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AGENTGYM-RL

AN OPEN-SOURCE FRAMEWORK TOTRAIN LLM AGENTS FOR LONG-HORIZON DECISIONMAKING VIA MULTI-TURN RL
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THE AGENTGYM-RL FRAMEWORK

&.J OBJECTIVE: Tell me the full names of the repositories where [ made contributions and they got more than 100 stars?
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THE AGENTGYM-RL FRAMEWORK

# Stage 1: Generate responses # Stage 2: Prepare experience
task_ids = expand(task_ids, sample_num) batch = gen_batch_from_rollout_handlers(handlers)
envs = create_env_clients(task_ids, “webarena”, base_url) batch = actor.compute log prob(batch)

batch = reference.compute_ref log prob(batch)

Do in parallel: batch = compute_advantages(batch, method="grpo")
for (env, task_id) in zip(envs, task_ids):
env.reset(task_id) # Stage 3: Actor training
actor.update_actor(batch)
handlers =[
RolloutHandler().add user_message(env.observe())
for env in envs] 4 ™

Parallel \\
for i in range(max_rounds)
prompts = [h.get_prompt() for h in handlers]
responses = actor.generate(prompts)

State & Reward

results = thread_safe_list()
Do in parallel:
for (env, response) in zip (envs, responses):

[ Environment } ~

results.append(env.step(response)) Action
for (h, r, res) in zip(handlers, responses, results): K&; aii}
o

h.add_assistant_message(r)
h.add user_message(res.state)

h.score = res.score Update I | Rollout
N Training «
if all_done(handlers): break L___________J
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THE AGENTGYM-RL FRAMEWORK

« AgentGym-RLO| 7|& AgentGymOAM FAS &}, {H SHs d=4
AgentGym-RL2 Eh= benchmark 24 0| OtL| 2} LLM agentE RLE M X & A|7|7] I8t 8 =3 L|3A

—

1. Diverse scenarios and environments.

Web navigation, deep search, digital games, embodied control, and scientific task A[L}2[2 X|&

> &, AgentGym-RL2 &7 task StLIOf| Bt&E A[AEIO] OfL 2, 02| FF 2| long-horizon decision-making task& CHF
HAEHE A2

rr

2. Comprehensive algorithm support.
RL#¥ OfL|2} SFT, DPO, self-improvement £ 2 EX a5 &A= XY
> StLte| L e[F B st 40| OfL2f, of2] agent RL & &

3. Engineering optimizations.

= €2 AUHMO| A0 HlWStD ALEE = U

scalabilityE $I5l subprocess-based architecture2t 7§ =l environment initialization routine= =&
Reliability 5™ 0 Al = memory leakO|L} recursive implementation X8 I A FA|ZH 5t50| QP 2 SO0t7HA
4. Open-source availability and Visualization support.
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ScalingInter-RL: Scaling Interactions for LLM Agents
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ScalingInter-RL: Scaling Interactions for LLM Agents
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ScalingInter-RL: Scaling Interactions for LLM Agents
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Figure 6: Training rewards in different environments leveraging AgentGym-RL framework with the

ScalingInter-RL method.
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EXPERIMENTS

« RLZ I3 open-source LLM2| agent 50| 3 A 2EC}
Qwen, Llama Z2 open-source 22 =2 multi-turn agent task0| A ‘d&0| XNotA, AgentGym-RLE at&StH d&0| 3A 224

