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Abstract

Group-based reinforcement learning typically
relies on coarse outcome-level signals, such
as group accuracy or variance, for data selec-
tion or replay. Yet in multi-turn tool-use rollout
groups, these signals miss structural differences
between successful and failed trajectories: a
failure may diverge into an unrelated tool chain
or differ from a successful trajectory only at a
local decision. We therefore introduce Group
Structural Proximity (GSP), which measures
failed-to-successful rollout alignment within a
group using tool dependency graphs induced by
tool calls and argument flow. A controlled diag-
nostic study with outcome-statistics-matched
subsets further shows that GSP captures distinct
learning dynamics: high-GSP data drives local-
ized policy refinement, while low-GSP data
induces broader policy movement and higher-
entropy exploration. This positions GSP as an
effective metric on the exploration—exploitation
tradeoff. Building on this insight, we intro-
duce Proximity-Guided Policy Optimization
(PGPO), which considers replay buffers with
high- and low- GSP under an Exploration-to-
Refinement Schedule (ERS) for group-based
training. On 72-Bench and ACEBench Agent,
PGPO improves sample efficiency and down-
stream tool-use performance, demonstrating
the benefit of structure-aware group compar-
ison in multi-turn tool-use reinforcement learn-
ing.

1 Introduction

Large language models are increasingly being
trained as interactive agents rather than standalone
text generators, learning to invoke external tools
across many turns of user-agent-environment inter-
action (Yao et al., 2023, 2025; Barres et al., 2025;
Tu et al., 2026). In this multi-turn tool-use set-
ting, reinforcement learning is rollout-expensive:
each episode requires many tool calls, argument
bindings, and environment transitions before a sin-
gle terminal reward is observed. The currently
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Figure 1: Coarse outcome statistics versus fine-grained
rollout structure. GSP quantifies the structural contrast
by measuring dependency-graph overlap between suc-
cessful and failed rollouts in the same group.

dominant paradigm for this regime is group-based
RL (Shao et al., 2024; Feng et al., 2025a; He
et al., 2026), which samples multiple rollouts per
scenario and computes group-wise advantages—
making the cost of an additional rollout an ex-
plicit budget item. Understanding what kind of
data drives what kind of policy update is therefore
valuable for allocating a fixed rollout budget effec-
tively.

A growing body of work scores training queries
using statistics of rollout outcomes. The most
direct signal is reward variance within a rollout
group, used to retain non-degenerate gradient up-
dates (Wang et al., 2026; Zhan et al., 2025); pass-
rate-based scores instead treat outcome disper-
sion that peaks at intermediate pass rates as a
learnability signal (Baroian and Berger, 2026; Cui
et al., 2026); and recent extensions refine this with
success-rate-based learnability (Li et al., 2025) and
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Bayesian outcome-uncertainty (Zhou et al., 2026a).
For multi-turn tool use, however, such reward-
distribution summaries are insufficient: they ig-
nore the structural relationship between success-
ful and failed rollouts within the same group—
which tools are called, in what order, and how their
outputs feed into subsequent decisions. Recent
work(Zou et al., 2026b,a) on credit assignment in
long-horizon agents further shows not all failures
are equally amenable to RL learning—some ex-
pose localized repair amenable to precise credit
assignment, while others propagate an early error
through the entire execution, calling for broader
structural exploration. This structural relationship,
invisible to outcome statistics, determines what
kind of learning signal the success—failure contrast
actually provides. Figure 1 illustrates both regimes
with concrete rollout examples.

We introduce Group Structural Proximity (GSP)
to quantify this structural relationship, measuring
how closely the tool dependency graphs of failed
rollouts align with those of successful ones within
the same rollout group. To validate that GSP cap-
tures a training-relevant signal, we conduct a con-
trolled study outcome-statistics-matched subsets
drawn from different GSP ranges and measure KL
divergence and policy entropy over training. High-
GSP scenarios induce sharp, localized policy up-
dates with faster KL growth and lower entropy,
consistent with exploitation; low-GSP scenarios
drive diffuse policy movement with slower KL
growth and sustained higher entropy, consistent
with structural exploration. We turn this diagnos-
tic signal into Proximity-Guided Policy Optimiza-
tion (PGPO), which preserves both sides of the
tradeoff rather than committing to a single replay
regime: low-proximity replay keeps early train-
ing exploratory, while high-proximity replay later
concentrates updates on local repair through an
Exploration-to-Refinement Schedule (ERS).

Experiments on 72-Bench and ACEBench Agent
demonstrate that PGPO consistently improves
downstream tool-use performance over curriculum
and replay baselines. On 72-Bench, PGPO raises
average pass@1 from 35.4 to 46.0 over the base
model. On ACEBench Agent, it improves multi-
step end-to-end accuracy by 20.0 points and pro-
cess accuracy by 19.1 points, indicating the learned
policy follows more valid intermediate tool-use be-
havior. Ablation results confirm that both the high-
and low-proximity buffers are necessary, and that
GSP-based replay outperforms reward-variance re-

play.
Our contributions are:

* We propose Group Structural Proximity (GSP)
to capture structural proximity within rollout
groups, revealing training signals beyond out-
come statistics that separate local exploitation
from broader exploration.

* We introduce Proximity-Guided Policy Opti-
mization (PGPO), a GSP-guided policy op-
timization method that uses exploration-to-
refinement schedule to arrange data flow by
GSP score.

2 Related Work

Multi-turn agent tool-use policy learning.
Early tool-use agents showed that language mod-
els can interleave reasoning with actions and call
external tools (Yao et al., 2023; Schick et al., 2023;
Li et al., 2024; Wang et al., 2024, 2025c¢; Liu et al.,
2025a; Lyu et al., 2025; Jiang et al., 2026; Wang
et al., 2025b; Zhao et al., 2025). ToolLLM scaled
API supervision (Qin et al., 2024), while ToolSand-
box, 7-bench, 72-Bench, and ACEBench moved
evaluation toward stateful user-agent-tool interac-
tion (Lu et al., 2025b; Yao et al., 2025; Barres
et al., 2025; Chen et al., 2025a). Data and environ-
ment synthesis work further expands this setting
through simulated multi-turn interaction, program-
matic environment generation, and graph-based
tool-use synthesis (Prabhakar et al., 2025; Song
etal., 2026; Yin et al., 2025; Tu et al., 2026). These
works make multi-turn tool-use RL feasible, but
they mainly define tasks, tools, or executable envi-
ronments. Policy learning methods such as GRPO
provide critic-free group-based optimization (Shao
et al., 2024); DAPO and Dr.GRPO analyze or sta-
bilize this family of objectives (Yu et al., 2025;
Liu et al., 2025b); and GiGPO/HGPO adapt group
construction to long-horizon agents (Feng et al.,
2025a; He et al., 2026). Our work is complemen-
tary: rather than changing only the optimization
objective, it asks whether the successful and failed
rollouts in a group share a proximate tool depen-
dency backbone.

