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Abstract

Tool use enables large language models
(LLMs) to perform complex tasks, and recent
agentic reinforcement learning (RL) methods
show promise for enhancing model capabili-
ties. However, RL alone often leads to insta-
bility or limited gains in tool-use tasks. In our
experiments, some models exhibit catastrophic
collapse, where performance abruptly drops
and tool-invocation structures fail. The anal-
ysis reveals that these failures stem from unex-
pected probability spikes in specific control to-
kens, disrupting structured execution, yet the
underlying tool-use capability remains intact,
merely obscured by specific formats. To ad-
dress this, we systematically investigate a di-
verse set of supervisory signals, including off-
policy supervision, hint-based guidance, erro-
neous example supervision, and others, ap-
plied under both synchronous and interleaved
training schemes. We find that interleaving su-
pervised fine-tuning (SFT) with RL substan-
tially improves stability, but exhibits degraded
performance under format and content out-of-
distribution (OOD) evaluation. We also ana-
lyze the impact of learning rates and gener-
alization across settings. These results high-
light the importance of understanding RL fail-
ures and demonstrate how diverse supervisory
signals can guide exploratory learning, en-
abling robust training of LLMs for complex,
multi-step tool-use tasks. Our Code is avail-
able at https://github.com/hypasd-art/
Tool-RL-Box.

1 Introduction

Tool use plays an increasingly important role in
large language models (LLMs) (Li et al., 2023; Mi-
alon et al., 2023; Li et al., 2026). By leveraging
external tools, LLMs can function as intelligent
agents capable of autonomously performing com-
plex interactive tasks (Qu et al., 2025; Yao et al.,
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2024). However, the multi-step and structured na-
ture of tool-based interactions, together with the
diversity of tool feedback, introduces substantial
challenges for improving model capabilities. To
mitigate these issues, prior works have focused
on improving tool-use performance through opti-
mized interaction frameworks (Qin et al., 2024),
large-scale synthesis of high-quality trajectories
(Hao et al., 2025b; Liu et al., 2025b; Prabhakar
et al., 2025b), and refined supervised or unsuper-
vised training methodologies (Liu et al., 2025b; Lu
et al., 2025). Particularly recent advances in agen-
tic RL (Lu et al., 2025; Wang et al., 2025; Mai
etal., 2025) have motivated growing interest in RL
as a more principled framework for agentic inter-
action, as agentic RL has demonstrated strong per-
formance across a variety of complex tasks (Zhang
et al., 2025b; Wu et al., 2025).

However, in practice, RL-based optimization
often suffers from training instability and lim-
ited performance gains in tool-use settings. As
shown in Figure 1, erroneous response frequencies
can rise sharply at certain stages. In our experi-
ments, we observe a surprising failure mode where
model performance can abruptly collapse to near
zero, accompanied by a breakdown of valid tool-
invocation structures. Through detailed analysis,
we find that these failures are not caused by a loss
of reasoning ability, but are instead driven by unex-
pected probability amplification of specific control
tokens, which gradually distorts structured genera-
tion into degenerate execution patterns.

These observations indicate that RL alone is in-
sufficient for stable, long-horizon structured gen-
eration. We find supervised fine-tuning on high-
quality tool-use trajectories provides a strong ini-
tialization, improving early performance and pre-
venting collapse. Nonetheless, prior work sug-
gests that models trained with SFT can be limited
in terms of generalization and performance com-
pared to RL (Chu et al., 2025). Therefore, we
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Figure 1 The changes of token appearing frequency in the RL training process of model Qwen2.5-1.5B-Instruct.
Polluted indicates that irrelevant special tokens appear in the output, whereas Collapsed indicates that the output is

completely invalid or incorrect.

aim to investigate how different supervisory sig-
nals interact with RL optimization and whether
supervision can fundamentally stabilize multi-
turn agentic training, attempting to combine
them to mitigate their shortcomings. Yet, a key
open question remains: how should supervisory
signals be integrated into RL training, and which
forms of supervision are most effective for enhanc-
ing stability?

To address this issue, we systematically inves-
tigate a broad family of supervisory signals, in-
cluding SFT then RL, off-policy supervision, and
erroneous trajectory supervision, under both syn-
chronous and interleaved training paradigms. Ad-
ditionally, we introduce Hint-based guidance by
prepending correct hints before the model gen-
erates responses to help generation, and remove
these hints during optimization. We also pro-
pose Process Reflection Supervision, which reflec-
tions are extracted from intermediate reasoning
steps in the training process for the summariza-
tion the strengths and weaknesses of each steps
alongside original error trajectories to construct
the SFT data, further improves both stability and
final performance. Our results show that simply
mixing supervision with RL is insufficient: syn-
chronous methods often suffer from distribution
mismatch, while interleaved training with super-
vised fine-tuning (SFT) significantly improves sta-
bility but may degrade performance under format-
and content-level out-of-distribution (OOD) evalu-
ation.

We further analyze key factors affecting stabil-
ity and generalization, including learning rate sen-
sitivity and cross-setting transfer behavior. Across
these studies, we find that supervisory signals play
a central role in controlling structural behavior dur-
ing RL, beyond what scalar rewards alone can

achieve.

Overall, our work highlights that agentic RL
failure is primarily a structural collapse problem
rather than a capability limitation, and demon-
strates that carefully designed supervisory signals
can effectively regulate token-level execution pat-
terns, enabling more stable and robust tool-use
learning in LLMs.

