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Figure 2: Performance comparison on AIME’25 for Qwen3 models ranging from 0.6B to 30B.
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I Introduction

e FE S B = 58U

Reward shaping for efficient reasoning

%117 Philosophy

= Eif CoT HhEREE1RAY S Correct CoTs receive higher rewards
than wrong CoTs.
G+ EAR B SR RS T K+ IEfAPY B 4 4% Shorter correct

CoTs receive higher rewards than longer correct CoTs
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I Introduction

Original

Z0ART 2 How to observe?

¢5 5Ebudget FIPEBE Performance under a fix budget £X @

Acc vs. Token Length

We want this

Fake prosperity

[ token T 47, fHJE ERRAIIK XK

Low budget better, but lower upper-bound

I token T B4, _LfRANHH
Low budget better, and upper-bound keeps

-> % token [Bifil FTHIZRIH 2k,4k,8k,...,32k

Performance under multi-level budgets



I Introduction

LRI 2 How to observe?

(G B TR M BE Performance on easy math benchmarks £ ©

o PREVMEEEIFE Challenge math benchmark: AIME’24 AIME’25
o [REZIXEE Code benchmark: LiveCodeBench/private benchmark
o  FLAEIEELE Private OOD benchmark: science/logic/multi-turn

F5% Models: Deepseek-distilled-gwen-1.5B & Qwen3 series



B Two-Stage Paradigm
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Figure 2: Training dynamics of various reward shaping methods on DeepSeek-R1-Distill-Qwen-1.5B. All of
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them follow the two-stage paradigm. The behaviors are distinct when evaluated under different token budgets.

Stage |: Length Adaptation
Policy Entropy/ Rollout Length T [
decrease, &GN EJEEK fit length

constrain first

reward; := f(¢;) — reward := g(¢;, ;)

Stage Il: Reasoning Refinement
Policy Entropy 7} increase
KIETHAED > SCRALTT
stationary phase regarding length
increase the information density of

each token
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them follow the two-stage paradigm. The behaviors are distinct when evaluated under different token budgets.

Rr(z,y;) = I(y; is correct) - I(L(y;) < L),
(2)

Ryimi (, ;) = I(y; is correct) - (1 + (0.5 — L(y;)))

- 4
+1(y; is incorrect) - min (0, 2(0.5 — L(y;))). )

RLaser(, y;) = I(y; is correct) - (1 + a - I(L(y;) < LT)()Si

RLascr—D(:E:' yz) = ]I(yz is correct) ' (1 +a- ]I(L(yz) < LT))

+ I(y; is incorrect) - (o - I(L(y;) = L))
(6)

FFm N7

] BRI SRS LA

Simple truncation performs well
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I Data
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Figure 3: Performance training on all prompts and easy/hard counterparts (rollout L = 16k, target Ly = 4k).

R TL s 225 A PR
TRT R & HfE

Split the data into two parts:
easy (pass rate >4/8) and hard

(pass rate <=4/8)

s WSS AR
o BB,
L=

 Hard part lead to collapse

Ffe N2

EESHARES

 Simple is comparable even

better than full set



J Data

TERTAR |+ AR — R - SO reward; := f(ei) = reward := gfci} )

On easy parts, accuracy (c_i) is somehow guaranteed. -> Partial optimization

TEWFEB [ - 1 HIEREIEEE R K, K B T-GRPO HYFF A
Normalize ([1,0,0,0]) vs. Normalize ([1,1,1,0]), the advantage of 1 in the former group is larger

actor/entropy_loss [

L Jd

T&] RIS Entropy B2 AU, A A il e B R
Training dynamic on easy part is much more smooth,

as the positive reward density is larger

F———r “
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I Data

Minerva Length

Minerva Mean@8 (32k)

7000 1
6000 §
5000 -
4000 A

3000

2000

gl

0 200 400 600 800
LCB Length

0 200 400 600 800
LCB Mean@8 (32k)

14000 +

12000 {

10000 A

8000 A

6000 -

0.30 A

0.29 1

0.28 A

0.27 A

0 200 400 600 800
Olympiad Length

0 200 400 600 800
Olympiad Mean@8 (32k)

12000 A

10000

8000

6000

4000 4

0.56 1
0.55 1
0.54 1
0.53 1
0.52 1
0.51
= | 0.501

N

ihd

Figure 4: Performance with various rollouts N using

DeepScaleR-Easy.