Data-centric policy training. A separate line
of work improves sample efficiency by selecting,
scheduling, or replaying informative data. Classi-
cal prioritized replay samples transitions by esti-
mated utility (Schaul et al., 2015), and prioritized
level replay reuses levels with high learning po-
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tential (Jiang et al., 2021). In LLM and agent
RL, reward-variance filtering and adaptive rollout
methods select non-degenerate groups (Wang et al.,
2026), while long-horizon interactive RL and GUI-
agent training use replay to reduce expensive envi-
ronment interaction (Chen et al., 2025d; Lu et al.,
2025a; Chen et al., 2025¢; Zhou et al., 2026b; Chen
etal., 2025b). Recent reasoning replay methods fur-
ther manage experiences using correctness, entropy,
or stale-policy correction (Zhan et al., 2025; Zhang
et al., 2025a). Curriculum and online data-loop
methods similarly adapt sampling or problem con-
struction using prompt length, reward, confidence,
difficulty, distribution-level utility, or model failure
patterns (Song et al., 2025; Feng et al., 2025b; Cai
and Sugiyama, 2026; Zhang et al., 2025c; Chen
et al., 2025e; Wang et al., 2025a; Qi et al., 2024;
Zhang et al., 2025b; Shi et al., 2026). These ap-
proaches treat exploration and exploitation as a
function of scalar outcomes, uncertainty, difficulty,
past success, or weakness coverage. GSP instead
measures the structure of the success-failure con-
trast within a rollout group: high-proximity replay
supports local repair, while low-proximity replay
preserves broader structural exploration.

3 Group Structural Proximity

We study reinforcement learning for multi-turn
tool-use agents under sparse terminal rewards.
Group-based RL methods compare multiple roll-
outs from the same scenario, but their training sig-
nal is usually derived from scalar outcome statistics.
Our method adds a structural view of the same roll-
out group.

3.1 Preliminaries

Multi-turn tool use as a POMDP. We treat each
training data point as a scenario—the multi-turn
analogue of a query, in which a user intent unfolds
over one or more dialogue turns against an exe-
cutable environment and tool set. We associate
each scenario x with a POMDP whose terminal
reward R(7;z) € {0, 1} judges whether a rollout
7 = (09, a0, -..,or) sampled from mg(as | h¢)
satisfies the user intent and constraints. The full
state, action, and observation spaces are detailed in
Appendix A. The terminal reward decides whether
a trajectory succeeds, but does not localize which
tool dependency caused the outcome—motivating
a representation that preserves tool ordering and
inter-turn information flow.

Group-based reinforcement learning. For each
scenario x, group-based RL samples a rollout
group R(z) = {n}%, with terminal rewards
r; = R(m;;x). GRPO is a representative group-
based objective. For a token or action at step
t in rollout 7;, the importance ratio is p; +(6) =
mo(ais | hit)/mo,q(ai¢ | hit), and the group-
normalized advantage uses the centered reward 7;
relative to the group mean. The clipped objec-
tive applies a min over the clipped and unclipped
surrogate together with a KL regularizer to a ref-
erence model (Shao et al., 2024); the full equation
is given in Appendix B. When all rollouts succeed
or all fail, the group has zero reward variance and
contributes no gradient signal under GRPO. More
broadly, prior work uses outcome-level statistics
to identify informative scenarios: RAGEN-2 filters
prompts by reward variance as a proxy for group-
level signal strength (Wang et al., 2026), while
ExGRPO manages rollout experiences using cor-
rectness and entropy to balance exploration and
exploitation (Zhan et al., 2025). These scalar crite-
ria are useful but incomplete for long-horizon tool
use. They summarize the outcome distribution, but
not the rollout structure that generated it—leaving
a gap between scalar signal and the dependency
relations that determine credit assignment.

3.2 Group Structural Proximity

From tool dependency graphs to success-failure
comparison. Tool dependency graphs represent
the information flow between tool calls in multi-
turn agent tasks. Prior work constructs such graphs
offline from environment specifications or demon-
stration corpora—nodes represent tools, edges en-
code output-to-input flow—to support environment
synthesis and training data generation (Tu et al.,
2026; Yin et al., 2025). Our motivation is different.
Rather than describing what a task requires, we use
tool dependency graphs to compare what a policy
actually did, measuring how closely the execution
dependency graph of failed rollouts aligns with that
of successful ones within the same rollout group.
This success-failure contrast is invisible to outcome
statistics but directly relevant to what the policy can
learn from the group.

Node representation.
t, we construct a node

For each tool call at step

vy = (tool;, schemay, parent, ),
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where tool; is the normalized tool name, schemay
is the set of argument keys with extractable scalar
values, and parent, records the earliest semantic
sources of those values (the user request or a previ-
ous tool observation). Two nodes match only when
their tool, argument schema, and parent signature
agree.