Our work makes three key contributions:

* We identify structural collapse as a funda-
mental failure mode in multi-turn agentic
RL. We show that RL on tool-use tasks does
not primarily degrade reasoning ability, but
induces a structural collapse in which gen-
eration degenerates into malformed control-
token sequences, breaking tool-invocation
structure while preserving underlying task
competence.

* We uncover a token-level mechanism un-
derlying RL instability. We find that RL
disproportionately amplifies special control
tokens, leading to a redistribution of policy
mass. This reveals that instability arises from
control-token dynamics rather than capability
degradation, providing a mechanistic expla-
nation for collapse.

* We conduct a systematic study of supervi-
sory signals for stabilizing multi-turn agen-
tic RL. We systematically explore six super-
visory configurations across two model fam-
ilies and categorize them into synchronous
and interleaved paradigms. We further intro-
duce Process Reflection Supervision, which
converts intermediate trajectory information
into textual supervisory signals. Empiri-
cally, interleaved training consistently im-



proves stability and generalization, while syn-
chronous methods are prone to distribution
mismatch.

2 Related Works
2.1 Tool Learning

Recent advances have extended LLMs with tool-
use capabilities (Hao et al., 2025a; Prabhakar et al.,
2025a; Qin et al., 2024), enabling interaction with
external APIs and environments beyond text gen-
eration (Lu et al., 2025). Through tool invoca-
tion, models can perform task execution (Li et al.,
2023; Trivedi et al., 2024), information retrieval
(Jin et al., 2025), and planning (Xie et al., 2024),
improving their ability to solve complex tasks effi-
ciently. Prior works have enhanced tool-use capa-
bilities through reasoning frameworks (Qin et al.,
2024; Yao et al., 2023), supervised fine-tuning (Lu
et al., 2025; Zhang et al., 2025d; Li et al., 2025),
and reinforcement learning (Hu, 2025; Shao et al.,
2024). Although RL improves tool-invocation per-
formance (Qian et al., 2025; Jiang et al., 2025; Xue
et al., 2025), its effectiveness strongly depends on
the base models prior tool knowledge. Smaller or
weakly initialized models often fail to benefit from
RL, while high-quality SFT data alone can already
provide strong performance. This motivates incor-
porating supervisory signals into RL to stabilize
multi-turn interactions and improve tool-use learn-
ing.

2.2 Expert Trajectories in Reinforcement
Learning

RL improves models through trajectory explo-
ration and reward-based updates (Shao et al., 2024;
Srivastava and Aggarwal, 2025), but can stagnate
when sampling quality is poor. Recent works miti-
gate this by incorporating expert or ground-truth
trajectories into RL (Fu et al., 2025; Liu et al.,
2025a). For instance, LUFFY (Yan et al., 2025)
replaces part of sampled trajectories with expert
ones and reweights low-probability tokens, while
ReLIFT (Ma et al., 2025) alternates RL with tar-
geted SFT. Other methods use partial correct an-
swers (Zhang et al., 2025a,c; Huang et al., 2025;
Zhan et al., 2025) or retrieved experiences (Chen
et al., 2025; Fang et al., 2025). However, these
methods are mainly studied in single-turn reason-
ing tasks (e.g., mathematics), and their effective-
ness in multi-turn tool-use settings remains under-
explored.

3 Preliminary

We represent multi-turn tool utilization trajectory
7 by LLMs as a sequence of actions and feed-
backs: 7 = (ai,r1,a9,r2,...,ap,r7). Each ac-
tion a; € A is drawn from an action space A that
includes both feasible tool invocations and natu-
ral language responses. At each step, the feed-
back r; € R is given based on current actionand
the preceding trajectory:

Tf,:R(G,t |a1,r1,...,at_1,n_1)672 (1)

where R denotes the feedback space, encom-
passing both environment responses (e.g., tool
execution outputs) and user responses.

Conditioned on the accumulated interaction his-
tory, the model samples the next action:

ar ~ Play | ai,r1,...,ae—1,7¢—1) ()

4 Method

In this section, we first analyze the training insta-
bility and limited performance gains observed un-
der pure reinforcement learning settings. By ex-
amining model-generated trajectories during train-
ing, we identify the underlying causes of these
failures. In contrast, introducing supervised fine-
tuning before RL substantially improves stability
and performance, highlighting the importance of
supervisory signals. Motivated by this observa-
tion, we further conduct a systematic study of dif-
ferent supervisory signals and integration strate-
gies in agentic RL, analyzing their effects on sta-
bility, structural behavior, and generalization.

4.1 Experiment Setup

Dataset. We conduct experiments on BFCL-V3
(Patil et al., 2025), a multi-turn tool-use bench-
mark where models must invoke multiple tools
across interactive environments to answer user
queries and follow-up questions. We focus on
four challenging settings: Base, Miss Func, Miss
Param, and Long Context. For training, we ran-
domly sample 100 instances from each of the first
three settings, resulting in 300 questions following
previous work (Lu et al., 2025), which proves the
performance can be improved by small amount of
data, while reserving the remaining data for evalu-
ation. Due to excessive context length, Long Con-
text 1s excluded from training. We also augment
supervised fine-tuning with converted ToolACE
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Figure 2 The training dynamics during the training process

Right: Qwen3-1.7B.

(Liu et al., 2025b) data to study the impact of train-
ing distribution. More details please refer to Ap-
pendix B

Model. For our analysis experiments, we use
Qwen2.5-1.5B-Instruct (Team et al., 2024) and
Qwen3-1.7B (Yang et al., 2025) as base models.
During the SFT stage, we decompose each multi-
turn interaction into multiple single-turn instances
and train the model on these isolated steps. In con-
trast, during RL, we adopt a full multi-turn tool-
use setting, where the model must complete the
entire interaction trajectory, including all tool invo-
cations, to receive positive feedback. For Qwen3-
1.7B, we use the non-thinking variant. Further
implementation details and reward design are pro-
vided in Appendix B.