L2185 0| open-source LLM2| agentic intelligence E & & A| 71 Lk

Model NQ TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Overall
Proprietary Models
GPT-4o (Hurst et al | 2024) 20.0 70.0 30.0 30.0 320 10.0 34.0 26.8
Qwen-Max (Yang et al., 2024) 24.0 52.0 26.0 24.0 16.0 17.0 36.0 29.5
Gemini-2.5-Flash (Comanici ef al.,, 2025) 8.0 60.0 30.0 24.0 16.0 8.0 34.0 235
OpenAI o4-mini (OpenAl, 2025) 220 68.0 50.0 38.0 44.0 28.0 62.0 42.5
OpenAI o3 (OpenAl, 2025) 28.0 70.0 56.0 46.0 64.0 29.0 74.0 49.5
Gemini-2.5-Pro (Comanici et al., 2025) 22.0 62.0 38.0 28.0 48.0 19.0 56.0 36.5
Open-sourced Models > 100B
Qwen3-235B-A22B (Yang et al., 2025a) 28.0 54.0 30.0 32.0 22.0 14.0 32.0 283
DeepSeek-V3-0324 (DeepSeek-Aletal,, 2024)  28.0 60.0 24.0 28.0 18.0 11.0 34.0 26.5
DeepSeek-R1-0528 (DeepSeek-Al et al., 2025) 32.0 68.0 42.0 44.0 50.0 21.0 44.0 40.3
Open-sourced Models < 100B
Qwen2.5-3B-Instruct (Yang et al, 2024) 8.0 42.0 22.0 14.0 3.0 2.0 10.0 13.5
Qwen2.5-7B-Instruct (Yangetal 2024) 18.0 54.0 20.0 18.0 6.0 4.0 26.0 18.8
Qwen2.5-72B-Instruct (Yang et al  2024) 22.0 52.0 24.0 28.0 240 12.0 38.0 26.5
Qwen3-4B (Yang et al  2025a) 18.0 58.0 26.0 24.0 26.0 5.0 20.0 22.8
Qwen3-8B (Yang et al., 2025a) 26.0 44.0 26.0 22.0 32.0 10.0 32.0 25.3
Qwen3-32B (Yang et al., 2025a) 24.0 54.0 22.0 36.0 28.0 11.0 20.0 25.8
Llama-3.1-8B-Instruct (Dubey et al., 2024) 16.0 26.0 12.0 6.0 2.0 4.0 18.0 11.0
Llama-3.1-70B-Instruct (Dubey etal., 2024) 20.0 44.0 22.0 22.0 18.0 9.0 32.0 22.0
SearchR1-it-3B-v0. 3greollin et al., 2025b) 20.0 50.0 30.0 28.0 32.0 5.0 14.0 23.0
SearchR1-1t-7B-v0. 3agpollin et al., 2025b) 24.0 52.0 30.0 22.0 34.0 6.0 26.0 25.0
Our RL Models
AgentGym-RL-3B 30.0 50.0 30.0 30.0 46.0 4.0 12.0 25.8
AgentGym-RL-7B 44.0 64.0 32.0 40.0 36.0 15.0 26.0 34.0
ScalingInter—7B 52.0 70.0 46.0 42.0 44.0 14.0 240 383 11/33