Trajectory proximity and Group Structural
Proximity. Let V™ = V(r+) = (vf,...,v})
and V- = V(77) = (vy,...,v, ) be the node
sequences of a successful and a failed rollout. We
define the number of matched nodes K (71, 77) as
the length of the longest common subsequence of
V+ and V'~ under the node-match criterion:
K(r",77) = max{k | Match(v;;,vj;) =1V},
where 7; < .-+ <4 and j; < --- < jg. Trajectory
proximity is

B K(T+ T,)
TP(rT = ’ )
(") VH +|V-|=K(+,7)

The Jaccard-style normalization makes trajectory
proximity high when success and failure reuse
most of the same tool dependency graph, and
low when either rollout contains unmatched de-
tours. Denoting S(z) = {r; : r, = 1} and
F(x) = {m : r; = 0}, the group-level GSP is

T 271 T
P = @ L 2 TP

TteS(z) T~ €F(x)
(D

4 Diagnostic Study: GSP Shapes Training
Dynamics

4.1 Study Design

To investigate how group-level GSP affects training
dynamics, we use Qwen3-4B-Instruct-2507 (Yang
et al., 2025a) as the base model and sample eight
rollouts per scenario on the ToolScale training set
(Su et al., 2025), with Qwen3.5-35B-A3B (Yang
et al., 2025a) as the user simulator. To isolate struc-
tural proximity from outcome difficulty, we group
scenarios by their pass rate over the eight rollouts;
within each pass-rate bucket we take the GSP top
and bottom quartiles, and pool 500 scenarios across
buckets to form the high-GSP and low-GSP subsets,
with a same-sized random subset drawn uniformly
from the same buckets. By construction the three
subsets share the same pass-rate distribution but lie
at the two extremes (and the middle) of the GSP
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Figure 2: Distribution of GSP and pass rates over the
full set and the high-/low-GSP subsets.

axis (Figure 2), so any difference in training dy-
namics is attributable to structural proximity rather
than outcome difficulty. Detailed subset composi-
tion statistics are provided in Appendix E. We then
run independent GRPO training on each subset and
track policy entropy and KL divergence from the
reference model.

4.2 Optimization Dynamics

Figure 3 shows the results. The entropy and KL
curves reveal complementary dynamics. On the
high-GSP subset, KL divergence grows faster and
policy entropy drops more sharply: the policy con-
centrates its updates around the locatable deviation
between the shared dependency backbone and the
failure, converging quickly toward a refined local
solution. On the low-GSP subset, KL growth is
slower and entropy remains elevated throughout
training: without a shared dependency backbone,
the gradient signal is diffuse and the policy explores
a broader range of tool-use behaviors. Random se-
lection falls between these two regimes in both
metrics. The avg@1 curve reveals the downstream
consequence of this tradeoff: high-GSP training
reaches a stronger intermediate checkpoint at step
30 (38.6 vs. 37.9), reflecting faster early exploita-
tion, but low-GSP training overtakes it by the end
of training (40.0 vs. 38.4), reflecting the long-term
benefit of sustained exploration.

4.3 Implications for Replay

These dynamics confirm that GSP partitions scenar-
ios along an exploitation-exploration axis that basic
outcome statistics alone cannot capture. High-GSP
scenarios support local refinement, while low-GSP
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Figure 3: Training dynamics of GRPO on outcome-statistics-matched high-GSP, low-GSP, and random subsets,

evaluated on 72-Bench.

scenarios preserve structural exploration. This sug-
gests that GSP should not be used as a one-sided
filter: neither high- nor low-proximity scenarios
alone provide the full training signal. The diagnos-
tic study therefore motivates a replay mechanism
that retains both regimes and schedules their mix-
ture over training.

S Proximity-Guided Policy Optimization

Motivation. The diagnostic study in Section 4
shows that high- and low-GSP scenarios induce
qualitatively different training dynamics, and that
neither regime alone achieves the best final perfor-
mance. Prioritizing high-GSP scenarios accelerates
early exploitation but limits long-run exploration,
while prioritizing low-GSP scenarios sustains ex-
ploration but slows convergence. We therefore
introduce Proximity-Guided Policy Optimization
(PGPO), a group-based policy optimization method
that uses GSP to decide which scenarios should be
replayed and how replay should be mixed over
training.

PGPO has two core designs. First, it main-
tains two proximity-specific replay buffers that sep-
arately retain high-GSP and low-GSP scenarios.
Second, it uses a scheduled buffer sampler that
changes the replay mixture over training, allocat-
ing more budget to low-proximity structural ex-
ploration early and shifting toward high-proximity
local refinement later. The rest of the RL update re-
mains standard: replayed scenarios are re-rolled by
the current policy, and the resulting rollout groups
are optimized with the same GRPO objective.

5.1 Dual Proximity Buffers

PGPO maintains two replay buffers partitioned by
GSP score. The high-proximity buffer stores scenar-
ios where failed rollouts share most of the success-
ful dependency backbone: the policy has already
found the correct tool chain, and replay should
refine the localized deviation that separates suc-
cess from failure. The low-proximity buffer stores
scenarios where failed rollouts diverge structurally
from successful ones: the policy has not yet con-
verged on a shared procedure, and replay should
encourage broader behavioral search. Figure 4 il-
lustrates the full pipeline.

Each replayed item is a scenario identifier, not
a stored trajectory. This choice is important for
policy optimization: PGPO does not train on stale
rollouts. Instead, the current policy re-rolls every
selected scenario to obtain fresh rollout groups,
and the standard GRPO update is applied to the
combined batch of fresh and replayed scenarios.

After rollout, PGPO recomputes GSP for each
scenario. Scenarios where all rollouts succeed or
all fail are excluded. For the remaining scenar-
ios, each computed GSP value is compared against
both buffers: it replaces the current minimum of
the high-proximity buffer if it exceeds that mini-
mum, and replaces the current maximum of the
low-proximity buffer if it falls below that maxi-
mum, maintaining each buffer as a heap ordered by
GSP. This keeps the buffers focused on the most
structurally informative scenarios under the cur-
rent policy. Buffer warm-start and edge cases are
detailed in Appendix C.

4686



e Dependency Graph Abstraction
(e
GetPri
i ts
SearchFlight, GetPrice,

[dh) & o ts
SearchFlight ) ™™ * | | GetDetails _y
schema: S,
}g ts 5 P
BookFlight, ... GetPrice 7
schema: S,
@ Constraints

Budget < $1200, nonstop
t1 t2 ) ts
SearchFlight Get Bo:thgm
schema: $y schema: S5 7 schen

preferred, depart morning

1)) scenario & Rollout Group

User intent
Book a round-trip flight from
NYC to Paris next week.

