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» Current agent training corpora perform well on
held-in evaluation sets but show poor generalization
on held-out evaluation sets.

» Agent tuning efforts suffer from severe formatting
errors, often repeating the same mistakes for
extended periods. They cannot learn from
experience and are limited to memorizing existing
observation-action relationships.

Held-in Held-out

BN Agent-FLAN
EEm AgentRefine

Progress Rate(%)

Figure 1: Overall progress score
among 5 tasks. Agent-FLAN has
been trained on Held-in task.

a) Alfworld i b) Alfworld (action changed) ¢) SciWorld
Goal: : put a cool Lomalo in MICEOWEVE. .. 1 Grnal: © put a cool tomato in microwave., ., Croul: ... metal fork, which is located arownd the bedroom..
tvailable actions; ... take job)} from {recep) ...

! fvaslable actiony: .., go {oby} ...,

Ietion 3 @i countertop 1

terion 4. take fomato 1 from coumtertiogp |
Observation 4: You pick up the tomato ! from the
countertop |

$

|| Thoughs 6: the fork .. might be in the SERWES ...

fction 14: 8
A )

fecion o D QRN
fction 12 SRR
o

Figure 2: Example of parameter memorization in Agent-FLAN.
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We link agent generalization to self-refinement using feedback from the environment. A
capable agent should recognize mistakes, refine actions, and learn from errors to avoid
repetitive pitfalls and discover correct action sequences.

While existing agent-tuning work improve held-in agent performance, they
hardly generalizes the ability to new agent tasks. In contrast, our AgentRefine
does not depend on memorizing training trajectories but learns to self-refine
its mistakes and explore more actions and reasonable paths

Our experiments demonstrate that agent-tuning on normal trajectories
performs poorly to the small perturbation of agent environments, like the
action description. Refinement tuning exhibits greater robustness to
environmental changes.

Further analysis indicates the diversity of agent environments and thoughts
contributes to refinement tuning.
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Figure 4: The pipeline of AgentRefine data generation and refinement tuning.
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e Main Results

Method Alfworld BabyAl SciWaorld PDDL Jericho
Success  Progress  Success  Progress  Success  Progress  Success  Progress Success Progress
GPT Series
GPT-40 66.4 79.9 48.2 64.1 40 76.9 61.7 69.8 10.0 340
GPT-40-mini 373 65.0 36.6 51.9 233 49.8 25.0 49.1 10.0 28.5
LLaMA-3-8B Series
LLaMA-3-8B-Instruct 24 46.1 45.5 56.5 78 41.1 10.0 384 0.0 243
AgentGen 29.1 47.6 20.5 35.0 - 1.7 23.0 - -
AgentGym 61.9 76.9 473 614 18.9 47 7.5 1.7 16.6 0.0 129
Agent-FLAN 67.2 79.7 250 353 L1 109 8.3 255 0.0 10.1
AgeniRefine 448 638 375 50.4 14.4 426 16.6 378 10.0 323
Mistral Series
Mistral-7B-Instruct-v0.3 124 359 36 458 6.7 247 133 278 0.0 17.3
AgentGym 76.9 86.7 40.2 56.3 156 483 1.7 7.3 0.0 13.0
Agent-FLAN 776 87.6 15.2 21.0 0 6.7 0 3.2 0.0 0.7
AgentRefine 514 68.8 259 424 44 224 1.7 328 5.0 28.8
LLaMA-3-70B Series

LLaMA-3-70B-Instruct 67.2 75.2 48.2 61.8 422 754 55.0 79.8 250 46.4
Agent-FLAN 80.5 86.8 32.1 41.2 5.5 16.4 25.0 537 0.0 13.6
AgentRefine 67.2 721 4.6 59.7 17.7 46.4 383 58.6 15.0 372

Table 1: Main Results. The underlined text indicates that the training data is sampled in the same
environment as the task and is considered as held-in evaluation. We use the original result in Agent-
Gen and reproduce AgentGym and Agent-FLAN's results.
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® Ablation study

Method Alfworld BabyAl SciWorld PDDL Jericho
Success  Progress Success Progress Success Progress Success Progress Success  Progress

AgentRefine 48.5 61.5 37.1 51.7 7.7 33.1 21.7 374 5.0 26.2

- w/o refinement loss 40.3 58.8 348 45.6 44 22.7 20.0 374 0.0 16.1

- w/o refinement data 49.3 65.2 304 43.1 5.5 213 11.7 32.5 0.0 13.8

- w erroneous loss 299 439 232 31.6 33 19.0 8.3 283 5.0 18.4

Table 2: Ablation study of Refinement Tuning. This experiment is in the data size of 8000.

® Robustness Analysis

Model Alfworld Perturh Perturh Perturh, Perturb Perturbation 5 Average Sud
Success  Progress  Success ngmuu ‘im ngm\a ﬁm Pmpm %meu l’mgm Swccess  Progress  Success  Progress  Soccess  Progress
LLAMAS-8B-Instroct 24 6.1 231 456 246 450 179 45.1 179 451 24 a6.1 214 455 268 047
ApemGym 619 769 29.1 5.2 492 653 328 539 K8 482 59 287 KR 554 1997 16.66
Agent-FLAN 672 797 216 588 514 713 2746 535 522 679 1.5 19.7 169 585 2198 25%
AgeniRefine “s 6318 500 66.5 SIS 66.7 545 0.0 455 606 MR 638 485 (5.2 in 156

Table 3: Performance for different models across various perturbations.
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® Diversity analysis