EXPERIMENTS

» Scalinginter-RLO| Y&t RLELCH I L}

Scalinglnter-RLO| 2B AgentGym-RLELCH L&A 458 O =QlCt

Model NQ TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Overall
Proprietary Models
GPT-40 (Hurst et al _2024) 20.0 70.0 30.0 30.0 320 10.0 34.0 26.8
Qwen-Max (Yang et al., 2024) 24.0 52.0 26.0 24.0 16.0 17.0 36.0 29.5
Gemini-2.5-Flash (Comanici ef al.,, 2025) 8.0 60.0 30.0 240 16.0 8.0 34.0 235
OpenAI od4-mini (OpenAl, 2025) 22.0 68.0 50.0 38.0 44.0 28.0 62.0 42.5
OpenAI o3 (OpenAl, 2025) 28.0 70.0 56.0 46.0 64.0 29.0 74.0 49.5
Gemini-2.5-Pro (Comanici et al., 2025) 22.0 62.0 38.0 28.0 48.0 19.0 56.0 36.5
Open-sourced Models > 100B
Qwen3-235B-A22B (Yang et al., 20252) 28.0 54.0 30.0 32.0 22.0 14.0 32.0 283
DeepSeek-V3-0324 (DeepSeek-Al et al,, 2024)  28.0 60.0 24.0 28.0 18.0 11.0 34.0 26.5
DeepSeek-R1-0528 (DeepSeek-Al et al., 2025) 32.0 68.0 42.0 44.0 50.0 21.0 44.0 40.3
Open-sourced Models < 100B
Qwen2.5-3B-Instruct (Yang et al, 2024} 8.0 42.0 22.0 14.0 3.0 2.0 10.0 13.5
Qwen2.5-7B-Instruct (Yang et al 2024) 18.0 54.0 20.0 18.0 6.0 4.0 26.0 18.8
Qwen2.5-72B-Instruct (Yang et al 2024) 22.0 52.0 24.0 28.0 240 12.0 38.0 26.5
Qwen3-4B (Yang et al _2025a) 18.0 58.0 26.0 24.0 26.0 5.0 20.0 228
Qwen3-8B (Yang et al., 2025a) 26.0 44.0 26.0 22.0 320 10.0 32.0 253
Qwen3-32B (Yang et al., 2025a) 24.0 54.0 22.0 36.0 28.0 11.0 20.0 258
Llama-3.1-8B-Instruct (Dubey et al., 2024) 16.0 26.0 12.0 6.0 2.0 4.0 18.0 11.0
Llama-3.1-70B-Instruct (Dubey etal., 2024) 20.0 44.0 22.0 22.0 18.0 9.0 32.0 22.0
SearchR1-1t—-3B-v0. 3appollin et al., 2025b) 20.0 50.0 30.0 28.0 320 5.0 14.0 23.0
SearchR1-it-7B-v0. 3zrprollinet al., 2025b) 24.0 52.0 30.0 22.0 34.0 6.0 26.0 25.0
Our RL Models
AgentGym-RL—-3B 30.0 50.0 30.0 30.0 46.0 4.0 12.0 25.8
AgentGym—-RL-7B 44.0 64.0 32.0 40.0 36.0 15.0 26.0 34.0
ScalingInter—7B 52.0 70.0 46.0 42.0 44.0 14.0 24.0 38.3
> H&5| RLE ot AR 450 LEX T 4258 Zo|& HAIHLe R s2|= o5 HEO| § 2ty 12/33



EXPERIMENTS
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EXPERIMENTS
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Discussion

« Test-time Scaling for Agents
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Discussion

- PERFORMANCE OF DIFFERENT RL ALGORITHMS
:RLZ10e| &0 D2l 950] oA Zetk| =X

Table 2: Evaluation results of different
RL algorithms.

RL Algorithms TextCraft BabyAl SearchQA
Owen?Z.5-3B-TInstruct

GEFPO 75.00 93.33 25,75

EEINFORCE++ 28.00 70.00 13.25
CwenZ.5-7B-Instruct

GEFPO 89.00 92.22 34.00

EEINFORCE++ 73.00 84.44 24.00

GRPO7Z} TextCraft, BabyAl, SearchQAOIA] L&A O £
O] X}O| E advantage A4t A0 2 Aot

GRPO= StLt2| queryOf| CH3SH O8] trajectoryE THE 1,
1 W@ 2 baseline2=E ALE3l advantageE dvt =t
HtH REINFORCE++& batch tHe| @ &tE 317

N2 2N 2 2

| W§= 0l gradient varianceZt O

st 7] W20f 7HE trajectory®l outlier &

= 2 9lC



Discussion

« ABLATION STUDY FOR SCALINGINTER-RL

Table 3: Ablation study of ScalingInter-RL.

. hyperparameterE HHHE 450| |RX|k/=

| Interact Turn List

Stage Transition Frequency Performance

[5,8,10]
5,8,10]
5,8,10]
3,8,13]
g§,10,12]
5,10,15]
5,7,91]

> Scalinglnter-RLO| hyperparameter0| 21Zt5HX| QFCt
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Discussion

« APPLYING SCALINGINTER-RL TO MORE ALGORITHMS

Table 4: Applying ScalingInter-RL to more algorithms.

