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Multi-task Learning
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Figure 1: The illustration of four different training strategies in this paper.
Data Scheduling Formulation

Jschedule (0) = Eqp.... [w(g, t) - (original objective term for g)]

w = rank(a)% - Wmax + (1 — rank(a)%) - Wmnin.

N
Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026. \ =

ACC-based Scheduling
a(ACC(q), ) = (1 — 7(t)) ACC(g) +7(t)(1 — ACC(q)) ‘@
[ Tencenr |
S



Potential Samples (n=100)
ant Samples (n=100

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.



I Re—Schedule Hix

Reasoning Tree Schedule (Re-Schedule)

query g dataset D

200 tokens |« .

-

-
B
-
-

r score

~— ‘ — MAXN+CN |N*|=M Zme)\/’* R(n”)

maximum potential accuracy
gain achievable within this
limited editing budget

[

Trdini;lg weight
a(R(g),t) = (1 —~(t))R(g) +(t)(1 — R(q))
w = rank(a)% - Wmax + (1 — rank(a)%) - Wmin

objective function

Tschedule(6) = Equp,.. [w(g, t) - (original objective term for g)]

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.
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Niodd AIME24 AIME25 AMC23 MATHS00 Minerva Olympiad Avg, Model AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Avg.
Qwen2.5-Math-7B _ 13.8 53 44.6 39.6 9.9 138 212 Quen2s-7B 3.1 2d 03 44 2.9 135 149
Classical RLVR Methods GRPO 15.6 Cl: sssmal Rg ? Meth‘;(sisz 386 404 407
GRES 280 13 662 el 315 409 443 g Rt 700 157 88 657 760 338 387 398
SimpleRL-Zoo 25.2 13.4 70.6 78.6 37.9 38.4 44.0 OPO 16.6 8.4 646 746 316 403 394
Eurus-PRIME 20.9 130 652 79.8 37.5 40.6 428 Scheduling Mefhiods
i ad B4 JLaai ALl LB . R Ve w—" 167 98 686 790 342 394 413
Scheduling Methods LPPO 15.8 9.4 64.0 76.8 35.3 36.7  39.7
ACCsigmoid 315 15.6 70.9 80.8 38.6 422  46.6  Seed-GRPO 13.3 6.0 63.3 76.6 324 363 380
LPPO 32.8 149 633 79.2 39.0 406 450 Our Methods
Seed-GRPO 30.7 140 710 80.0 38.2 385 454  Re-Schedulepnee, 184 122 686 804 a2 21 438
Dur Methods Re-Schedulesigmoia 182 140 692 810 4.5 433 445
Re-Scheduley;,cqr 342 15.6 72.4 81.2 36.4 42.5 47.1
Re-Schedule,igmoia 352 160 723 82.2 423 444 485

Selected Models across Datasets (c)

a0 Model
ALFWorld | WebShop
Type
_ Pick Look Clean Heat Cool Pick2 Al | Score Succ.
=
é GRPO [24] 90.3 83.3 84.2 70.0 69.2 550 753 | 73.1 64.1
g GIGPO [8] 93.5 83.3 78.9 86.7 76.2 85.0 83.9 | 835 75.8
= HGPO [10] 92.3 91.7 77.8 933 85.7 739 858 | 884 778
Ours 92.3 100.0 889 100.0 76.2 826 90.0 | 89.5 80.1

Minerva Olymplad
Dataset 7

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.



Training Process

04 -
i v e e e e e =
| 0.3
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A Token-level Gradient Reweighting Perspective for Shaping Policy Entropy

® Class 1: Clip-higher

Method

Intervention

DAPO /DCPO
(Yu et al} 2025)
(Yang et al.|,[2025b)

0, Ai,t > (0 and Tit >1+4+ Eh.igha
]Ichp -

® Class 3: Entropy-Aware

“méidyantage

0, A',!;,t < 0 and it <1- Elows

" Intervention

otherwise

?