0 200 400 600 800
Steps

—— N=16 —— N=24

FREY rollout N _EFR B &) -> AR 2 E & 5

Larger rollout N better -> more positive reward

Insights towards Training Data: The key
is to ensure sufficient and effective rewards.
Training on easier prompts allows LLMs
to focus on length reduction without com-
promising performance. Larger rollout N
would be better if computational resource
allows.




I Reward on Negative Rollouts

Correct Incorrect

Strategy
Short Long Short Long

Vanilla 1 0 0 0
-1 1 0 - -
-L&C 1 - 0 0
-L&C-S&I 1 - - 0
-L&C-L&I 1 - 0 -

Table 1: Reward for different strategies on negative

rollouts. — denotes masking out.

5205 > AR TREATTZ R

RL is the art of assigning negative signal

TEJRIERT Truncate 1, H&IEMAEEN Y 1, H4H0
In vanilla truncate strategy, only S&C (short and correct)

is assigned as reward 1, otherwise O

AL LANSTER 7 TIREAS Mask ZATH

Mask some negative rollouts rather than zero-rewarding



I Reward on Negative Rollouts
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Figure 5: Performance for various reward strategies on negative rollouts (rollout Ly = 16k, target Ly = 4k,
N = 24). We also visualize Lg = 4k, Ly = 4k for comparison.

-1, -L&C-S&I # AN N Al The trap

that short is correct

AR FRER R IEAEA > FTA VD
R TUEA » A A AR - Fa
H, PERERER

The LLMs suffer from the trap that

short equals correct while long equals
incorrect, leading to performance

drop with extremely short outputs



I Reward on Negative Rollouts
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Figure 5: Performance for various reward strategies on negative rollouts (rollout Ly = 16k, target Ly = 4k,
N = 24). We also visualize Lg = 4k, Ly = 4k for comparison.
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Figure 5: Performance for various reward strategies on negative rollouts (rollout Ly = 16k, target Ly = 4k,
N = 24). We also visualize Lg = 4k, Ly = 4k for comparison.
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Figure 5: Performance for various reward strategies on negative rollouts (rollout Ly = 16k, target Ly = 4k,
N = 24). We also visualize Lg = 4k, Ly = 4k for comparison.
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Figure 5: Performance for various reward strategies on negative rollouts (rollout Ly = 16k, target Ly = 4k,
N = 24). We also visualize Lg = 4k, Ly = 4k for comparison.
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Figure 6: Performance for off-policy strategy with various staleness (i.e., 2,4,8,16). la rger LLMs
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I Qwen3 Results
Method Mean@81 Pass@81 Length! 7/}—3 i& @E‘jﬁ‘ :

Qwen3-0.68 S Eﬁ -
Vanilla 13.33 26.67 14.9k 1) 1§ﬂq [Eﬂ@ﬂijg%ﬁ—\‘
2)  Rollout N R ATAE
Qwen3-1.78

Vanilla 35.00 60.00 17.7k 3) /El\igi%g RO”OUt 5‘ E )F/i:\:&g
Ours (step 560) 38.75 (+3.75) 60.00 11.2k (136.7%) 4) ,1%)% I?J /ﬁ%‘ H}% E%ﬁ% H]%

Qwen3-4B-Instruct-2507

Vanilla 45.42 66.67 9.1k R ece | pt .
Ours (step 1440) 46.67 (+1.25) 70.00 (+3.33) 4.8k (147.3%)

Quen3-4B-Thinking-2507 1) train on Easy prompts
Vanilla 75.83 90.00 20.9k
Ours (step 200) 76.25 (+0.42) 86.67 16.0k (123.4%) 2) La rger rO”OUt N

Quens-58 3) Setting Rollout & Target Length

Vanilla 65.83 86.67 17.9k
Ours (step 100) 67.08 (+1.25) 8333 12.8k (128.5%) 4) On-policy Optimization

Qwen3-30B-A3B-Instruct-2507

Vanilla 60.83 83.33 6.9k

Ours (step 600) 60.83 76.67 5.1k (126.1%) _&FE—FB% 15%-50%, 'I‘%ﬁléz_\‘jﬁl.: Compa rable or better

Qwen3-30B-A3B-Thinking-2507

Vanilla 84.17 9.67 173k performance with 15-50% short CoTs

Ours (step 120) 86.25 (+2.08) 96.67 14.8k (114.5%)

Table: Performance on AIME 25 for Qwen3 models.



