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Test-Time Reinforcement Learning
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Test-Time Inference

* Inference A|™O| resource XI5 H&hat
«  Majority-Voting / Best-of-N / MCTS

« Parameterg 20Ol E SIX| B2
« Training Al 2X| %2 OOD data Of CHoi M oHA EXY
* OpenAl 03 (ARC-AGI-1: 75.4% — ARC-AGI-2: 4%)

Test-Time Training

e Test A|E9| Unlabeled Data 8l &
E M
—/ O

«  Test data 2| structure, distribution = 2830 model parameter =%
| -

« RL = Test-Time O A EA|, 7I% & 2XH&7
« Ground Truth 7t Si& &=t0M, {E A Reward & MO[gt Z Q1717

«  GT 7t Q& setting Ol Al RL & =HSI= X2 Test-Time RL O|2} H9|.
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TTRL Methodology
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Model

* Qwen Family: Qwen2.5-Math-1.5B (Yang et al., 2024a), Qwen2.5-Math-7B (Yang et al.,
2024a), Qwen2.5-7B (Yang et al., 2024b), Qwen2.5-32B (Yang et al., 2024b), Qwen3-8B
(thinking mode & non-thinking mode) (Yang et al., 2024b);

e LLaMA Family: LLaMA-3.1-8B-Instruct (Grattafiori et al., 2024), LLaMA-3.2-3B-
Instruct (Grattafiori et al., 2024), LLaMA-3.2-3B-Oat-Zero (Liu et al., 2025b);

e Mistral Family: Mistral-Nemo-Instruct-2407 (MistralAI-NeMo, 2024), Ministral-8B-
Instruct-2410 (Ministral-8B-Instruct, 2024);

e DeepSeek Family: DeepSeek-Math-7B-Instruct (Shao et al., 2024), DeepSeek-R1-
LLaMA-8B (Guo et al., 2025);

¢ Others: Skywork-OR1-Math-7B (He et al., 2025);

Training & Evaluation Benchmark
+ GPQA
. AIME 2024
« AMC
+  MATH-500
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EXperimental Setup & Artificial Intelligence
Implementation Details Evaluation Setup
T ORPO * Pass@1

Cosine Schedul '
osine >cheduler « 16 times/prompt

« peak Ir: 5e-7
* Rollout Setup

Optimizer

«  AdamW * Temperature: 0.6

* Top-p: 0.95

» Generation length

Majority Voting Detail

* Rollouts
« 64 rollouts/prompt « 3k for non-LRMs
* Use 32 rollouts during training e 32k for LRMs
 Temperature
*  Qwen2.5-Math/LRMs : 1.0
* Another models : 0.6
« Epochs (based on dataset size)
« Math-500: 10
« AMC: 30
« AIME 2024: 80
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Results

Table 1: Main results of TTRL on each task. * indicates that Qwen3-8B is evaluated in
non-thinking mode within a 3k context. Figure 3 provides results within a 32k context.

Name | AIME2024 AMC MATH-500 GPQA | Avg
Math Base Models
“training ML= D Eo|A MLl SEA}
Qwen25-Math-1.5B 7.7 28.6 327 249 235 Post-training & & Z2ME d5 &<
w/ TTRL 15.8 489 73.0 26.1 41.0
A +8.1 +20.3 +40.3 +12 | +175
11052% 171.0% 11232%  14.8% | 1 744% N
Qwen2.5-Math-7B 12.9 35.6 46.7 29.1 31.1 » = benchmark (AIME 2024) O|M O 2 g5 d7I|=
w/ TTRL 40.2 68.1 83.4 27.7 54.9
A +27.3 +325 +36.7 -14 | +238
+211.6% 191.3%  1786% | 48% | 1765% . .
Vo B Medele «  GPQA £ general knowledge HIX|Ot3 2, Majority Voting
3 Qwen2.5-7B 7.9 34.8 60.5 31.8 33.8 HiEAIO| HAN =2MO| © SUHEO0| 7|0 B &AZE0| HE
2 w/ TTRL 23.3 56.6 80.5 33.6 485
5 A +15.4 +21.8 +20.0 +18 | +147
3 11949% 162.6%  1331%  157% | 143.7%
= Qwen2.5-32B 7.9 32.6 55.8 33.2 324
= w/ TTRL 24.0 59.3 83.2 37.7 51.1
Z A +16.1 +26.7 +27.4 +45 | +18.7
= 1203.8% 181.9%  1491%  113.6% | 157.7%
§ Instruct Models
o LLaMA3.1-8B 46 23.3 48.6 30.8 26.8
I w/ TTRL 10.0 32.3 63.7 34.1 35.0
g A +5.4 +9.0 +15.1 +33 +8.2
5 1+117.4% 138.6%  1311%  1107% | 130.6%
= Qwen3-8B* 26.9 57.8 82.3 48.1 53.8
E w/ TTRL 46.7 69.1 89.3 53.0 64.5
z A +19.8 +11.3 +7.0 +49 | +108
S 1736%  119.6%  185%  1102% | 1200%
@)
z
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Table 2: Performance of TTRL on various models.

