self-teacher GPUs. OPD instead requires
a second node and a same-family 235B external
teacher, so its lower total GPU-hours are not di-
rectly comparable to the eight-GPU methods. Rela-
tive to GRPO, CREST increases average step time
from 29.1 to 39.4 minutes (+35.4%), total train-
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Algorithm 1 CREST Training Step

Require: Prompt batch D, policy πθ, group size G, hyperparams λ, τ, ϵ, ρ
1: for each prompt x ∈ D do
2: Sample G rollouts {y(i)}Gi=1 ∼ πθ(·|x)
3: Obtain per-turn verified rewards {R(i)

k }
4: // Inter-turn: turn-segmented advantage
5: for each turn k do
6: A

(i)
k ← (R

(i)
k − µk)/(σk + ϵ) (Equation (3))

7: end for
8: // Intra-turn: entropy-gated self-teacher
9: Compute privileged teacher logprobs log πT (yt | hTt )

10: for each token t in rollout i do
11: ∆t ← (log πT − log πθ)/τ (Equation (5))
12: wt ← clip(exp(sign(Aturn

[t] ) ·∆t), 1−ϵ, 1+ϵ) (Equation (6))
13: gdirt ← 1[sign(Aturn

[t] ) ·∆t > 0] (Equation (7))
14: gentt ← σ((ut − E[u])/(std(u) + ϵ)) (Equation (8))
15: λeff

t ← clip(λ · gdirt · (1 + ρ(2gentt − 1)), 0, λ) (Equation (10))
16: At ← Aturn

[t] · (1 + λeff
t · (wt − 1))

17: end for
18: end for
19: Update θ via policy gradient with per-token advantages {At}

Table 6: Training cost on BFCL V3 with Qwen3-4B-Instruct. All runs use H200 GPUs. GRPO wall-clock and
GPU-hours are normalized to the reported 29.1 minutes per step over the unified 160-step schedule.

Method Peak GPUs Allocation Extra teacher Steps Wall-clock (h) min/step GPU-h BFCL Avg.

GRPO 8 8 student no 160 77.6 29.1 621 43.63
MT-GRPO 8 8 student no 150 81.2 32.5 650 49.25
EnvTuning 8 8 student no 160 88.3 33.1 707 47.25
OPD 16 8 student + 8 teacher 235B external 100 22.4 13.5 359 44.50
OPSD 8 4 student + 4 teacher self 89 31.0 20.9 248 38.75
CREST 8 4 student + 4 teacher self 160 105.0 39.4 840 52.00

ing time from 77.6 to 105.0 hours (+35.3%), and
compute from 621 to 840 GPU-hours (+35.3%).
Teacher scoring is pipelined with student rollout,
so the overhead is not a fully serialized teacher for-
ward pass; it also reflects the reduction from eight
to four student-side GPUs. This additional com-
pute yields a +4.12 BFCL improvement over the
inter-turn-only variant (47.88 to 52.00) and +8.37
over GRPO (43.63 to 52.00), representing an ex-
plicit accuracy–compute trade-off.

For CREST-specific hyperparameters: λ=0.3
(modulation strength), ϵ=0.28 (clip bound), τ=2.0
(temperature for ∆t), and ρ=0.5 (entropy gate
range). Only λ is tuned; the remaining values are
fixed design choices across all benchmarks and
model scales.

The self-teacher is constructed by conditioning
the same model on ground-truth tool-call results
for preceding turns, providing privileged context

without requiring an external teacher model or tok-
enizer alignment.

C.2 OPSD Stabilization and Teacher Update
Strategies

Directly applying OPSD (Zhao et al., 2026) to
multi-turn tool-use trajectories results in training
collapse within ∼20 steps, consistent with findings
reported by the original authors. To establish a
fair OPSD baseline, we investigated three teacher
update strategies (Figure 4a):
• Online teacher (updated with policy): Catas-

trophic collapse by step 20—training accuracy
drops from ∼0.45 to near zero, caused by pivot-
token concentration shifting direction each up-
date.

• Fixed teacher (frozen at initialization): The
most stable strategy, maintaining training accu-
racy around 0.44–0.48 throughout. However,
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(a) OPSD teacher update strategies. (b) Modulation strength λ sensitivity.

Figure 4: Analysis of OPSD teacher update strategies and modulation strength on BFCL V3 (Qwen3-4B). (a) Com-
parison of OPSD teacher update strategies: the online teacher collapses catastrophically within ∼20 steps, while
fixed and EMA teachers are both stable, with the fixed teacher achieving marginally higher and more consistent
accuracy; we adopt the fixed teacher with per-token KL clipping (threshold 0.2) for the OPSD baseline in all
experiments. (b) Effect of the modulation strength λ on training accuracy: λ=0.3 provides the best trade-off; higher
values over-concentrate gradients.

the static teacher distribution defines the token-
level optimization target and produces an ob-
served plateau.

• EMA teacher (exponential moving average,
α=0.995): Comparable stability to the fixed
teacher but no improvement—the teacher con-
verges to a lagged copy of the student, erasing
the privileged information advantage.
Based on these results, our OPSD baseline

adopts the fixed teacher with per-token KL clip-
ping (clip threshold 0.2) as recommended by Zhao
et al. (2026). This prevents collapse but leaves the
student at the observed plateau associated with a
teacher-defined optimization target shown in Fig-
ure 4a. This empirical observation directly mo-
tivates CREST’s design: rather than using the
teacher signal as the optimization target, we use it
solely as a gradient magnitude modulator anchored
to the verified token sign.

C.3 Modulation Strength Sensitivity

Figure 4b varies the modulation strength λ, which
controls how aggressively the entropy gate selec-
tively amplifies token updates. At λ=0 (inter-
turn-only CREST, ϕt=1), final accuracy is ∼0.63.
At λ=0.3, entropy-gated modulation raises final
accuracy to ∼0.69 (+6%) by emphasizing high-
uncertainty content tokens and reducing amplifi-
cation on low-entropy format tokens. At λ=0.5,
over-concentration causes early gains but stagna-
tion below λ=0.1 by step 80, ending at∼0.61. The
sweet spot at λ=0.3 confirms that calibrated selec-

tive amplification, not maximal concentration, best
resolves intra-turn credit ambiguity.
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