I Qwen3 Results

| Qwen3-30B-A3B-Instruct-2507 |  Qwen3-30B-A3B-Thinking-2507

Benchiim \ Mean@47 Pass@47 Length| ‘ Mean@41 Pass@41 Length|
Domain #1 | 27.5/28.0 40.9/40.9 7145/4881 | 34.2/34.1 50.0/49.8 11536/10237
Domain#2 | 35.1/36.0 51.7/50.7 7258/5182 | 42.2/41.6 68.8/68.4 11744/10847
Domain #3 | 20.5/21.0 31.9/29.8 3985/3102 | 27.0/26.2 34.0/34.7 8826/8278
Domain#4 | 15.4/158 24.0/25.0 7695/3176 | 16.4/14.7 28.9/26.2 4726/4292
Domain #5 | 40.6/40.6 53.3/554 6487/4500 | 57.6/58.6 78.2/78.2  2598/2351
Domain #6 69/68 10.8/10.8 12322/9481 | 18.3/16.7 33.8/30.4 21346/18115
Domain #7 | 25.4/24.4 43.8/40.3 897 /799 25.5/252 21.2/20.8 4962/4312
Domain #8 | 41.5/40.6 52.5/51.2 1429/1309 | 29.6/29.5 45.6/44.8 13912/11726
Domain#9 | 49.4/482 66.6/67.5 1100/991 | 37.2/37.5 51.5/525 3302/2943
Domain #10 | 14.1/13.0 27.4/249 6835/5069 | 47.3/45.6 63.3/60.0 2492/2311
Average 25.2/249 37.6/36.9 5622/3735 | 30.7/30.0 44.6/43.1 9285/8077

Table 3: Performance on private out-of-distribution benchmarks covering various domains. Each,¢¢ir repoiis Vziiilla
/ Ours. Our proposed model thinks shorter while maintaining comparable performance.

TEE T 10 DUKATRLA 00D EHE4E Fi, - ELfiin B2k » MUEREA RS
On the private OOD benchmarks containing 10 domains, the CoTs are shorter while

comparable performance



J Suggestion for Hyper-parameters

XFF rollout (& - ZEHUR A Bt AR EL B RAY(E - BEAIE A 8k 12k 16k
NI targetJE > HIRIKEDY rollout{f& - IEAR A NG M > AR
ENETISIRPN

For rollout length, set as a number with lower initial truncation rate, such as 8k, 12k, 16k
For target length, one typical value is equal to rollout length. If the CoTs do not shorten, try

decrease the value of target length. Otherwise, increasing two lengths at the same time.

3
e Correct rollout
Incorrect rollout

reward

Lt Lr

token length
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o RIBE=TEAIE 4% £ %5 CoT Compression for LLMs

o XEHEEYH 1774 Reward Shaping Methods

o B3I, XF5{t 1k Data & Reward & Optimization
« BILZF ] HVEGE Data for RL

o TIREARLZNSTHED Reward Assignment for Negative Rollouts

o L

SRS Off-policy Optimization via Staleness
« Qwen33ZEE Qwen3 CoT Compression
e Qwen3%&4[E%4E Compression for Qwen3 0.6~30B
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« HEEERFEFE Insights & Future Work



B Insights

> A S KBS B MY 5 It is easier for LLMs to fit length constrains than

getting right answer considering reward=f(c, |)

> £ZUE T HED B 205 | A TEFARHE The key is to avoid the trap that short equals

correct. The LLMs should learn how to be concise rather than just be short.

> H TR SE0G A R ECHE S AL 25 15 E We can implicitly push the LLMs be

efficient via priors that correct outputs are typically shorter than incorrect ones.



J Future Work

> B2t EHE More diverse training prompts

> AR B AR E S5EET £ Setting the rollout and target length adaptively.

> 5| AN L EEEA L E 22 Tool call for efficient thinking like human
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