® Class 2: Positive-Reweighting

Entropy Advantage X
(Cheng et al., 2025) A;;=A;;+min (oz . Hgftt“h, L;‘l) , a>0,k>1

GTPO 2.,

(Tan & Pan|[2025) R:=Ri;+a for R;; >0

Method Intervention ' ‘ ’ ’ LS M,
Unlikeliness R
(He etal,, 20253) R = Rig (1— Banc S0, B > 0
W-REINFORCE
O hu ) A0 Why and how they work ?
1 t
Policy Gradient:

Vo J(6) =

Token Gradient Reweight:

=
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Entropy /N
Dynamics l_l'l_l
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Token-level

Entropy Change

Remark 1: Accurate Estimator

Model  Method MSE| PCCt SRCCt
Mah15B g >0 O s
Qwen-7B 8?1\;'8 ngi _{—_I—(;)gg :(;)'i[']g
Mah7B o e e

Table 1: Accuracy of entropy change estimation: the
baseline Cov vs. our estimator.

The Estimated Entropy Change:

Ietip A
Q( cl

a 7 p
=7 Em<-|s>[ o

Remark 2: Four Governing Factors

79(1 — 7T9) (log Ty + 7'[(8))

2

Remark 3: Entropy Change Direction

Positive Samples

4 Alals)

Clipping Advantage unlikeliness // Clip-Cov \
Ny S e DAPO W-REINFORCE
00 O S \
In | I mo(als)
Low III | IV High
Probability Probability
C Iip—Cov\
T H
Token fE& 21405 Negative Samples
Encourage high Entropy Encourage low Entropy

Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rlvr: An entropy change perspective. In ACL, 2026.
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Clip-high contributes to entropy increase, while
Clip-low contributes to entropy decrease.

= ) ) a8
Entropy Effect of Clip-Higher ) | Entropy Effect of Re-weighting Positives
@ Clip-High 2000 w L= —— Enigh=0.1 — fow=01
£100 —— Clip-Low £ Ehigh = 0.2
S Ehigh = 0.5
% 50 s =038 ~ WJ Training on positive
L — el & —— Negatiueanly samples leads to
S T T st T g T £0.2 GRPO entropy decrease ,
(a) Clipping statistics (b) Entropy effect of nign (c) Entropy effect of €iow - - : while ’rmining on
0 10 4 .
Step negative samples leads

\.

(d) Positive/Negative-only

to entropy increase.

®

High-entropy tokens tend to induce larger entropy changes

Figure 4: Entropy change as a function of entropy.

ntropy Effect of Entropy-aware Advantage
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Figure 5: Entropy dynamics with entropy-aware advan-
tage on Qwen2.5-Math-7B backbone.
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The design of STEER
e design o Method ]Iclip uy, A H(S)
Adaptive token reweighting:  Q(s) — A(s)Q(s) DAPO 4
Unlikeliness v o/
Reweighting by a simple exponential decay function: W-REINFORCE 4
Entro. Adv. 4 v
()
A(s) = exp( —a - KL Reg. v
maxsep [€2(s)| Entropy Reg. v
| Edge-GRPO v
o >0 —> the hyperparameter controlling the decay rate Forking Tokens v
Clip-Cov 4 v
Hyperparameter: Amin — eXp(_a) % )\(3) = [Amin) 1] STEER / / \/ /
a The advantage of STEER A Table 2: Factors that governing entropy change consid-

: : : : ered by existing entropy-intervention methods and ours.
» monotonically decreasing with the normalized entropy change y 5 2

> all weights remain strictly positive Existing strategies involve qualitative "
» the weights of most tokens are 1 adjustments to only one or two factors,
X » only one hyperparameter )‘ while STEER includes all factors. ==

o
Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rlvr: An entropy change perspective. In ACL, 2026. % =
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Method AIME24 AIME25 AMC23 MATHS00 Minerva Olympiad Avg.
Qwen2.5-Math-7B 13.8 5.3 44.6 39.6 9.9 13.8 21.2
Classical RLVR Methods
GRPO 28.0 14.3 66.2 78.6 37.3 40.9 44.2
SimpleRL-Zoo 30.8 14.2 65.4 79.2 37.1 40.8 44.6
Eurus-PRIME 20.9 13.0 65.2 79.8 37.4 40.6 42.8
OPO 32.2 13.4 71.5 82.2 38.2 41.0 46.4
Entropy Intervention Methods
GRPO w/ clip-high 31.7 12.8 66.8 79.0 38.6 39.3 44.7
GRPO w/ Entro. Loss 29.1 14.0 67.6 80.0 38.2 37.9 44.5
GRPO w/ Fork Tokens 31.9 14.3 65.5 79.2 37.1 40.9 44.8
W-REINFORCE 29.2 12.0 64.9 79.2 37.8 40.9 44.0
Entro. Adv. 27.0 13.5 70.2 79.6 36.8 42.8 45.1
Clip—Cov 325 12.9 68.4 78.0 40.8 41.3 45.7
KL—Cov 32.8 14.1 64.2 78.8 37.1 394 44.4
STEER (Ours) 36.2 16.1 72.1 82.2 41.7 43.0 48.6