Name | AIME AMC MATH-500
LLaMA Family
LLaMA-3.2-3B-Oat-Zero 0.8 15.1 41.9 « Qwen 2|9 CtE O}7|EIX model O|M = TEIE Ol M3k 7|2
w/ TTRL 33 253 55.7
A +25 4102  +138
LLaMA-3.2-3B-Instruct 60 194 43.9 N e
w/ TTRL 133 313 61.6 «  Qwen model =0 H[SIEH g5 0| H3.
A +73 4119 4177
Mistral Family
£ Mistral-Nemo-Instruct 08 154 40.8 - HZ2 XV|ds22 2Tt Majority Voting 2| M E|d, Cold start X 0| & ¢l
Y w/ TTRL 0 24.8 51.0
g A 08 +94 +10.2
E Ministral-8B-Instruct 13 197 52.4
= w/ TTRL 33 289 57.8
< A +20 492 +5.4
p DeepSeek Family
(@)]
= DeepSeek-Math-7B-Instruct 1.9 16.3 42.3
g w/ TTRL 25 229 52.4
g A 406 +6.6 +10.1
g DeepSeek-R1-LLaMA-8B 51.7 816 89.6
E w/ TTRL 692 889 90.9
= A +175 47.3 +1.3
=
o
z
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TTRL on AIME 2024 TTRL on AMC TTRL on MATH-500
Before TTRL
80 1 1
754 748 mmm Aftor TTRL
63.9
2 601 52.6 ]
=l
; 39.8
S 407 33.3 1
ey
23.3
201 13.3 . 1 133
0 N 4
AMC MATH-500 AIME 2024 MATH-500 AIME 2024 AMC
Evaluation On Evaluation On Evaluation On

« OOD data Of CHSHM = Hs2F2t

- E£7 Benchmark 0 Ci®t overfitting O| OfHl, &K =2 58 42 |/
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0.30

80

160
Steps

240

0.561

0.44 1

80

160
Steps

240
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& Artificial Intelligence

Avg@ 161t Maj@16 25 &35

otE 9| M50| 27| RHO| Maj@16 & HOol M

« Self-training?| O|2% StAE EHO{ 4

« — Majority Voting &tk &5
« — IEZHO| reward signal £ &t&
- RLO| M
«  Pseudo-label & Hf& HEO| reward signal £ #2510
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Discu SSion “I=7 & Artificial Intelligence

Discussion 1: Why does TTRL Work?

1. RL's robustness

« RL 2 reward & HCHHQl MEO| Ot direction signal g&& &
+ [M2tM, noise 7F 25 401 YUEIELE, model® YTHHOZ SHHE YHOZ &Y + US

2. Self-Evolution Loop
« TTRL & Online-RL method
« Online-RL £E42 S¢lf, M2 1= Md

- [ & - O e i -  £2 Reward Signal]
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Discussion

Discussion 1: Why does TTRL Work?

Sampled Predictions: 11222456 f' ol
L ‘
— \ 7 - ll\h\. ||'w| N £:0.90
e VL Y™ g o
Estimated Label: 2 True Label: 3 So4 SN ] Eoe :
Estimated Rewards: True Rewards: z il ! S <0
00111000 00000000 203 171 ! %0‘4‘ g
- s || ||'f < E 0.80
R‘r'"'__ 0.2 -\__J '2 0.3
Reward Hit Rate: 62.5% | 0.75
0 15 30 45 0 15 30 45 0 15 30 45
Steps Steps Steps

3. Lucky Hit
«  Pseudo-lLabel O] GT @} CtEH2t:, & QEHO| CH=™ 0 2| Reward & 2HA &
« F HE 0E2 stH2tE Negative Signal 2 = sample S0| 47| A £|0f &5 0| T

Ho| 50| ¥2 &5 X£7]0| 23|28 Reward Accuracy = = LtELY

ka
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Discussion
Discussion 2: When might TTRL fail?