Figure 6: The t-SNE fhgure among Agent-
FLAN, AgentGym, and AgentRefine’s

o

Figure 7: The similarity heatmap between
different environments in 6 sources,

Thought.
Model Alfworld BabyAl SciWorld Jericho
Success Progress Success Progress Success Progress Success Progress  Success  Progress

AgemtGym-greedy 61.9 76.9 473 614 18.9 475 1.7 16.6 0.0 12.9
AgentGym-BoN 99.3 99.3 73.2 87.2 589 85.6 16.6 42.1 50 22.2

A 374 224 25.9 25.8 40.0 38.1 149 25.5 50 9.3
Agent-FLAN-greedy ~ 67.2 79.7 250 353 1.1 10.9 8.3 255 0.0 10.1
Agent-FLAN-BoN 85.5 98.1 438 56.7 10.0 335 1.7 398 50 222

A 283 18.4 18.8 214 8.9 22.6 34 14.3 5.0 121
AgentRefine-greedy 448 63.8 375 504 14.4 426 16.6 378 10.0 323
AgentRefine-BoN 933 96.6 67.0 81.5 40.0 71.0 30.0 57.3 25 525

A 48.5 328 29.5 KN 25.6 284 134 19.5 15.0 20,2

Table 4: Best-of-N results among three methods.
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® Synthesis from open source model

Model Alfworld BabyAl SciWorld PDDL Jericho

Success Progress Success Progress Success Progress  Success Progress Success  Progress

Agent-FLAN 67.2 79.7 25.0 353 1.1 10.9 8.3 25.5 0.0 10.1

AgentRefine-DeepSeck 32.0 442 36.6 48.1 2.2 21.6 16.6 36.7 5.0 29.0

AgentRefine-GPT-40 36.6 55.9 33.9 44,1 1.1 314 18.3 37.9 10.0 28.8

Table 5: Performance on Different Synthesis Models, we synthesize 4000 data via deepseek-v2.5.
The underlined text indicates that the training data is sampled in the same environment as the task
and is considered as held-in evaluation

Method EM Fl

T . LLaMA-3-8B-Instruct 29.3 36.6

® Generalization in reasoning task AgentGym 280 374
Agent-FLAN 246 324

AgentRefine 37.0 446

Figure 8: Model Performance on reasoning
task, Hotpot QA.
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® Case study
{ a) Jericho 1 b) SciWorld
(" Goal: : You are prisoner on ship Zenon, locked in your cell. You need to S ! 1 i Goal; : metal fork, which 15 located around the bedroom. You can find the R
get out of your cell out into the corridor without getting caught. You could i | thermometer in the kitchen. ., If the metal fork is above 0.0 degrees celsius,
T T P U T U Lot L VS G S ' 1| _placeitin the orange box. . %
(Both 2 agents have found a key after some turns) { § (Both 2 agents are located in the Kitchen after some tumns)
Agent Flan AgentRefine ’ Agent Flan AgentRefine
| 1
- ) Y Actinn 2: go bedroom
. Thought 13: Looks like I got caught 1 | | | 7houghr 6: 1 need tolfiNaRESIGREN SRS . :
Thought n: There are HENSHGEN s M [ § g t : Observation 2: No known action...
available to escape from the ship, I % (|| RMSSMERENN: might be in the :
should - | | drawer or on the countertop, Thought 5: 1see that 'go bedroom'is | |
{ctlon 13: check valid actions | Action o SN not a valid action. 1 should IRANIENINE !
fction n: go o cell ot 0 another location felated 1o the sk |
Observation n; You can't see any "m“’ , 1 Shd Action ~: ISR Action 5: go hallwa
such thing. ‘ e Thought 6:

that might help me escape.
Actlon 14: Look
Observation 14: ...

Thought n+1: 1 can’t find the key in

the cell anymore. IESEEISINEION)

ction i+1: chieck valid actioas Thought 26: I'm being caught again. I
I

(repeat above action to the end)
Action 26: push guage

should interact with the pressure gauge.

dction 8: inventory.
Thought 12: The fork is not in the

inventory either. I've run out of
places to check.

dction 12: NSKIESINN

Action 6:fook around
Observation 6: ... A door to the bedroom
(that is open)...

S AN

Figure 9: Comparison case study on Jericho and SciWorld between Agent-FLLAN and AgentRefine. {
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® GPT-4 Judgement’s reliability ® Generalization between
general data and agent data
GPT-4 . BN w/o ShareGPT
Human Rignt “Wrong 5..; B ShareGPT
Right 47 9 e
Wrong 3 41 7
2
Figure 10: The comparison of GPT-4’s 7

judgement and human’s judgement. The
right column/line means human/GPT-4 con-
siders this turn doesn’t need to be refined.

The wrong column/line means human/GPT- Figure 11: The success rate by in-
4 considers this turn needs to be refined. )
corporating ShareGPT

Agent-FLAN AgentRefine
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In this work, we study the generalized agent abilities for open-source LLMs via agent
tuning. Current work performs well on held-in evaluation sets but fails to generalize to
held-out sets because of overfitting to several manual agent environments. We present
the AgentRefine approach to enable the model to correct its mistakes based on the
environment feedback. Experiments demonstrate that AgentRefine significantly
outperforms state-of-the-art agent-tuning work in terms of generalization ability on
diverse agent benchmarks. Our analysis shows that self-refinement enables the
robustness of agent capability and the diversity of agent environments and thoughts
further enhances the performance. We hope to provide new insight for future agent

research.
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