RL Algorithm Method TextCraft BabyAl SciWorld
Base Model i 4200 6667 1.50
PO AgentGym-RL-7B 6800 8666  10.83
ScalingInter-7B 7100 90.00  25.69
AgentGym-RL-7B 7300 8444  13.63
REINFORCE++ g - lingInter-7B 7700 8777  26.14

or

ScalingInter-RLE 2% 2 I 50| S22t
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Conclusion

« AgentGym-RL2 7|& agent RL && 7128 QEAA I3
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Robust Tool Use via FISSION-GRPO

: Learning to Recover from Execution Errors

" = o - " " == S <] I~ " I
« "SS H 2% LIM'EL, A MB[A0ME "E 2E0| AT S O o2 HAIX]E Olsstr S75t= LLM"O] €
JIE SEYe 0 87 5EE HOIE 2N e
. ,Q USER: Check status of flight JL-123.
 multi-turn tool use : —
ASSISTANT: get_flight_status (flight_id="IL-123"). :Et\
)éIX‘” §I_F7C:)| O'Hklf API 0.” E'I, I-%EIJ |. |. |E.| H|-3|1| AI-EH o timeout I-% _E_x-njl. régx TOOL_QUTPUT: ['status’: 'CHECKED_IN'}
The flight JL-123 is checked in and ready to go. JE:
=> &2 tool-use agent= "MSFH &= 2F"# OfL| 2t HI = self-correctiong & = Q' ruswz:errorTriceer
Q USER: Cancel this flight immediately.
=> =& 2 O|F "robustness”, £5| execution error recovery =X 2 ASSISTANT:cancel_fight(fght id=11-123), &
TOOL QUTPUT: Error 409: StateConflict.
Status is CHECKED_IN. Must be OPEN.
TURN 3: HALLUCINATED FIX
] 7|—7|:— g?‘% 9_| 61‘71' ASSISTANT: cancel_flight (flight_id="1L-123', force=True) ,]:.::
o |: N L TOOL OUTRUT: Error: iI:anceIT‘Fllgh‘t got
- offline synthetic error-correction datasets ZF=0] f5A|7|= &4 mpesiel erpmt e
TURN 4: REPETITIVE HALLUCINATION (COLLAPSE)
. E% Ol C—>|EE|D|_:IA-| AEIX-”E LHE O_" E_I = 7|_ 7:”)\ H|-J|1|7| [[H_E_O_" %L%l. mlsmatCh ASSISTANT: cancel_flight (flight_id="1L-123', force=True) ’1:(\
TOOL QUTPUT: Error: cancel_flight got
—_ unexpected argument 'force’.
- RLEAZ HIE O 2 rewardE NE| e
o P SRR T EEEE LSS X FAILURE —-------—---
O A DX OF st=X|0f Chst 7LX| A Q1 supervision2 EHX| 2%t
(a) Typical failure: an API error triggers a hallucinated
retry loop.
execution errorg thae HIi7F OfL 2} gf5 7tsth Y2 = HH A}
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Robust Tool Use via FISSION-GRPO

: Learning to Recover from Execution Errors
- HH AP 2HE0| M= of 2{7F Lt THEHO| B 7t invalidSH K| 22, A|AR 2PERZE O &0t ChE2A| HHE
- failed trajectoryE H2|X| 1 1 MI|Of| CHSH Error Simulator?t ZIGH D EM S E0{ {22 corrective training

instanceZ2 Tr=11, 11 HEfO|A {2 recovery rolloutE CiA| HEE

=>» FISSION-GRPO

o
ga|
Il

- StLte] M7t o3| |7 A|=E “fission” k0] dense training signal

» Contribution
- execution error& on-policy corrective training instance2 H = Fission-GRPO framework
> AWM O Z sparse negative reward StLtE ELF= A0| OfL|2f, HIH StLEZt densett b5 M2 2

HHE

o

- target answer2 A% FHSIX| YO MHA HAX QI diagnostic feedback= 2 5t= Learned Error Simulator

- BFCL v4 Multi-Turn, TAU-Bench, TAU2-BenchO|A] d& &2 E U LCt= empirical validation
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FISSION-GRPO