4.2 Problem of catastrophic collapse in the
RL

As shown in Figure 2, direct RL on Qwen2.5-
1.5B-Instruct often causes catastrophic collapse,
with sudden reward drops and sustained KL di-
vergence spikes. Qwen3-1.7B exhibits milder in-
stability, but pure RL gains remain limited and
may degrade over time. Applying SFT on an addi-
tional tool-use dataset before RL stabilizes train-
ing: for Qwen2.5-1.5B-Instruct, reward and KL
curves evolve smoothly; for Qwen3-1.7B, RL may
still occasionally collapse after SFT, but achieves
substantially higher performance prior to instabil-

ity.
4.3 Analysis of the reasons of collapse

By jointly analyzing model-generated trajectories
throughout RL training, we identify a consistent
pattern of structural collapse. Importantly, we find
that the observed collapse does not primarily re-
flect a degradation of the models underlying ca-
pability. Instead, the collapse progressively shifts
generation toward malformed control-token pat-
terns that corrupt the structural integrity of tool in-
vocation. Specifically, special control tokens used
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on the BFCL-V3 dataset. Left: Qwen2.5-1.5B-Instruct.

in tool-calling formats, such as <tool_call> and
<]im_end|>, become increasingly confused dur-
ing training. As RL optimization proceeds, these
tokens are over-amplified and incorrectly com-
bined as shown in Tabel 3, causing the model to
drift from valid tool-use trajectories toward degen-
erate termination patterns under particular prompt
formats.

To systematically characterize this phe-
nomenon, we categorize model outputs into four
structural states. Healthy Tool Call denotes
well-formed tool invocations that strictly fol-
low the required schema. Healthy Response
corresponds to natural-language responses and
contains no tool-related artifacts. Text Pollution
represents an intermediate failure stage where
incomplete tool tags or misplaced control tokens
begin to appear. Finally, Collapsed denotes
severe degeneration, where generation converges
to meaningless minimal termination sequences
such as <tool_call><]|im_end|> with almost no
semantic content.

As shown in Figure 1, Qwen2.5-1.5B-Instruct
initially maintains a clear separation between tool-
call and text-response generation pathways, pro-
ducing structurally valid outputs during early train-
ing. However, as RL progresses, fragmented
control-token patterns increasingly appear within
natural-language responses (see Table 3), indi-
cating progressive corruption of structural bound-
aries. In later stages, the probability mass becomes
dominated by minimal termination sequences
<tool_call><|im_end|>, leading to complete
structural collapse. Detailed definitions and addi-
tional results are provided in Appendix A.

These results suggest that instability in multi-
turn tool-use RL arises from insufficient struc-
tural supervision during exploration. Without con-
straints that preserve tool-invocation structure, RL
disproportionately reinforces certain control to-
kens, gradually redistributing policy mass toward
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degenerate execution patterns. Interestingly, re-
sults in Table 2 further show that direct GRPO
training remains relatively stable under format
changes in OOD evaluation. This indicates that
the underlying tool-use capability is not fully lost
during collapse; instead, performance is highly
sensitive to control-token distributions that can ei-
ther expose or temporarily mask the learned capa-
bility.

Overall, our analysis reveals that tool-use RL is
fundamentally more sensitive to structural token
dynamics than standard reasoning tasks. Without
proper supervision or constraints, these tokens can
be easily conflated, leading to structural contami-
nation and, ultimately, training collapse.

4.4 How to improve the collapse problem

Unlike prior works studying isolated supervision
strategies, we propose a unified framework to an-
alyze how supervisory signals interact with multi-
turn agentic RL. We organize methods into syn-
chronous and interleaved paradigms, enabling a
controlled comparison of their effects on stabil-
ity, structural collapse, and generalization in tool-
use RL. Within this framework, we systemati-
cally study five supervisory signals: SFT-then-RL,
off-policy supervision, hint-based guidance, erro-
neous trajectory supervision, and process reflec-
tion supervision. Structural diagrams are shown
in Figure 3, with reward details in Appendix B.

SFT Supervision (SFT then RL) This supervi-
sory signal follows a staged pipeline where SFT is
performed before RL. In the SFT phase, the policy
Ty is trained to imitate expert trajectories 7 given

queries ¢ from dataset Dgpr:

7|

- > D logm(ar | g,7<e),

D
| SFT| (q,7)€Dgpr t=1
3)

this objective encourages instruction-following
and basic reasoning abilities. However, its effec-
tiveness is constrained by dataset coverage and
lacks the ability to explore behaviors beyond the
provided demonstrations.

Lspr(0) =

Off-policy Supervision (OPS) Some methods
like LUFFY replace the sampled responses with
distilled content or ground truth responses (Yan
et al., 2025). Inspired by these, we introduce off-
policy supervision by partially replacing model-
generated rollouts with ground-truth trajectories,
thereby strengthening guidance from correct be-
haviors. Specifically, we mix high-quality SFT
trajectories with on-policy rollouts. For each tra-
jectory 7;, the normalized advantage is computed
as:

. R(7;) — mean(Gon U G o)

A= std(Gon U Gogr) ’ @
where G, and Gy denote the reward sets from
on-policy and off-policy trajectories, respectively.
Unlike LUFFY (Yan et al., 2025), which modifies
the importance ratio for off-policy data, we apply
the same policy ratio to all trajectories 74,,(6) =
To(Tht | @ Th<t)/Toga(Tht | 4, Th,<t) to fairly
compare the performance of different supervisory
signals without other factors. This yields the off-
policy supervision surrogate objective:

|73 |

jOPS(G):% > D CLIP(r4(6), Aise), (5)

74 €DonUDqjt t=1



where Z = ), |r|. This formulation treats on-
policy and off-policy trajectories uniformly, en-
abling high-quality demonstrations to guide learn-
ing while preserving on-policy exploration.