Table 3: Benchmark results of different methods on Qwen2.5-Math-7B. We report avg@32 for AIME24, AIME2S5,

and AMC23 and avg@1 for other datasets. All results are presented as percentages.

Method AIME24 AIME25 AMC23 MATHS500 Minerva Olympiad Avg.
GRPO 31.6 12.8 66.7 79.0 39.3 40.1 44.9
Entro. Adv. 34.8 13.4 64.3 77.6 370 39.9 44.6
Entro. Loss 32.7 14.7 71.3 79.0 36.8 414 46.0
Clip-Cov 30.4 14.0 72:3 79.6 k8 | 41.7 45.8
STEER (Ours) 36.1 16.0 76.3 80.5 39.5 42.3 48.5

Table 6: Performance on test datasets in extreme scenarios.

Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rivr: An entropy change perspective. In ACL, 2026.

r

Dataset Method 3B 7B 14B
GRPO 39.7 401  42.6
Internal < rER 412 419 451
GRPO 174 220 223
Zeta
STEER 193 240 241
GRPO 244 285  29.3
LCB-vS  STRER 249 292 318

Table 5: Performance on real-world coding tasks.

—— Clip-Cov

0.5 GRPO
Entro. Adv.
Entro. Loss

—— STEER
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Figure 8: Entropy dynamics in extreme scenarios.
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l Agents Development

Building vs. Buying Enterprise Al Solutions Where Does the GenAl Budget Go?
Al Adoption Methods: 2024 Al Adoption Methods: 2025 Generative Al Spend by Category: 2023-2025
oBuilt internally mPurchased OBuilt internally mPurchased 82023 2024 m2025

«— INFRASTRUCTURE: $18B | APPLICATION Al: $19B —

$12.5 :
s12 :
: $8.4
53% 76%% s §7.3
purchased purchased § E
@ i
5 $4.0
$4 $35 $3.0 ; $3.5
$15 ! $1.6 s1.8 $1.2
$0.5 $0.5 01 S04 | 503 $0.2 $0.1
Foundation models Model training Al infrastructure Horizontal Al Departmental Al Vertical Al
I s 13.6x 41.3x +3.8x +5.3x + 4.1x +2.9x
Ca rr‘:(ilagneer' Retevant
Url Text P Patch
EX'I'r‘ClC‘l'or‘ Zoomer
Large-scale Manual
Engineering
Web Other
oo g Agets =
Pa‘rh Youtube
Generalist Caption "
Classifier Crawler

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.
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Human-designed Scaffold Experience Matters

Experience can suggest adding rules, creating tools,

10 modifying workflows...
- 5 Data Science
,—E (" (no train/test split) ) ‘
) . o g CIEfit(X, y): add rules: . |
| f clf score(X, y) ’ construct train/test split
& J
[ co-dev.ai [0 OpenCSG [ AbanteAl [ AppMap Naviev2 [ Bytedance SOftware Engineering
SWE-bench Lite (300 cases) (" (empty patch) ) VowT :
git diff path/to/file.py Zdlt_Wé{ffltfﬂOW-h
Pass rate ranges from 134 to 187 git commit ‘ 7 s 1 tcac by
[complete] - [complete]
Current agent scaffolds gate what a base model can do. \_ W, N~

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.