Tool set

AFlgh

Environment
Simulated Database

Scenario-level Proximity

1

A
S
°
)

D

=)

|

+ _ K(r*,77)
TR S Y R T l ! |

o Proximity-6Guided Policy Optimization

[ High-6SP Buffer |
(Exploitation-oriented)

g 8

Low-6SP Buffer
(Exploration-oriente:

B8

Fresh Scenarios |
(From Environment)

s

Trajectory-level Proximity

Batch Mixer
Replay ratio p;
Low / High mix a;

|

Generate Rollout Group

Vis number of nodes PO
—

-

@

Policy Model >
Q g 0 0 0 0 0

K(7%,77) is number of

" means parameter dependency

CHER) = T > TP(rt, ). F 13 ¢ o o
ISGNEG s, ,-2rtsy
™ | o o, o, (1) User
A Low Proximity Scenario High Proximity Scenario Eualuate 65
ey o Broader exploration Localized refinement for Buffer Update
) /A VRN Lower KL shift 0 Higher KL shift GRPO Update =
T S e o “ o ‘\9/‘ he) . 0 Higher entropy 0000 Lower entropy 0 =0+ nLcrro

Figure 4: Pipeline of PGPO. Dual Proximity Buffers retain high- and low-proximity scenarios separately, while an
Exploration-to-Refinement Schedule mixes them with fresh samples during training. The two buffers are updated
by comparing the recomputed GSP of each scenario against the current buffer contents.

5.2 Exploration-to-Refinement Schedule

The second design controls how the two buffers
are mixed during training. We call this rule the
Exploration-to-Refinement Schedule (ERS), since
it shifts replay from low-proximity structural explo-
ration toward high-proximity local refinement over
training. Annealed schedules are common in cur-
riculum and replay-based reinforcement learning,
where the training distribution is adjusted as the
policy improves (Yang et al., 2025b; Wang et al.,
2025a; Chen et al., 2025e; Zhang et al., 2025c¢).
ERS differs in what it schedules: rather than an-
nealing by task difficulty, reward, or prompt-level
uncertainty, it schedules the structural relation be-
tween successful and failed rollouts within a group.

The direction of the schedule follows directly
from the diagnostic study. Low-GSP scenarios
keep entropy high and encourage broader struc-
tural search, which is most valuable before the
policy has settled on reliable tool-use procedures.
High-GSP scenarios drive sharper K. movement
and localized repair, which becomes more useful
once the policy has discovered a plausible depen-
dency backbone. A static mixture would treat these
two regimes as equally useful throughout training,
while ERS makes the replay distribution match the
changing role of exploration and refinement. The
ablation later confirms this design choice: keeping
both buffers but removing ERS reduces average
pass@]1 from 46.0 to 44.5.

At each training step, ERS draws M; = | p;B]|
scenarios from the replay buffers, where B is the

number of fresh scenarios and p; € [0,1) is the
replay ratio. The M, slots are split by a mixing
ratio a: M{°% = | M, from the low-proximity
buffer and M™8" = M, — M}°" from the high-
proximity buffer. Within each buffer, scenarios
are sampled by their proximity extremeness: high-
buffer scenarios with probability proportional to
GSP, low-buffer scenarios with probability propor-
tional to (1 — GSP). We schedule oy as a decaying
exponential

Ot = Oipin + (amax - amin) eXP(—t/T)a

starting high to favor structural exploration and
decaying to shift the replay budget toward local
refinement (Schaul et al., 2015).

6 Experiments

6.1 Experimental Setup

Training data and protocol. We train on the
ToolScale split from ToolOrchestra (Su et al.,
2025), which contains executable multi-turn tool-
use scenarios across ten virtual domains. Each
scenario is evaluated by a sparse binary reward
that jointly checks final database state, action, and
dialogue-content matching. Before training, we
sample eight rollouts per scenario and remove all-
correct or all-incorrect groups, yielding 3,840 train-
ing scenarios. Training uses a per-step batch of 64
scenarios, KL coefficient 5 = 0.001, sequence
length 32768, 30 interaction turns, and rollout tem-
perature 1.0. The user simulator is Qwen3.5-35B-
A3B without thinking mode.
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Table 1: Comparison of PGPO with baselines on 72-Bench. pass@4 counts a task as solved if any of its four trials
succeeds; pass”™4 requires all four to succeed. Trained methods report mean = std. over 3 seeds.

Airline Retail

Telecom Avg.

Model p@l1 p@4 pt @l p@4

p4

p@l1 p@4 pt p@l1 p@4 pt

Qwen3-4B-Instruct-2507
Base 34.0
+ DAPO 420+£20
+ExGRPO 413+ 1.2
+ Ours 46.7 £ 1.2

54.0
60.0 & 2.0
587+£12
64.0 = 2.0

12.0
147+12
14.0 £2.0
16.7 £ 1.2

47.6
51.8+£09
52.1£0.5
535+ 1.8

66.7
71.7£ 1.0
728 £1.8
757 £ 0.5

14.0
158 +0.9
172 £ 1.0
205+ 1.3

24.6
336+ 18
325+£09
36.8 +1.8

43.9
479+ 1.3
488 £ 1.3
523+1.0

7.9
84+13
79+15
99+ 13

354
425+ 1.6
42.0£0.9
457+ 1.6

54.8
599+ 14
60.1 £ 1.4
64.0 £ 1.2

11.3
13.0+ 1.1
130£ 15
157+ 1.3

QOwen3.5-2B

Base 64.0
+ DAPO 66.0 + 1.2
+ExXxGRPO 66.0 + 2.0
+ Ours 70.0 £+ 2.0

78.0
80.0 £2.0
820+ 1.2
84.0 + 2.0

44.0
480420
460+ 1.2
50.0 + 1.2

54.8
576+ 1.3
581413
614 + 1.8

86.8
87.1£0.5
88.5+0.8
90.1 + 0.5

21.9
23.1 £ 1.8
245+ 18
26.9 + 1.0

84.2
865+ 1.4
862+ 1.8
89.7 £ 0.5

98.5
98.5+0.8
99.1 +£0.8
99.1 + 0.5

57.9
584+1.0
581413
60.5 + 1.7

67.7
700+ 1.3
70.1 + 1.7
73.7+14

87.8
885+ 1.1
89.9 £ 0.9
91.1 + 1.0

41.3
432416
429+ 14
458 +1.3

Evaluation benchmarks. We evaluate on 72-

Bench and the Agent subset of ACEBench, both
of which require stateful user-agent-tool interac-
tion. On 72-Bench, we report domain-level and
average pass rates under multiple sampling criteria.
On ACEBench Agent, we report both end-to-end
success and process accuracy.