Hint-based Guidance (HBG) To guide the
model towards correct trajectories, we prepend a
hint H, to the query ¢ during sampling. The
hint provides a textual description of how to ap-
proach or solve the task, and can be obtained either
through manual annotation or generated automati-
cally by a large language model. At each timestep,
the trajectory is generated token by token as:

Tit ™~ 770(7—15 | q, Ti,<t:7'[q)7 (6)

for policy optimization, the hint H, is removed,
and the sampled trajectory 7; is treated as a stan-
dard on-policy rollout conditioned only on g. This
design allows hints to influence exploration while
ensuring that the learned policy does not depend
on auxiliary guidance at inference time.

Erroneous Trajectory Supervision (ETS)
Some methods adopt the interleaved training
paradigm of SFT and RL in the training process.
Inspired by these (Ma et al., 2025; Lai et al., 2025),
we adopt an interleaved RL and SFT paradigm
into the tool-learning tasks, constructing SFT
data explicitly from RL failure cases. Starting
from an initial policy mg,, RL collects interaction
trajectories, and any query whose sampled trajec-
tories all fail is labeled as erroneous. We then
create supervised training data from these failures
using the ground-truth solutions to enhance model
capability.

Formally, at iteration k, the error-derived super-
vision set is defined as:

& = |J (g mabel) V7' € o, R() =0}, (D)
q€Q

where 7, denotes the set of trajectories sampled
for query ¢, and R(7) is the reward, Tjabe is the
ground truth answer. For each trajectory, we con-
struct supervised training pairs conditioned on the
same state or prefix. The resulting supervision loss
is:

7|
1

Lax(®)=——== D> D logm(as|g,7<t), (8

e e
where a; denotes the ground-truth action at step t.
We interleave this corrective SFT step with stan-
dard RL updates, and gradually increase the pro-
portion of RL steps over iterations, following the

scheduling strategy in ReLIFT (Ma et al., 2025).

Process Reflection Supervision (RPS) In multi-
turn agentic RL, sampled trajectories contain rich
intermediate information beyond terminal success
or failure. Prior work (Tan et al., 2025) used pro-
cess rewards for guidance, but scalar rewards offer
only coarse supervision and often miss nuanced
reasoning or tool-use errors. We propose process
reflection supervision, converting implicit trajec-
tory information into explicit textual guidance.
Specifically, trajectories from the current policy
my,, are fed into an LLM (or auxiliary analyzer) to
generate textual reflections analyzing intermediate
decisions, structural mistakes, and reasoning gaps,
denoted 7. The resulting reflection-augmented

T

dataset is:

Ri = {(a, 7.7}, ©)
to further improve the models adherence to correct
tool-use formats, we jointly train with erroneous
trajectories collected as described in Section 4.4.
The reflection loss is defined as:

1
TR 2

(g,rref)eRy,

7|
1
- @ Z ZIOgﬂ’G(a’t ‘ q, T<t)7

(g,7)€ER t=1

Lret(0) = log o (r7" | q)

(10)

the prompt and examples are in Appendix F.

5 Experiments

5.1 Dataset and Models

We train the models on Qwen2.5-1.5B-Instruct
and Qwen3-1.7B and evaluated them on BFCL-
V3. To assess generalization, we further tested the
models on ACEBench. Detailed training settings
are provided in the Appendix B.

5.2 Main Results

Based on Table 1, both Qwen2.5-1.5B-Instruct
and Qwen3-1.7B show negligible baseline perfor-
mance, highlighting the difficulty of multi-turn
tool-use without targeted training.

For Qwen2.5-1.5B-Instruct, SFT on BFCL
raises the performance floor, with subsequent
GRPO providing further refinement, while GRPO
alone yields no meaningful gains and its stochas-
ticity often causes catastrophic collapse, indicat-
ing that prior structural supervision is indispens-
able for agentic RL. Among supervisory signals,
Off-Policy Supervision and Hint-Based Guidance
offer limited benefits. KL divergence during syn-
chronous training is substantially higher than in



Model Method Base A MissF. A MissP. A LongC. A Average A
Vanilla 40 - 5.0 - 1.0 - 40 - 3.50 -
SFTgrcL 15.0 (+15.0) 4.0 (+14.0) 6.0 (+16.0) 7.0 8.0 16.75 (+13.25)
GRPO 0.0 (4.0 0.0 (5.0 0.0 (-1.0 0.0 (4.0 0.0 (35
SFTgrcL + RL 21.0 (+17.0) 22.0 (+17.0) 19.0 (+18.0) 7.0 3.0 17.25 (+13.75)

Qwen2.5-1.5B SFT1o01acE + RL 23.0 (+19.0) 23.0 (+18.0) 13.0 (+12.0) 10.0 (+6.0) 17.25 (+13.75)
OPS 1.0 3.0 3.0 (2.0 1.0 o 1.0 3.0 1.50 (2.0
HBG 0.0 (4.0 0.0 (5.0 0.0 (1.0 0.0 (4.0 0.0 (35
ETS 26.0 (+22.0) 25.0 (+20.0) 16.0 (+15.0) 13.0 (+9.0) 20.0 (+16.5)
PRS 31.0 (+27.0) 25.0 (+20.0) 26.0 (+25.0) 21.0 (+17.0) 25.75 (+22.25)
Vanilla 14 - 11 - 14 - 11 - 12.5 -
SFTgrcL 23 (+9) 20 +9) 23 (#9) 14 3 20 (+7.5)
SFTo0lACE 12 (2 10 1 5 9 8 3 8.75 (-3.75)
GRPO 2 (-13) 0 (11 2 (-13) 2 (-10) 1.5 (110