[1]Code AgentHJJEAV T VE

/(a) Inner Loop \

Observation i

\ Reasoning Agent EnvironmentJ

Action
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@ Evaluation |
Results i
g Reasoning

2=] Execution
(b) Outer Loop

|
J,: ?\ Results

!’ Trajectories
L ReCreate-Agent

ReCreate

Figure 2: The overview of ReCreate.

al

ReCreate

Optimization:
mjmx E¢, ~pVer [Exec (Ti* (A, t:), tz‘) ]

s.t.7; (A, t;) € arg  max

Ver(E i ti)).
L er (Exec(i,t;))

Automated-Agent Design:
Ari11 = Meta-Agent (.Ak, 'r)

ReCreate:

A1 = ReCreate-Agent (Ak, e)

where e = (7, Exec, Ver).
‘®
=
o

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026. \
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| 1 FiCode AgentffiE4{k/7%: ReCreate

Task You are an agent that creates and Role & Objective
Fix a GitHub issue in a real repository: implement a patch ur?d.ates ?ftqder Al agents by editing You are an expert software engineer solving
K . their scaffolds ...... i x GitHub issues in real project ......
that makes the failing tests pass...... A Biles 1o follion
'I‘raj ectory Response Format: ......
assistant: THOUGHT: I'll start by listing Python files in Inspection Creation Process & Strategy
the repository...... 73 Recommended workflow:
assistant: bash\nfind /testbed —type f —name \"*.py\" ’ 1. Understand: ...... 2. Locate: ......
system: <output> xxx <output> y Strategies:
. - 1. Verify your understanding before editing......
. retriever router
Execution outer . . Tool
- : ~ . 0018
def get(self, key) . N, Tools/
- return self._data[key] # KeyError analysis
def get(self, key, default=None) >e debugging
= . . 5 utils
+ ef get(self, key, default=None): Observatlon Observatmn Aty patch
; : P
+ if key not in self._data: . insert_code
Evaluation S ) ' Memory
: easonin e) X When to read memory: ......
Failed (23P/2F) £ 2 { x When to write memory: ......
AssertionError: expected "xxx", got ”xxx" After inspection, I found the agent Static memories library: ...
. got AssertionError because ......
Experience I decide to create ...... ’ Scaffold

> SRR HARAC, MELLAEEE A A
The Agent-as-optimizer Design > M SE BRI AC B2 s U RF R AL A BB o7 e Hk
> AR AT BEMELLIZ AL, 3 A gentiBl 7 i

4
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Domain Dataset Human-designed Self-Evolve Agent Generation Ours
CoT SBA Refine | LIVE OPRO ExpelL | ADAS Square | ReCreate
S Django 58.29 58.77 56.87 | 58.77 52.13  59.24 | 55.92  57.82 60.19
Sympy 61.82 61.82 58.18 | 58.18 54.55  56.36 | 58.18  54.55 63.64
DW 42.81 41.66 42.43 | 38.55 1855 47.50 | 37.98  45.98 51.94
ML 34.32 36.25 35.85 | 41.68 39.08  40.27 | 21.53  22.90 42.88
DS SA 19.33 20.15 20.39 | 21.83 17.16 2244 | 1566  11.99 24.50
Numpy 62.00 64.50 64.00 | 68.00 71.00 68.50 | 61.00  67.00 77.00
Pandas 62.73 61.25 63.10 | 64.21 63.47 64.94 | 60.52  63.10 68.63 Digital
Matplotlib | 78.52 80.74 81.48 | 82.96 82.96 7852 | 76.30  82.96 85.19 ST i CaEE o B RECres e WGP T
Algebra | 81.45 85.48 84.68 | 85.48 87.10 83.87 | 80.65  83.87 92.74 A R e
Math NT 91.94 90.32 90.32 | 93.55 100.00 90.32 | 83.87 93.55 100.00 Reasoning-]eve] Ablation
C&P 94.74 94.74 94.74 | 92.11 94.74  92.11 | 84.21  94.74 100.00
Digital Normal 48.81 48.81 47.02 | 47.62 51.79  49.40 | 50.00  48.81 52.98
Challenge | 34.05 36.21 35.01 | 34.53 3429 34.53 | 36.93  34.77 40.29
Average 59.29 60.05 59.54 | 60.57 58.99  60.62 | 55.60  58.62 66.15 A
Main Results o
Method SWE DA-Code DS |
ReCreate 60.19 3977 7774 l
w/o creation router 58.00 37.13  75.39 O SWE  Dmtods DSAOI0  Math  Diofal
w/o DoMmUPD 57.09 37.83 75.96 BEm ReCreate ReCreate w/o exec & eval
B ReCreate w/o environment ReCreate w/o full trajectory
Action-level Ablation Observation-level ablation

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.
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(b) Attribution comparison.