 Preliminaries
GRPOE backbonel ZE AtE

» Reward Design

N 1
reward% El_l-%-é-l 'lg_g/)éIEH"E —7|SX| (L)-c-,l-'_lj_, A‘” 7|‘X| _9__4\_% o|=||-7é! R[T.- t] = E[wfm!{t}Rfml(T} r_:.r:rT[ }-'Rr.mr[ )+RIEJL{T}]

1) Format Compliance
tool callO] XML/JSON schema €2 2+ @AM Z & M2 =X, binary reward

otE RHHY= format2 & XF= A SRSIEE w_fmtt)E IAAH T2, A0 5 O H|F 2

=
= O

o

2) Functional Correctness
HH 2 user intent0f] X+ tool2 SEW =X
function nameO| %-=7}0.5) parameter 4t0| X7} (0.5)
3) Efficiency Regularization
EHO|L} reasoning0| L5 ZO{ X|HL} O|&StA HtEE[= AS U7 ot 20| reward

=8 Zo[o 7MtesE =10, HF AL 28 ROtX[= piecewise Gaussian function

o
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FISSION-GRPO

* FISSION-GRPO Framework
3-stage

standard GRPO exploration — error identification & synthesis — fission-based corrective update

Stagel:Standard GRPO Stage2:Error Identification & Stage3:Corrective Batch Training recovery roIIout— Al % E<_>| _C‘)_I'_T'_
Sampling & Update Corrective Sample Construction (Fission Occurs !) Ol = Ol (o H I:I'Al licv= o E:”O|
= olicy= Ho ‘
ot Tt Tt T T L _ =~  Recursive FissionLoop . _ _ p
I ! - (Optienal, if new errors R'<d) - AT
I L4 A
! Rollout
1 R 5 | " . Query x| 7y | Feedback; Rﬂsamp]e o 1-;
: Sample/G Lkt Identify B - G rollouts /-~ -
I E . Input : &. T2 Corrective ! (T -
, rollouts ETCHE T Sample _.-J using s N = —
! 1 Standard Ok, < Pk ; 4 Tag -g T
' *fﬂiuilﬁ GRPO — - Co :ect' e 2 ¢
Policy U Update Samrple I::ml T24 E [:
Ql-ll.uri')_,_ Model — 9 84 Error 1 . ] Ié,l'; Batch Trigger ” oy
2~ - Simulator H U %% (Size=2 Reached!) . (- R
_, Rollout . avie 4 Taa g
& T, Hy > 8 . .E
: Identify - Accurmulated: 2 o ! g 5
) Errors Input: &, Ty T \E&amp & =
] - L , Corrective [ 7 L—— G rollouts ¢ o
I . Rollout QH[ <4 Feedback, | Sample U using ms
| T, By < & /
1 Query x| 7 | Feedback,
I
: " ~ - Recursive Fission Loop " ’
i " (Optional, If new errors R'<d)
Core Fission Mechanism: 2 Errors (Stage 2) —2 Corrective Samples— 2 x 4= 8 New Rollouts (Stage 3)
cllo ClA S al a O L ATl S ol= d S
> BEA2 thed| dE trajectoryfh H| 2= Z10| OofL| 2}, HIff £ FSF5t= WHE 2 24133
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FISSION-GRPO

« Stage 1. Standard Exploration and Update
23 query x7t 2 2™ Xl policy mOAHA G7H| rollouts MEE

Zt rolloutOf CHoH Ol A HO|$t reward, & format compliance, functional correctness, length reward S 7|4t

2|
BOHOlE

< OJ7|M MEZE 2 E trajectoryS Stage 22 HZ - 95 AT o&5t= A ofL et Mgt HES UE FHOILHA corrective trainingO|
AtE3t7| ?/5H >
« Stage 2: Error Identification and Corrective Sample Construction
MIY St trajectoryE &OFAM, O 2 CHA| 8t& 7SS corrective sample2
F7tX of2] Et
1) Format error
tool call @A XtM| 7} E2l H2 (ex. JSON schemaZt T 7Lt parser?t Y12 &= Q&