Qwen3-1.7B  SFTggcL + RL 0 14 0 11 0 14 0 ¢1n 0 (-12.5)
SFTo0iace + RL 0 (14 0 (11 0 (14 0 (11 0 (-1255)
OPS 0 (14 0 (11 0 (14 0 (11 0 (-1255)
HBG 1 13) 0 (11 1 ¢13) 1 (10 0.75 (-11.75)
ETS 26 (+12) 27 (+14) 19 &5 21  (+10) 23.25 (+10.75)
PRS 23 (+9) 22 (+11) 17 3 16 (5 19.5 +7.0)

Table 1 Experimental results on Qwen series models. Best results within each model group are highlighted in bold.
Detailed training dynamics of individual metrics are provided in the Appendix D.

standard RL (Figure 5), likely due to rapid output
distribution shifts when trajectories are not sam-
pled strictly on-policy, destabilizing optimization.
This calls for a more granular policy-update and
sampling synchronization framework. Process Re-
flection Supervision achieves the highest average
score (25.75), followed by Erroneous Trajectory
Supervision; notably, PRS’s reasoning-heavy for-
mat, though diverging from standard tool-calling
syntax, provides critical logical scaffolding that
enhances tool-use competence. These results
suggest interleaved training, decoupling SFT-like
structural updates from RL explorationis funda-
mentally more stable than synchronous training.

For Qwen3-1.7B, trends are consistent, but SFT
prior to RL does not yield strong improvements.
As shown in Figure 15, the model initially outper-
forms direct RL but eventually suffers catastrophic
collapse. Based on Section C, we attribute this in-
stability to the model’s “thinking” mode disrupt-
ing structured trajectory learning during training
sampling.

5.3 The Analysis of Learning Rate

We evaluate the effect of learning rate on Qwen?2.5-
1.5B-Instruct across training configurations in Fig-
ure 4. A conservative learning rate of 1 x 1076
yields decreased gains, suggesting that overly cau-
tious updates cannot stabilize multi-turn agentic
behaviors. Increasing the learning rate to 1 x 107>
improves SFT (BFCL), while SFT (ToolACE) ini-

Relative Performance Gains across Methods & Settings
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Figure 4 Results on Qwen2.5-1.5B-Instruct under dif-
ferent learning rate. The Y-axis illustrates performance
gains and losses relative to the Vanilla baseline (0.0
line), while the X-axis represents various hyperparame-
ter configurations and training stages, with + GRPO in-
dicating RL application on models trained ata 1 x 10>
Ir.

tially suffers from distribution mismatch but later
achieves substantial recovery after RL, indicat-
ing that RL can reactivate capabilities suppressed
by divergent SFT data. When combined with
ETS, the larger learning rate consistently improves
all metrics, showing that error-driven supervision
is highly sensitive to optimization scale. Over-
all, stabilizing multi-turn training may require
larger learning rates than those commonly used in
RL, which may explain instability in synchronous
training under shared learning rates.

5.4 The Analysis of Generalization

We evaluate model generalization under out-of-
distribution (OOD) settings using the original
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Format and Content OOD Content OOD

Method

Ad. Sw. sf. Multi Turn  Avg Ad. Sw. sf. Multi Turn  Avg
Vanilla 38.0 20.0 46.0 0.0 26.00 | 40.0 32.0 520 2.5 31.6
SFTgrcL 0.0 0.0 0.0 0.0 0.00 | 30.0 20.0 44.0 2.5 24.1
GRPO 320 240 43.0 0.0 2475 | 0.0 0.0 0.0 0.0 0.0
SFTgrc + RL 0.0 0.0 0.0 0.0 0.00 8.0 8.0 10.0 0.0 6.5
OPS 36.0 24.0 43.0 0.0 2575 | 20.0 16.0 50.0 6.7 232
HBG 28.0 20.0 42.0 0.0 22.50 | 0.0 0.0 0.0 0.0 0.0
ETS 100 0.0 25.0 0.0 875 | 26.0 220 36.0 2.5 21.6
PRS 16.0 80 240 0.0 12.00 | 26.0 30.0 43.0 42 25.8

Table 2 Generalization results of Qwen2.5-1.5B-Instruct on ACEBench. Left: Format and Content OOD. Right:
Content OOD. Best results are in bold, where Ad. denotes the Adjust subset, Sw. represents the Switch subset, sf.
indicates single function. Green background means containing isolated SFT stage.

ACEBench framework, which features unseen tool
types and prompt structures. Many prior studies
prioritize scenario generalization without format
generalization. We report both generalization axes
to analyze the role of supervisory signals.

Defining ID vs. OOD in our setup. We dis-
tinguish content OOD from format OOD. Content
OOD evaluates models on tool types and scenar-
ios absent from the in-distribution (ID) training
data. Format OOD is instantiated by ACEBenchs
fixed invocation template, whereas ID evaluation
(including training) follows Qwens native format.
Therefore, we observe a general performance drop
in OOD scenarios, caused by both factors. Experi-
mental results yield several critical insights:

Format- and content-sensitive overfitting
during SFT. In Table 2, SFT methods that ex-
cel in-distribution suffer sharp degradation under
Format and Content OOD in simple single-step
settings but not on Content OOD. This supports
our claim that standard SFT induces severe format
overfitting, tethering the model to training-time
syntax.