6.2 Main Results

Table 1 reports 72-Bench results.

PGPO outperforms RL baselines across all met-
rics and domains. PGPO raises average pass@ 1
from 35.4 to 45.7 over the base model, exceeding
DAPO (42.5) and ExGRPO (42.0) under the same
rollout budget. The gain is consistent across do-
mains: Airline +4.7, Retail +1.7, Telecom +3.2
over DAPO. Telecom, which requires the most
complex multi-turn state tracking, shows a large
margin, suggesting that GSP-guided replay is par-
ticularly effective when the dependency graph is
deep. The pattern also generalizes beyond the
main backbone: on Qwen3.5-2B, the same order-
ing holds on all nine domain x metric combinations,
with PGPO improving average pass@1 by +6.0
over the untrained backbone (73.7 vs. 67.7), indi-
cating that the observed gains are not specific to
one backbone’s scale or architecture.

Replay improves consistency, not just peak per-
formance. The three sampling metrics expose
different aspects of policy quality. pass@1 reflects
the expected quality of a single deployment, di-
rectly measuring what a user experiences in prac-
tice. pass@4 measures coverage: whether the
model has at least one viable solution strategy in its
distribution, which is informative about the breadth
of learned behaviors. pass™4 is the strictest cri-
terion, requiring all four trials to succeed, and is
therefore sensitive to the tail of the failure distri-
bution rather than the mean—a model with high

pass@4 but low pass™4 has learned to solve the
task occasionally but has not eliminated the failure
modes that cause it to fail most of the time. PGPO
improves all three average metrics simultaneously:
pass@1 from 35.4 to 45.7, pass@4 from 54.8 to
64.0, and pass™4 from 11.3 to 15.7. The joint im-
provement is meaningful: pass @4 rising alongside
pass™4 indicates that PGPO both broadens the set
of solvable scenarios and reduces within-scenario
variance. The strongest pass”4 improvement ap-
pears in Retail, where PGPO reaches 20.5 com-
pared with 17.2 for EXGRPO and 14.0 for the base
model, consistent with the GSP hypothesis: high-
proximity replay targets the localized failure modes
that cause repeated failures on the same scenario,
directly attacking the variance that pass”4 penal-
izes.

Process-level gains on ACEBench confirm struc-
tural improvement. Figure 5 summarizes the
ACEBench Agent results and training dynamics.
PGPO improves the base model by 20.0 points on
multi-step end-to-end accuracy and 19.1 points on
multi-step process accuracy. The process score
measures the quality of intermediate tool-use steps
independently of the final outcome, so a large
process-score gain indicates that the learned policy
is following more valid tool-call sequences, not
merely reaching correct terminal states by chance.
The near-equal magnitude of the end-to-end and
process gains (20.0 vs. 19.1) suggests that the im-
provement is structurally grounded: the model has
learned better intermediate tool-use behavior, and
the final-outcome improvement follows from that.

6.3 Ablation Study

Table 2 isolates each design component. All vari-
ants use the same rollout budget and are evaluated
on 72-Bench average pass@1.
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Figure 5: ACEBench Agent results and training dynamics under PGPO. The method combines Dual Proximity
Buffers with an Exploration-to-Refinement Schedule (ERS) to preserve early structural exploration and later local
refinement. MS/MT denote multi-step/multi-turn; E2E and Proc. denote end-to-end and process scores.

Table 2: Ablation on Qwen3-4B-Instruct-2507. ERS:
whether the schedule on «; is enabled. Buffer: which
GSP-based buffer or alternative criterion is used.

Variant ERS Buffer Avg.
Full method v Dual GSP 46.0
w/o ERS X Dual GSP 44.5
w/o Low-GSP Buffer X High GSP 427
w/o High-GSP Buffer X Low GSP 423
Reward-variance Replay X Reward variance 43.4

Both buffers are necessary and neither dom-
inates. Removing either buffer causes a larger
drop than removing the schedule alone. Dropping
the low-GSP buffer reduces average pass@1 to
42.7, and dropping the high-GSP buffer reduces it
to 42.3, both well below the 44.5 obtained when the
schedule is removed but both buffers are retained.
This ordering reveals that the performance gain is
not attributable to one preferred replay source: the
high-proximity buffer alone cannot sustain explo-
ration, and the low-proximity buffer alone cannot
drive local refinement. The full method requires
both to alternate between structural search and lo-
calized improvement across the training trajectory.

ERS provides additional gain beyond static mix-
ing. Retaining both buffers but removing ERS
drops average pass@1 from 46.0 to 44.5. This 1.5-
point gap shows that the composition of replay, not
just its presence, matters. A static mixture treats
early and late training identically, whereas ERS
allocates more low-GSP replay early—when the
policy has not yet converged on shared tool-use
procedures—and shifts toward high-GSP replay
later, when local refinement becomes the binding
constraint. ERS therefore acts as a form of curricu-
Ium over the replay distribution.

Structural proximity outperforms outcome dis-
persion as a replay criterion. Replacing GSP
with reward variance as the replay criterion yields
43.4 average pass@1, 2.6 points below the full
method. Reward variance is a natural baseline be-
cause it identifies groups with non-degenerate out-
comes, which is a necessary condition for informa-
tive RL updates. However, it does not distinguish
whether the contrast between success and failure
reflects a localized deviation or a deep structural
divergence. Two scenarios with identical reward
variance can require fundamentally different learn-
ing responses, and routing them to the same replay
pool conflates these cases. GSP resolves this ambi-
guity by measuring the dependency-graph overlap
between successful and failed rollouts within the
same group.

Larger KL movement and sustained entropy
characterize the optimization regime. Fig-
ure 5(b) compares KL divergence and policy en-
tropy between PGPO and GRPO. PGPO induces
slightly larger KL. movement throughout training.
Because replayed scenarios are re-rolled by the cur-
rent policy rather than replayed from stored trajec-
tories, the larger KL reflects genuine policy updates
on structurally informative scenarios rather than
gradient noise from stale samples. At the same
time, PGPO maintains higher late-stage entropy
than the control. Premature entropy collapse in
multi-turn tool use is particularly harmful because
it commits the agent to narrow tool-call patterns
before it has encountered the full range of user re-
sponses and tool observations. The combination
of stronger KL movement and higher late-stage en-
tropy is consistent with the ablation results: ERS
keeps the policy moving toward better solutions
while preserving the behavioral diversity needed
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for long-horizon interaction.