2) Semantic error

1}%s

EH)

Al 2 BEX|BF functionO|Lt parameter/t E2 8%

ot
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FISSION-GRPO

« Hybrid Feedback Synthesis
TtE=95| “reward 0F"2 = A otL 2l 20| B = UL F diagnostic feedback2 BH=0{&F
- format error
parser/compiler-style feedback X & “schema’ EX L}, "BE7} 234 CH = deterministic error message
- Semantic error
Learned Error Simulator AtE
simulator: Qwen3-32BE SFT, runtime environment?t & ot &1 X XM QI error messageS 44
I simulator?t ‘A2 A2 Y2{F== Al Ot 2f, A A 2l runtime feedback M E =+ 2l ER == & Kot

» Corrective Sample Construction N :
Lcorr = [:1:,, Terr; f]

=

A Il trajectory terr2l feedback 7} 7| ™, A{EF corrective contextE Tt
el CHeh x Fofl I3t tool call} diagnostic feedbacks Bt=O0{A 2EZ CHZ rolloutd|M " a ff EX=X["E 210 CiA|
A= 5HA

O| corrective sampleE+< B_corr2t= LIFO buffer0 X%
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FISSION-GRPO

« Stage 3: Corrective Batch Training
LIFO buffer0 corrective samples?t S&3| &0[H, 7}& Z[Z2 corrective contextE2 7H'H

2|30 2 corrective context x_corr®| CHSH CHA| 42 7H2| rolloutS ME &

{71}§21 ~ mo(- | Zeon)-

StLtol MIf At ZF G'7H2| recovery attempt2 “& & (fission)”
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Experiments

Method | BFCL v4 Multi-Turn | TAU-Bench | TAU2-Bench
| Overall Base Miss Func Miss Param Long Cix | Retail Airline | Retail Airline Telecom

R - H.= Qwen3 scaleO|A FISSION-GRPOZF GRPO % LCHE post-training
Base 7.80  10.00 11.00 8.00 2.50 6.1 14.0 7.9 12.0 25.0 baselineE |:|. XI_-l |:||_} Jg—ll oz _Zé_E |:|.
GRPO 17.12 22.00 18.50 15.50 12.50 7.0 20.0 8.5 12.7 325
DAPO 16.00  22.00 17.00 14.00 11.00 8.7 18.0 6.7 14.0 28.3 L .
Dr.GRPO 1612 1950  17.50 14.50 1300 | 78 220 | 94 153 325 *  Qwen3-8B FISSION-GRPO= BFCLO{A ToolACE-2-8B, BitAgent-
FISSION-GRPO | 20.38 29.00  18.50 16.00 18.00 7.8 24.0 8.5 16.0 375

8BE Lt Z+Z} 9.75%p, 9.00%p =Ct

Qwen3-4B Models

Base 1937 2450  19.00 14.50 1950 | 191 260 | 228 200 225 => 5, specialized tool agentEEfE 2k Qwen3 7t
GRPO 3638 4650  34.50 27.50 3700 | 200 240 | 272 260 375 N N

DAPO 3825 4850  36.50 28.00 4000 | 217 320 | 281 240 300 FISSION st&50| o 43t

Dr.GRPO 3475 4300 3450 27.50 3400 | 209 220 | 237 260 350

AWPO 3875 4300  39.50 36.50 3600 | 270 220 | 298 280 400

FISSION-GRPO | 40.87 5150  42.50 30.50 3900 | 374 300 | 290 320 425

External 8B Agent Models Specialized tool agent

ToolACE-2-8B 37.00 47.00 31.00 28.00 42.00 0.9 4.0 8.2 26.7 26.7
BitAgent-8B 3775 46.50 37.50 24.00 43.00 2.6 6.0 6.1 37.3 6.7