RL ““collapse” as a format artefact. Methods
that appear unstable during training (e.g., GRPO-

only, OPS, HBG) exhibit more stable behavior un-
der Format and Content OOD tests, while Content
OOD in same tool format experiments show de-
cline. This confirms that the observed instability
is format-specific (token-level probability shifts)
rather than a global loss of reasoning or linguistic
competence, as hypothesized in Section 4.3. The
Multi Turn results further indicate limited general-
ization during training.

Process-Level Regularization. While inter-
leaved training can degrade single-turn perfor-
mance, the integration of Process Reflection Su-
pervision (PRS) effectively mitigates this decline.
In addition, these results indicate that isolated SFT
stages are more prone to inducing format over-
fitting: while they can substantially improve in-
distribution performance, they often harm gener-
alization unless complemented with process-level
supervision. Unlike isolated SFT which prioritizes
output-format optimization, PRS encourages the
model to internalize the underlying logical scaf-
folding of tool use. This suggests that incorpo-
rating reasoning-heavy, process-oriented data dur-
ing the SFT phase acts as a crucial logical regular-
izer, enhancing the model’s resilience to distribu-



tion shifts in real-world agentic environments.

6 Conclusion

This work examines reinforcement learning for
multi-turn tool-use, identifying two key failure
modes: training instability and limited gains.
Naive RL can over-amplify control tokens, dis-
rupting structured tool use and causing collapse or
plateaus. We systematically study supervisory sig-
nal integration, finding interleaved training more
stable and effective than synchronous. We also an-
alyze learning rate, SFT data distribution, and gen-
eralization, offering a principled framework for
stable, effective agentic RL in tool-use settings.

Limitations

This work indicates and analyzes failure modes in
multi-turn tool-use tasks, highlighting the critical
role of specific tokens and investigating how differ-
ent intervention signals help mitigate these issues.
However, the training data used in this study is rel-
atively limited due to the limited open-source ver-
ifiable tool invoking environment, and the impact
of data scale on the results is not explored.

Ethics Statement

Our work does not introduce ethical concerns.
This paper utilized Al assistance for language pol-
ishing of the manuscript, including vocabulary cor-
rection and spell checking.
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A Analysis

The detailed classification of model output struc-
tures:

* Healthy Tool Call: Model output con-
tains a valid tool invocation: both open-
ing <tool_call> and closing </tool_call>
tags are present and correctly matched. The
internal action is valid, the structure con-
forms to the expected JSON schema, and no
stray <|im_end|> tokens or partial tags ap-
pear within the invocation.

Healthy Response: Model output does not
include any tool-call tags (<tool_call>,
</tool_call>) but ends with a valid end-
of-turn token <|im_end|>. The content is a
coherent natural language response without
extraneous or misused tool tags.

Text Polluted: Outputs with partially misused
tool-call tags, such as missing closing tags,
adding <think>, embedded <|im_end]|>
inside a tool invocation, or extra tags ap-
pended to normal text. Indicates structural
corruption where the model mixes dialogue
text with tool invocation tags incorrectly,
potentially causing protocol violations or
parsing errors.

Collapsed: Outputs consisting solely of the
end-of-turn token <|im_end|>, or cases
where all tool invocations collapse to just
<|im_end|> without any semantic content.
Reflects severe RL failure, where the model
short-circuits the interaction to maximize
reward or avoid penalties, producing no
meaningful action or response.

The more analysis results are in Figure 6 and Fig-
ure 7.

B Training Details

During RL training for Qwen3, we prepend
<think>\n\n</think>\n\n before each action to
disable the thinking mode. During gradient up-
dates, this prefix is removed, and only the gener-
ated content is used for optimization.
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Figure 6 The changes of token appearing frequency in the SFT then RL training process of model Qwen3-1.7B.
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Figure 7 The changes of token appearing frequency in the RL training process of model Qwen3-1.7B.

Type Example

Healthy Tool Call <tool_call>{“name”: “search”, “arguments”: {...}}</tool_call><|im_end]|>
Healthy Response The answer can be derived by first querying the database...<|im_end|>
Polluted Output The result is ...<tool_call><|im_end|>

Collapsed Output <tool_call><|im_end]|>

Table 3 Examples of different output types observed during multi-turn tool-use training.

Parameter SFT Parameter RL
Epochs 3 Total training steps 300
Train batch size 128 Batch size 60
Learning rate le-5 PPO mini-batch size 20
Max sequence length 8192 Learning rate le-6
Max turns per trajectory 30
Table 4 Supervised Fine-Tuning (SFT) configuration. KL loss coefficient 0.0001

The SFT and RL parameter configurations are Table 5 Reinforcement Learning (RL) configuration.

summarized in the Table 4 and Table 5. The ex-
perimental setups for the different supervisory in-
terventions are as follows: for off-policy supervi-
sion, 7 trajectories are sampled from the model

Instruct are 50, 100, and 150, while for Qwen3-
1.7B, they are 50, 50, and 100.

and 1 trajectory uses the ground-truth label; for
hint-based guidance, 6 trajectories are generated
normally and 2 are conditioned on hints. For inter-
leaved training, the RL rounds for Qwen2.5-1.5B-

We follow the BFCL reward design in all the
reinforcement learning with two evaluation types:
state-based and response-based evaluation. The
reward is 1 if both state-based evaluation and



response-based evaluation is 1, and it will be O if
not. State-based evaluation compares the backend
state after all function calls with the ground-truth
final state, focusing on tasks that modify internal
states. Response-based evaluation compares the
model’s execution path with the minimal viable
ground-truth function-call path, enabling evalua-
tion of read-only tasks such as querying stock or
weather information.