7 Conclusion

We introduced Group Structural Proximity (GSP), a
provenance-aware metric that captures how closely
failed rollouts align with successful ones in the tool
dependency graph of the same group. A controlled
diagnostic study shows that GSP partitions scenar-
ios along an exploitation—exploration axis orthogo-
nal to outcome statistics. Building on this, PGPO
maintains GSP-routed dual replay buffers and uses
an Exploration-to-Refinement Schedule to mix
them, consistently outperforming GRPO-family
baselines on 72-Bench and ACEBench Agent. The
results show that structural group comparison pro-
vides a complementary training signal for multi-
turn tool-use RL.

Limitations

Our study focuses on multi-turn tool-use agents
whose interactions are mediated by structured tool
calls with traceable argument provenance, and the
conclusions we draw should be read within this
scope. Domains that operate on richer or less
typed action surfaces—for example, code gener-
ation and editing, web navigation, or open-ended
GUI manipulation—do not naturally expose a tool-
dependency graph with stable schemas and explicit
information flow, so GSP and PGPO are not di-
rectly applicable to such settings without a graph
front-end that first constructs dependency graphs
from those unstructured traces. Since the core ma-
chinery of GSP operates on an already-built de-
pendency graph regardless of how it was extracted,
providing such a front-end gives a concrete path
to extending our approach to these domains; build-
ing and validating it is left for future work. The
exploration-to-refinement schedule is currently pa-
rameterized rather than learned, and the optimal
annealing profile likely depends on dataset diffi-
culty and base-model capability; a fully adaptive
controller, together with verification across addi-
tional model families and scales, is left for future
work. Finally, our evaluation uses two simulated
tool-use benchmarks under verifiable rewards, so
transferring the observed exploitation-exploration
tradeoff to noisier real-world deployments remains
an empirical question we plan to address.
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A POMDP Formalization

We associate each scenario x with a POMDP
M, = (S5, A4,0,P,R,~). A scenario consists
of an initial executable environment state, a user
intent, an available tool set with schemas, and do-
main constraints. At turn ¢, the latent state can
be written as s; = (e, hy, u, c), where e; is the
environment, h; is the interaction history, w is the
user intent, and ¢ denotes hidden policy or domain
constraints. The agent observes h; but not the full
latent state. Its action space is A = Aesp U Atools
where Ay, contains natural-language responses
and A, contains executable tool calls with struc-
tured arguments. The observation space contains
user responses and tool results. A tool action up-
dates the environment state and appends a tool ob-
servation to the history; a response action typically
leaves the environment unchanged and appends
user feedback or terminates the interaction.

B GRPO Objective

For a token or action at step ¢ in rollout 7,
the importance ratio is p;((0) = mg(ais |
hit)/m6,4 (@it | hiy), and the group-normalized
advantage uses the centered reward r; relative to
the group mean. The clipped objective is

1 G 1 T;
— — Giel, (2

Larro(f) = Eqg (-3

where

¢; 4 =min (pi,t(G)Ai,
clip(pi(0),1 &1+ )4
— BKL(mo (- | hie)lmeet (- [ hig)) - (3)
C Buffer Update Rule

At the start of training, both buffers are filled with
randomly sampled scenarios. Their GSP scores are
initialized as placeholders: O in the high-proximity
buffer and 1 in the low-proximity buffer, so ob-
served high- and low-GSP scenarios can replace
them under the buffer update rule. When a recom-
puted GSP value would qualify for both buffers
(i.e., it exceeds the current minimum of the high-
proximity buffer and falls below the current max-
imum of the low-proximity buffer), it is admitted
to whichever buffer it is more extreme relative to
(the buffer where the displaced item is closer to the
median GSP), avoiding double-counting.

D Implementation Notes

Trace parsing. The current implementation
parses a rollout trace as an alternating sequence of
user turns, assistant tool calls, and tool responses.
User utterances contribute candidate source values
for later arguments. Tool responses are canonically
normalized and cached as potential provenance an-
chors for later calls.

Canonicalization. Argument dictionaries and
tool observations are normalized before hashing
into parent signatures. Canonicalization removes
JSON key-order sensitivity and reduces brittle mis-
matches caused by formatting differences.

One-source policy. When an argument value can
be linked to multiple earlier occurrences, the im-
plementation keeps only the earliest source. This
choice avoids multi-parent explosion and makes the
backbone focus on primary information flow rather
than every repeated mention of the same value.

Dynamic-programming backbone extraction.
The longest common dependency backbone is com-
puted with standard dynamic programming for
longest common subsequence. For a pair of roll-
outs of lengths n and n~, the exact runtime is
O(ntn™) after node extraction.

E Diagnostic Subset Composition and
Length Confound

The high- and low-GSP subsets used in the diagnos-
tic study (Section 4) are matched on the pass-rate
distribution by construction. Other factors are not
balanced, and we report them plainly here. Table 3
lists the domain composition of the two subsets:
the domain mix differs substantially between them.
We argue this imbalance is the expected signature
of GSP working as intended rather than a confound:
different domains carry different tool sets and inter-
action settings that inherently shape RL dynamics
differently, and GSP is precisely the metric that
empirically captures this domain-related effect.

Tool-chain length, a more natural candidate
confound, is minor: it explains only R? =
20.7%/24.9% of GSP’s variance on the two sub-
sets, and 79.1% of the variance falls within, rather
than between, length tertiles. In short, GSP is not
a proxy for length, and the training-dynamics dif-
ferences in Section 4 are not explained away by
trajectory length.
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Table 3: Domain composition (%) of the high-GSP and
low-GSP diagnostic subsets.

Domain High-GSP % Low-GSP %
bank 15.5 4.8
basketball 8.3 8.3
ecommerce 13.1 2.4
medicine 10.7 22.6
movie 13.1 31.0
railway 19.0 3.6
restaurant 8.3 2.4
school 6.0 9.5
travel 2.4 13.1
weather 3.6 2.4

F Node-Match Sensitivity

To verify that the reported GSP separation is a
structural property of the data rather than an arti-
fact of one specific matching rule, we recomputed
GSP under five node-match criteria of increasing
strictness (tool_only through strict) on 500 real
scenarios. All relaxed and tightened variants retain
strong rank agreement with our design (p = 0.83—
0.94), and none correlates significantly with pass
rate (Table 4).