Owen3-8B Models

Base 2875  35.50 37.00 22.50 20.00 35.7 232 29.8 28.0 40.0
GRPO 42,75 50.50 41.00 36.00 43.50 39.1 36.0 28.1 26.0 52.5
DAPO 43.12  54.50 44.50 29.00 44.50 45.2 20.0 342 26.0 41.5
Dr.GRPO 4488  55.00 45.00 32.50 47.00 47.0 28.0 395 34.0 35.0
AWPO 44,50  53.50 41.50 40.50 42.50 43.5 30.0 325 26.0 45.0
FissioN-GRPO | 46.75 57.50 43.50 38.00 48.00 51.3 40.0 36.8 32.0 55.0

Table 1: Main results on BECL v4 Multi-Turn, TAU-Bench, and TAU2-Bench. BFCL reports overall and category-level accuracy
(%), while TAU-Bench and TAU2-Bench report pass@1 (%) under simulated-user interaction. The best result within each
model-size group is highlighted in bold; rows shaded in blue denote our proposed FISSION-GRPO.

28133
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Experiments

(Qwen 3-8B GRFO Qwen 3-8B Fission-GRPO

(a) Error Recovery Rate
T0% =
" 60% -
E . 50.6%
= 5009 = 51 51
- ., 40.4
:‘5’ 40% = 345 3amm 5.1
o
é 30% -
=3
E 20%% -
j£4]
10%
0% — T
Missing Missing Base Long
Parameter Function Context
(b) One-Shot Success Rate
o 40% -
E 314 3.5%
313%
B 300 - 28 59 29.5% 28.5%
g 1w 235 i
Z 20%-
=
w
2 10% -
=
T —
Missing Missing Base Long
Parameter Function Context

Figure 3: Performance decomposition on BFCL v4 Multi-
Turn (Qwen3-8B).

« Error Recovery Analysis
Error Recovery Rate: 520 error7t M =0 2= 433 HE

One-Shot Success Rate: error $10| H}

Of| A

N2

FISSION-GRPOZ| ‘d& 42 FE Error Recovery Rate 24}
ot

=27t M2 one-shot aH0| S| MEX| AUCtE A

N2

S FISSION-GRPOL "X SHE| Qts| = =2"2 ztojH o

OfL| 2}, error preventionDt error correctionS & 7HM ULt

™A error recoveryZt S &l |

Base: 7|2 tool-use A|LI2|2
M.Func: Missing Function 25 A&l
M.Param: Missing Parameter 2 & A&}
Long: 7| ZEAE/ LB =X %

O o

-
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Experiments

Method Avg. Base M.Func M.Param Long

Owen3-1.7B

GRPO 17.12 2200 18.50 1550  12.50
Static 17.75 2350 21.00 1550  11.00
Dynamic 20.38 29.00 18.50 16.00 18.00

Owen3-4B

GRPO 36.38 46.50 34.50 2750  37.00
Static 37.25 50.50 34.00 28.50  36.00
Dynamic 40.87 51.50 42.50 30.50  39.00

Owen3-8B

GRPO 4275 5050 41.00 36.00 4350
Static 44.00 53.50 43.00 3550 4400
Dynamic 46.75 57.50 43.50 38.00 48.00

Table 2: Ablation on feedback quality. Static denotes Fis-
sion training with generic error prompts; Dynamic uses our
simulated feedback. Avg. denotes overall accuracy; M.Func
and M.Param denote missing function and missing parameter
errors, respectively. The best result in each panel is in bold.

» Impact of Feedback Quality

Fission 7t XM 7t SR FHX|, OFL| ™ Error Simulator?t £2 feedback2 FHAM T Hs0| 22
AX|
- GRPO : &8t GRPO, explicit recovery training Si&
- Fission-Static : fission2 StXA| 2t 2= error0 generic message At&
- Fission-Dynamic : =&2| full method, Error Simulator?} context-aware feedback ‘44
- Statice GRPOELC ZOIF

- fission resampling & AtN|7} 72 5Lt
«  DynamicO| Static2Ct O £&

- generic feedback 2Lt 74| & 1 diagnostic feedbackO| semantic error, £9|
Miss Param1t Long Context correctionOf & &1HH
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Experiments
Dimension In-domain Out-of-domain A
Localization 4.21 3.97 —0.24
Actionability 4.26 4.12 —0.14
Non-leakage 488 483 —0.05

Table 3: Error Simulator cross-domain evaluation (1-5
scale). The simulator maintains high quality on unseen do-
mains with minimal degradation.