In RPS, we use gpt-5-mini as the auxiliary an-
alyzer to generate textual reflections. The prompt
and output example are in Appendix F.

C The Analysis of Qwen3 Training

We believe that the performance collapse observed
in Qwen3 after the SFT-then-RL pipeline is pri-
marily caused by inconsistencies in prompt for-
matting. Specifically, Qwen3 is designed to op-
erate in a thinking mode, where the model is
expected to generate an explicit reasoning seg-
ment. When reasoning output is disabled, the
prompt must explicitly include a placeholder such
as <think>\n\n</think>. However, during the
SFT stage, the training data contains only direct
tool-call outputs without this reasoning wrapper.
If, during the subsequent RL stage, the prompt
is modified to include the thinking-related tokens
while the supervised data does not reflect this
structure, a mismatch is introduced between the
SFT distribution and the RL sampling format.
This inconsistency can destabilize training, lead-
ing to structural drift and eventual performance
collapse. The results in Figure 8 demonstrate this
point.

D Detailed Evaluation

Since evaluation is conducted using the final
checkpoint, some models may demonstrate strong
performance during intermediate training stages
but fail to retain these gains at convergence. We
report the evaluation results in the training process
as follows. We can find the best performance dur-
ing the training process. The results of Qwen2.5 is
shown in Figure 9, Figure 10 and Figure 11. The
results of Qwen3 is shown in Figure 12, Figure 13
and Figure 14.

E Training Dynamic

The Training dynamics of Qwen2.5 are shown in
Figure 5 and Qwen3 are shown in Figure 15.
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F Prompt and Example

The prompt of RPS is in Prompt 1 and the example is in Example 2.

7

You are an expert in intelligent agent tool-use analysis.

Below is the erroneous interaction between a model and tools (including the ground-truth
tool-use sequence for reference). Your task is to provide a xxcomprehensive, layered, and
actionable analysis**, and **generalize to similar scenarios** to create augmentation data.
**Note:** You should write in natural language (not structured JSON), but every correct tool
call must strictly follow the raw <tool_call> ... </tool_call> format.

Inputs to be filled by caller:
- Available Tools: {available_tools}
- Model Interaction Log (Error Turn): {formatted_summary}

Your required outputs:

1. *xCore Error Analysis (must be first)*x*
- Briefly state the root cause of the error (1-2 lines)
- Provide 2-4 pieces of evidence from the interaction log to support your conclusion
- Provide one immediate and actionable fix recommendation

2. x*Generalization: Generate 3-5 similar scenariosx*

For each scenario, describe in natural paragraphs:

- One-sentence scenario description (what & why it occurs)

- The user request and necessary context

- A typical model mistake that might happen

- **The correct tool call sequencex*
(each step must use the raw “<tool_call>\n{{...}}\n</tool_call>" block, containing
exactly one JSON object with only “name”™ and ~arguments-)
What reasoning procedures can be borrowed from the current failed case
- What aspects differ and require different handling
- A brief validation strategy for confirming the fix (auto or manual)

The scenarios must cover different error categories:
- Missing parameters

Wrong tool selection

- Output mismatch

Timeout/failure

- Ambiguous request or multi-intent

3. **Provide one scenario that is similar but requires a different solution*x
- Explain the similarity (shared reasoning or decision features)
- Explain clearly why different tool(s) are required
- Provide correct tool calls in the same ~<tool_call>" format
- Provide rationale

4. x*Qutput style and quality requirements*x*

Natural language, clear paragraph structure

- No JSON schemas, no markdown code fences, no meta-explanations

- Tool calls must be valid JSON and executable

- Provide 1-2 acceptance criteria per scenario for filtering low-quality synthetic data

5. *xExample (format reference only, do not repeat unless needed)**:

<tool_call>

{{"name": "search_database”, "arguments": {{"query"”: "latest model evaluation”, "top_k": 5}}}}
</tool_call>

Please begin by analyzing the root cause of the provided error turn, then generalize to 35
similar scenarios (including at least 1 scenario that requires different handling).

Prompt 1 The RPS prompt




Turn 1

1) User intent understanding, correct behavior, and success points

- Intent: Price-check then book a business-class SFLA flight for Robert Trenton on 2024-11-25
using travel card card_3487 (access code 1293), and obtain an invoice to verify charges.

- Correct behavior: (a) get flight cost to confirm price, (b) book the flight with provided
card and access token, (c) retrieve the invoice for verification.

- Success points: All three tools were called in the correct order. Responses show cost $400,
booking_id 3426812 and transaction_id 45451592, and retrieve_invoice returned a consistent
invoice with cost and booking details. This aligns with the users intent and ground truth.

2) Mistake classification and root cause analysis

- Mistakes: None meaningful. Actions, arguments, and sequence match the ground-truth sequence
exactly.

- Root cause: N/A.

3) Improvement plan (corrected reasoning and ideal tool call sequence)

- Reasoning: Confirm price before booking to avoid unexpected charges; then book using
provided card and access token; finally retrieve the invoice to verify charges and record
transaction details.