582 60.8

>128K

9.8

>128K




l Meta-Team JEAVHEZR o
f'( Task Execution

(‘( Agent-Level Evolution (L1) )ﬂ ('(Infer'action-Level Evolution (LZDﬂ r‘( Team-Level Evolution (L3) )ﬁ

Diagnose
local failures

Calibrate
teammate

profiles m

Update tools
or strategies

u-‘.m

Planner

Revise team
constitution

Developer Reviewer Reviewer Reviewer Developer Reviewer
The team executes the task and Each agent reflects its task execution Agents optimize communication by Agents collectively discuss and decide
receives evaluation feedback. Lmnd refines its scaffolds. ) % tracing collaboration history.. . the team organization. )
\ J J
‘ ~&- SA B MAS ¢— Meta-Team ‘ (a) SWE-bench Pro / Ansible (b) BeyondSWE / DepMigrate
554
100+ Meta-Team 46
Meta-Team
44 4
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E 80 3 2 a0 <> Agenﬂg%treate
5] 8 45 ]
= = B oog A
i 70 E ReCreate E
& 40 4 & 36
o 0 A \as (%MASF!}: ) MCES 0] MASFly
60 AgentNet .
35 A 321
50 T T T T T T T T
8K 16K 32K 64K 128K 256K 3 1 5 15 20 25 3.0 35
Context Scale Cost per case (USD) Cost per case (USD)

Hao Z, Wang T, Dong H, et al. Evolve as a Team: Collaborative Self-Evolution for LLM-based Multi-Agent Systems.




al

BEURIE

M SWE-Pro BeyondSWE LOCA GAIA LoCoBench ResRub.

ethod Avg,
Ansible Qute. DepMig. CrossR. Val Val Feat. Refact. All

SA 44.7 62.7 43.5 41.7 78.3 70.0 64.5 62.0 43.9 56.8

MAS 40.8 61.0 37.6 40.4 82.1 74.7 57.6 60.9 49.5 56.1

AggAgent 49.6 7.7 42.8 40.6 80.4 70.3 60.2 54.7 47.2 995.9

OWL 39.56 60.1 36.7 36.9 72.9 64.0 53.8 56.2 47.9 52.0

AOrchestra 44.7  54.0 44.1 42.0 82.9 733 620 65.5 51.5 597.8
AgentSquare  39.0 96.3 38.4 37.4 68.3 65.0 56.2 559 41.9 50.9

ReCreate 42.5 99.6 41.6 39.1 746 69.0 589 62.0 45.9 54.8
AgentNet 40.8 08.7 44.3 39.6 69.6 673 57.0 56.9 40.3 92.7
MASFly 43.4 62.9 39.7 39.4 75.8 71.0 60.1 64.5 50.8 56.4

Meta-Team  53.9 66.2 45.6 43.3 879 773 671 670 55.8 62.7

Abbreviations. Ans. = ansible, Qute. = qutebrowser, DepMig. = DepMigrate, CrossR. = CrossRepo, Feat. = Feature Implementation,
Refact. = Cross-File Refactoring, ResRub. = ResearchRubrics. Avg. is the unweighted arithmetic mean across the nine columns.

Results across diverse agent benchmarks

Experience schemes Ansible T ResRub. 1 Variant Ansible 1 ResRub. 1

No evolution (MAS) 40.8 49.5 Full Meta-Team 53.9 55.8

Centralized experience 49.8 52.9 w/o L1 (agent) 48.5 47.9

Partitioned experience 44.5 51.0 w/o L2 (interaction) 50.7 54.4

Collaborative experience 53.9 55.8 w/o L3 (team) 51.9 52.1 o “
Ablation on collaborative self-evolution. Ablation on multi-scale =

evolution .Q
R
Hao Z, Wang T, Dong H, et al. Evolve as a Team: Collaborative Self-Evolution for LLM-based Multi-Agent Systems. % =
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Metrics AR GR AR GR %
All 25.01 36.05 37.55 40.58 ; 2 /
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Dong H, Liang X, Yu J, et al. Echo: Learning from Experience Data via User-Driven Refinement.
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