- Localization: 2F @[X[/2¢l2 H=35| H=7

- Actionability: 20| 1 I =4

o
=
- Non-leakage: HE tool call& AHZE LqF

 Error Simulator Analysis
MZ 2 domain0| = generalizeSt=7}?

M tool callg FHSIX| L=712

« domainO| HHY O = T== 52H0| XL 0.242 Z 11, Non-leakage= A2l FX|
« human annotation®| A = 1007 output & 96%7} strictly non-leaking2 2 TGt
> simulator?t "H Y2 Y2 F= teacher"7t OtL| 2} "H HE Ol error messageE

F £ simulator'Z S 3= X
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Accuracy (%)
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30
154 T Base «+#=+ Miss Param
Miss Func == Long Contexi
20 T

T T T T
1 A 3 4 5

&

=g Oyerll -,

.

B £ 10

Correction Trigger Interval N (steps)

Method Avg.

Base

M.F M.P Long

GRPO (432 upd.) 41.75
Fission (432 upd.) 46.75

56.50
57.50

40.00 29.50 41.00
43.50 38.00 48.00

GRPO (312 upd.) 43.75
Fission (312 upd.) 46.12

53.00
53.00

44.00 31.50 46.50
48.50 36.00 47.00

Table 4: Compute-matched comparison on BFCL v4 Multi-
Turn (Qwen3-8B). Both methods use identical total update

steps.

« Trigger Frequency and Compute Efficiency

errorZt -84 WOFCE corrective rolloutg F7t2 MESIEE compute overhead =X

M

A
o=
2 A MA=2 correction trigger interval N& =&
7 HFAH

EOF

mot

N: N2 correction update?t £|2 & global step ZtA2 2

rr

+ UEX

o E2.FZ7t HEO| NOA = Hs0| QHHA™O0| X8, correctionO] HE EE0{X|H HMs0| o &
> St

—

parameter-level error2}l long-context state tracking error?} timely correction0ff £3| 2|

I

«  Compute-matched H|!
G' = GE 50 fission update?} standard GRPO updatel| H|& 2

] =
JCI-T—_'I—I o

update step= S5t~

compute budgetO| A = FISSION-GRPOZ} GRPOE A% 0| Z
> 85 &A0| T3] computeE O WA AZ1 A or gt

training budget= # Xl policyQ| failure mode ZF2 2 O & HIE37| 2
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Conclusion

7| tool-use RLZ execution errorE FZ£ sparse negative reward2 X 2|
« OSX[ZF A multi-turn agentO| A= 0|2 0| R A& HXM =X O[55t1 E45t= 5=0| SQSILL
 FISSION-GRPOE failed trajectoryOfl diagnostic feedback2 =0|1, 0 2{ recovery rolloute £ 2|

« O] =22 tool-use agent &+59| =H™=

F

o
rf>

"avoid errors"0| Al “learn from errors" &
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Challenge  Definition Pass Criteria Fail Criteria Example

Category

Inference This metric evaluates The model If the model In a conversation

Memory the model’s ability to  successfully shows any about a dinner date,
retain and accurately recalls and indication that it the user mentions
reference SPECIFIC integrates the forgot or their girlfriend is
information from necessary misremembered  allergic to nuts. In a
previous turns in the context from key details from later turn, when the
conversation, earlier turns, previous turns, user asks for food
especially from making its leading to recommendations,
multiple turns ago. responses incoherent or the model suggests
The focus is on how  coherent and contextually dishes with nuts as
well the model can contextually inconsistent ingredients,
remember appropriate. responses, it forgetting the allergy
SPECIFIC details, would be mentioned earlier.

facts, or topics that
were discussed
earlier in the
dialogue and bring
them up when
relevant in later
stages of the
conversation.

considered a
failure on this
challenge
category.
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