Table 4: Node-match sensitivity. Spearman p is com-
puted over 500 scenarios; the pass-rate column tests
outcome-orthogonality of each variant.

Match mode Mean GSP pvs. full  p vs. pass rate

tool_only 0.492 0.828  0.032 (p = 0.60)
schema_only 0.462 0922  0.072 (p = 0.23)
provenance_free 0.447 0938 0.093 (p =0.12)
ours (full) 0.395 — 0.080 (p = 0.18)
strict 0.318 0.885  0.073 (p = 0.22)

On brittleness specifically: a failed rollout calls
search_packages with the exact same tool name
and argument schema as a successful rollout, but
with argument values reflecting a completely dif-
ferent product category (e.g., “small-group/coastal”
vs. the user’s requested “honeymoon/romantic”).
tool_only/schema_only score this pair as highly
similar (0.625) because they see only matching
tool names and argument keys, while full cor-
rectly drops it to 0.345 because provenance de-
tects that the arguments no longer trace back
to the user’s stated request. Such semantically
meaningful divergences—not superficial format-
ting noise, which canonicalization (Appendix D)
already removes—are exactly what the stricter cri-
teria are designed to catch.

G LCS vs. Order-Invariant Similarity

Order-sensitivity is a deliberate design choice, nec-
essary whenever call order carries causal infor-
mation, which is the common case in 72-Bench.
To validate it, we implemented graph edit dis-
tance (GED, bipartite approximation on the tool-
dependency graph) and a WL-kernel-style similar-
ity (dependency-graph-aware relabeling, h = 2),
and evaluated both on 450 real 72-Bench success-
failure pairs across Airline/Retail/Telecom. Both
agree strongly and significantly with our LCS-
based proximity (Spearman p = 0.748, p =
8.2 x 10720 for GED; p = 0.627,p = 2.3 x 10716
for WL; consistently per domain, p(GED) =
0.94/0.72/0.77), and PGPO’s dual-buffer routing
agrees on 68.3% of scenarios. Their correlation
with pass rate is near-zero (|p| < 0.08, p > 0.39),
indicating that the outcome-orthogonality our di-
agnostic study relies on is shared across all three
structural metrics.

Where they diverge is informative: GED/WL
assign uniformly higher proximity specifically on
“retry-storm” failures (e.g., 10+ near-identical tool
calls differing only in a shifting argument subset),
since their position-agnostic substitution/deletion
cost cheaply absorbs repeated near-duplicate calls
into low-cost edits—masking a real divergence be-
hind superficial similarity. On the reorderability
property, swapping two causally-independent calls
(no dependency edge between them) leaves both
GED and WL unchanged (1.0), confirming they
behave as intended for genuinely independent calls.
Table 5 shows a controlled stress test.

Table 5: Controlled stress test: LCS vs. order-invariant
(Bag-Jaccard) similarity.

Case LCS proximity Bag-Jaccard
A (locally repairable): book vs. cancel tail 0.600 0.600
B (structurally derailed): same tools, reversed 0.143 1.000

H Computational Overhead

PGPO’s only overhead relative to vanilla GRPO is
the GSP computation itself. The pairwise LCS cost
is exactly O(nn_), and comparing every success-
failure pair in a group costs O(|S||F|nyn_), i.e.
O(G?) in the worst case. Measured on real trajec-
tories (mean node count 5.51, pgs = 14 over 500
rollout scenarios), a single-pair LCS costs 10.7—
511 us for n = 5-40 nodes, confirming O(n?)
scaling in trajectory length (Table 6). For a typical
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group of size G = 8§, this yields ~ 1-2 ms of GSP
computation per scenario. With 32 scenarios per
training step (our default batch at evaluation time),
the total GSP cost is ~ 32—-64 ms per step—a pure-
CPU cost that fully overlaps with the GPU/network
I/O of the next rollout batch—against a ~ 14-
minute (840 s) end-to-end GRPO/DAPO training
step, i.e. under 0.01% overhead.

Table 6: CPU micro-benchmark of single-pair LCS
computation (1 CPU core), confirming O(n?) scaling.

mean is the aggregator whose expectation stays in-
variant to | S|, |F'|, which we view as a prerequisite
for GSP to remain comparable across groups.

Table 8: Expected aggregate value as the pair count
|S| x | F| grows.

|S| x |F| E[max] FE[min] FE[mean]
[4,8) 0.588 0.218 0.396
[12,16) 0.685 0.163 0.381
[16,24) 0.688 0.159 0.370

Trajectory length n 5 10 20 40
Single-pair LCS 10.7 ps 136.3 pus

36.4 us 511.0 us

I Aggregation over Heterogeneous
Groups

When a group contains multiple successful and mul-
tiple failed trajectories with very different graph
lengths, one may ask whether averaging all pair-
wise proximities obscures heterogeneous groups.
We tested this directly on 500 multi-success/multi-
fail groups (|S|, |F'| > 2). Two pieces of evidence
indicate that mean remains the more reliable aggre-
gator.

First, mean tracks median—a robust central-
tendency statistic—almost perfectly even at the
highest length heterogeneity (Table 7): p = 0.934
at the top tercile of the coefficient of variation of
node count, only marginally below the low tercile.
If mean were obscuring heterogeneous groups, it
would drift away from median precisely where het-
erogeneity is highest; instead it is min whose agree-
ment with mean drops most (0.836 — 0.625).

Table 7: Rank agreement (Spearman p) between mean
and alternative aggregators, by length-heterogeneity ter-
cile (coefficient of variation of node count).