- Ideal tool call sequence (matches ground truth and log):

<tool_call>

{"name": "get_flight_cost”, "arguments”: {"travel_from”: "SFO", "travel_to": "LAX",
"travel_date": "2024-11-25", "travel_class”: "business"”}}

</tool_call>

<tool_call>

{"name": "book_flight", "arguments”: {"access_token”: "1293", "card_id": "card_3487",
"travel_date”: "2024-11-25", "travel_from”: "SFQ", "travel_to": "LAX", "travel_class":
"business"}}

</tool_call>

<tool_call>

{"name": "retrieve_invoice”, "arguments”: {"access_token"”: "1293", "booking_id": "3426812"}}
</tool_call>

- Alignment: This is identical to the ground truth sequence and satisfies the users
requirement to book and verify the invoice.

Turn 2

1) User intent understanding, correct behavior, and success points

- Intent: Post a tweet on Robert Trentons travel account: "Loved my flight journey!" with
hashtag #TravelDiaries, then retweet it from his travel account to maximize visibility.

- Correct behavior: Before calling post_tweet/retweet, ensure the Twitter account is
authenticated (credentials or an authenticated session) and that the correct account is
targeted for posting/retweeting. If credentials or an authenticated account identifier are
missing, request them rather than calling tools.

2) Mistake classification (fine-grained) and root cause analysis

- Mistake classification:
- Missing Parameter / Precondition Check Failure: The model attempted post_tweet without
confirming authentication or asking for credentials.
- Incorrect remediation flow: After failed authentication attempt using wrong credentials,
the model tried retweeting (still unauthenticated), producing further errors.

- Root cause:
- The agent did not treat authentication as a required precondition; it attempted actions
without validating credentials or asking for clarifying information (username, which
account to use).
- It also attempted to remediate by guessing credentials ("user"”/"pass") rather than
requesting valid credentials from the user.

3) Improvement plan (corrected reasoning and ideal tool call sequence)

- Corrected reasoning: When a user requests an action that requires authentication but does
not provide credentials or indicate an authenticated session, the agent must pause and
request the missing authentication information (or ask the user to confirm which
authenticated account to use). No tool calls should be made until valid credentials or an
authenticated session are provided.

- Action to take now (at this turn): Ask for the necessary authentication details and account
identifier. Do not call any tools until the user supplies credentials or instructs a
currently-authenticated account to be used.




- No tool calls should be made at this turn. If the user supplies credentials, the correct
sequence (ground truth) would be:

<tool_call>

{"name": "authenticate_twitter”, "arguments”: {"username”: "john", "password”: "john1234"}}
</tool_call>

<tool_call>

{"name": "post_tweet"”, "arguments”: {"content”: "Loved my flight journey!"}}

</tool_call>

<tool_call>

{"name": "retweet"”, "arguments": {}}

</tool_call>

- How this aligns with ground truth and logic: Ground truth specifies that because of missing
parameters, no tool calls should be made; instead, the agent should request credentials. The
three-step sequence above is the correct follow-up once credentials are provided
(authenticate post retweet).

Turn 3

1) User intent understanding, correct behavior, and success points

- Intent: The user supplied Twitter credentials; authenticate with those credentials, post
the tweet, and retweet it.

- Correct behavior: Authenticate using username/password, post the requested tweet, then
retweet to amplify it.

- Success points: The agent authenticated successfully (authentication_status: true), posted
the tweet ("Loved my flight journey!"), and retweeted successfully. The returned post id (10)
and retweet success indicate the actions worked and satisfy the users request.

2) Mistake classification and root cause analysis

- Mistakes: Minor inconsistency only:
- The ground-truth post_tweet call used just content (no explicit tags). In the log the
tweet included tags in earlier attempts; the final posted tweet in the log did include tags
in earlier step but ground truth shows no tags in the tool call. This is a minor divergence
in arguments, not a functional erroruser asked for hashtag #TravelDiaries, so including the
tag is acceptable.
- The ground truth retweet call had empty arguments; the agent used tweet_id in the log.
Either form is acceptable depending on API design; using tweet_id is explicit and clear.

- Root cause: Small differences in how the API was used (presence/absence of tags field,

different retweet parameter shapes). These do not change outcome.

3) Improvement plan (corrected reasoning and ideal tool call sequence)

- Corrected reasoning: Authenticate with supplied credentials; once authenticated, post the
tweet exactly as requested (include hashtag #TravelDiaries if the user specified it), capture
the returned tweet id, then retweet that tweet to increase visibility. Confirm success and
return post and retweet statuses to user.

- Ideal tool call sequence (matches ground truth intent; any of the two retweet argument
styles is acceptable depending on APIhere we show the ground-truth calls and the explicit
tweet-id approach):

<tool_call>

{"name": "authenticate_twitter”, "arguments”: {"username”: "john", "password”: "john1234"}}
</tool_call>

<tool_call>

{"name": "post_tweet"”, "arguments”: {"content”: "Loved my flight journey!"}}

</tool_call>

<tool_call>

{"name": "retweet”, "arguments": {}}

</tool_call>

- If using the explicit tweet id returned by post_tweet (recommended for clarity):
<tool_call>

{"name": "retweet”, "arguments”: {"tweet_id": 10}}

</tool_call>

- Alignment: This aligns with the ground-truth successful sequence: authenticate post_tweet
retweet. The explicit tweet_id variant ensures the retweet targets the correct post.

Summary Recommendations (cross-turn)

- Always validate preconditions: check for required credentials or tokens before calling
authentication-protected tools. If missing, request them.

- Follow a predictable pattern for transactional flows: estimate cost confirm booking
retrieve invoice.




- When a user supplies credentials, authenticate then perform actions; do not guess
credentials.

- When API shapes differ (e.g., retweet accepting {} vs tweet_id), prefer explicit parameters
(tweet_id) if available to avoid ambiguity.

Prompt 2 The example of RPS
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