Heterogeneity tercile p(mean, median) p(mean, min) p(mean, max)

Low 0.964 0.836 0.695
Mid 0.951 0.787 0.725
High 0.934 0.625 0.750

Second, max/min are order statistics of the |.S||F|
pairwise-proximity sample, so their expectation is
mechanically pulled toward 1/0 as |S||F| grows—
independent of any change in structural similarity—
while mean stays essentially flat (0.396 — 0.370)
over the same range (Table 8). Adopting max/min
would therefore make GSP confound structural
proximity with group size, the very outcome-
statistic contamination GSP is designed to avoid;

J Failure Case Analysis

We present one concrete failure case in which GSP
is high while outcomes are mostly failures. In a
bank scenario with pass rate 0.125 and full-GSP
0.657, 7 of 8 rollouts retrieve identical, correct
evidence via an identical tool sequence, but fail
because the simulated user talks the agent out of
reporting it—not because retrieval diverges. The
divergence here is genuinely local, just one layer
downstream of where node-matching looks (re-
sponse generation rather than tool calls). This is
consistent with, not a counterexample to, GSP’s
“locally repairable divergence” construct, and sim-
ply marks a boundary of its current scope.

K Comparison with Group-Construction
Methods

GSP/PGPO is a data-centric contribution—a re-
play/selection criterion within a group-based RL
loop—whereas GiGPO and HGPO modify group
construction or advantage estimation itself, requir-
ing exact “anchor” states to recur across rollouts.
That mechanism suits closed, near-deterministic
environments such as ALFWorld/WebShop. Our
72-Bench/ACEBench setting has continuous, LLM-
simulated-user states that essentially never re-
peat exactly, so their anchor-state mechanism is
not directly applicable without a nontrivial state-
abstraction step of its own. We therefore compared
against DAPO (pass-rate-related filtering) and Ex-
GRPO (reward-variance-related buffer replay) to
isolate the data-selection axis under a fixed GRPO-
family objective.

L Evaluation-Protocol Noise

To bound execution noise of the LLM-simulator-
based evaluation protocol, we reran the frozen, un-
trained base model 4 times on Airline, isolating
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sampling/judge variance from training randomness:
pass@1 = 66.0,64.0,64.0,62.0 (mean 64.0, std
1.4). This noise is far smaller than PGPO’s 6.0-
point average pass@1 gain over the same base
(Table 1), so the reported improvements are not
a protocol-noise artifact.

M Artifact Licenses and Intended Use

All artifacts used in this work—ToolScale, 72-
Bench, ACEBench, the Qwen3 model family, and
the verl framework—are existing public releases
used as-is for non-commercial academic research,
which is consistent with their respective licenses
and with the intended use stated on each release
page (training data for tool-use agents, benchmarks
for evaluation, base models for fine-tuning and sim-
ulation, and a training framework used as a library);
we did not modify, repurpose, or redistribute any
of them.

N Hyperparameters

Table 9 lists all hyperparameters used in our GRPO
and PGPO training runs. All values are kept con-
stant across the diagnostic study, the main results,
and the ablation study, except where the variant
under study explicitly modifies a single compo-
nent (e.g., disabling ERS or replacing GSP with
reward variance). We did not perform a systematic
hyperparameter search; the values below were cho-
sen as reasonable defaults based on prior GRPO-
family work and our preliminary smoke tests, and
we explicitly note this so that the reported gains
are not confounded with extensive tuning. The
full training and evaluation code is available at
https://github.com/Lokshaw-Chau/GSP.

O Potential Risks

PGPO improves the sample efficiency of multi-turn
tool-use RL and therefore inherits the broader risks
of strengthening autonomous tool-using agents: by
accelerating convergence toward locally refined
behavior under the current reward verifier, it can
also entrench unsafe tool effects, dataset biases,
and over-reliance on automation if the surrounding
pipeline is not adequately gated. We recommend
that adopters pair PGPO with sandboxed execution,
action-level safety verifiers, audits of the high-GSP
buffer composition, and explicit privacy controls
over the persistent tool-call traces required by GSP,
and retain human oversight for consequential ac-
tions.

Table 9: Hyperparameter settings used for all GRPO
and PGPO runs. Values are shared across the diagnostic
study, main results, and ablations unless an ablation
explicitly modifies the listed component.

Hyperparameter Value
Optimization

Learning rate 1x107°
Optimizer AdamW

Train batch size (scenarios/step) 64

Total training data 3,840
KL coefficient 3 0.001
Rollout

Group size G 8
Rollout temperature 1.0
Max sequence length 32,768
Max interaction turns 30

User simulator Qwen3.5-35B-A3B

Replay buffers

High-GSP buffer capacity 512
Low-GSP buffer capacity 512
Replay ratio p; 0.5
Exploration-to-Refinement Schedule
Omin 0.20
Oémax 0-60
Time constant 7 42

Infrastructure

Hardware 8x NVIDIA H800 80 GB
Training framework verl

Wall-clock per run ~ 192 GPU-hours

Privacy and data retention of stored traces.
Unlike standard GRPO pipelines, which consume
rollouts transiently within a training step, PGPO
persists tool-call traces in the replay buffers over
the course of training: GSP’s node construction
stores tool names, argument values, and their prove-
nance, and the dual-buffer update keeps these
parsed traces retrievable long after the rollout that
produced them. In our setting the traces come from
simulated scenarios and contain no real user data,
but in deployments where rollouts interact with real
users or production tools, stored traces can carry
personal or otherwise sensitive content (e.g., iden-
tifiers, account details, locations, or the content of
user utterances used as provenance anchors). We
therefore recommend that adopters treat the replay
buffers as personal-data stores: minimize the re-
tention window by expiring buffer entries rather
than keeping them for the full training run, strip
or pseudonymize argument values that do not af-
fect graph structure before trace storage, restrict
buffer access to the training pipeline, and provide
deletion guarantees so that removing a user’s data
also removes their traces from the buffers. When
traces are derived from real interactions, retention
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and secondary use should additionally be reviewed
under the applicable data-protection regulations.

P Use of AI Assistants

The core technical contributions—the formulation
of GSP, the design of PGPO and its replay mecha-
nism, the diagnostic protocol, the experiments, and
all analyses—were conceived, implemented, and
verified by the authors. Al assistants were used
only in supporting roles: a coding assistant pro-
vided autocomplete and refactoring suggestions for
boilerplate and utility code (every fragment that
entered the experimental pipeline was read, edited,
and tested by the authors), and a writing assistant
was used as a paragraph-level polishing pass over
author-written drafts to tighten phrasing and gram-
mar (no claims, results, or citations were generated
by the assistant, and every revision was reviewed
and accepted or rejected by the authors). Any resid-
ual errors are the authors’ own.
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