0.30-

0.25
-{CS 0.20
§ 0.15 [E— /_\
= 010 —— Successful Attempt

. ey
' \/ \ —— Temperature@0.6
]
0.05 \ / t"‘w —— Train Batch@256

0 4 8 12 16 20 24 28
Steps
1. RL Hyperparameters

- RL 2 #2fE hyperparameter O RIZSHA| B GT 7 Q10| &t&dt= TTRL 2 1 B4 =7 =&

 Temperature

«  Temperatureg 1.0 2, dUiFH 2= 57 |X[5t= AO| 7
- O %2 exploration® T ote A Net

« Episodes
- HOlHMe A7|7t AL, HO|E7t 25 5 H E2 epoch E8&.
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Discussion
Discussion 2: When might TTRL fail?

Table 3: Performance of TTRL across the five difficulty levels of MATH-500.

Metric Name MATH-500-L1 MATH-500-L2 MATH-500-L3 MATH-500-L4 MATH-500-L5
Accuracy Backbone 25.9 33.0 36.3 32.5 22.3
w/ TTRL 71.2 76.2 76.3 58.7 39.2
A +45.4 +43.2 +40.0 +26.2 +16.8
1 175.3% 1 130.8% 1 110.2% 1 80.4% 1 75.3%
Response Len. Backbone 2,339.2 2,125.1 2,120.6 1,775.1 1,751.3
w/ TTRL 624.3 614.4 672.3 783.5 985.3
A -1,715.0 —1,510.6 —1,448.3 —-991.6 —766.0
1 73.3% 3+ 71.1% 1 68.3% 1 55.9% 1 43.7%

2. Lack of prior knowledge

Background knowledge 7 3 QICHH, HEQ 428 #7|7t E7ls &
OHE EME 2 30| YE difficulty 2| EMOIAM 7HE 2 4S5 E B¢

ok

=
Difficulty Z& gl0|, st58 A|=5tH HIfg =E0| =3

o992, Natural Language Processing
== & Artificial Intelligence
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Distribution-Aware Reward Estimation for Test-Time Reinforcement Learning

Bodong Du' Xuanqgi Huang! Xiaomeng Li!

ARXIV
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TTRL 2| ot

« Information Collapse

«  Rollout 20| @d35l= Empirical DistributionE T StLES| X[HIZIO 2 %i
o HEE SX|0FSHE FE WEHES ©1 AS 4+ U= Rollout] & AT E HIA|
- 29|0|$ minority signal O] 20| =, Majority Voting 2 8l signal & OOl &|A.

« Confirmation Collapse
«  Rollouts &2t A 7t U2 I Mv7t Hgk 2

AN
T
of REO| Z2 E=0 o2 M EorH, MESS0[ B[ Reasoning pathOf FO0|A &

N E 51 =
« Ol &&0i|d Majority-Voting reward 7t X &l reasoning 22 Qo L2 =& 4atd = U=
- O] gt x7|9| A%t @E BEJL L3lE|= confirmation collapse £ O[O & = S
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Contribution

4 N\
[ (@) Majority VotingNon- mq,gomybustﬂbuﬂon with Bonus 1
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DARE (Distribution-Aware Reward Estimation)

«  Rollout prediction 0| B+=0{tH distribution AKX E reward 2 AR

. FPHoR BB0| 52 HHS O By Gt Y
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Methodology

..—.—-——--—--—.---—.-.——..—~

(a) Rollout Generation '

1. Uncertainty-Aware Distribution
« X policy OlA MZiQ| rollout -
{r,...,mm} ~me(- | 9),

I
I
I
I
1
I
I
I
|
I
\

Policy Model
Dot npesnpepnpasees « Rollout E0lM &7 response 2| frequency count A4t
(c) Exploration Bonus (d) Distribution Prunmg | . (e) Reward Calculahon o Mo .
— Before n(y) - l[yk - y]ﬂ
Tlx-eshold After Varuancel ReFHan ]‘_ﬂ_‘ @ [E-] @ A

[ I
(5D ED @D (2 (2s)...

\ /’2)

L’\/L- §|/ TR G-

Rollout Index | Reward , u(g) —

- —————————

«  Frequency 2t uncertaintyS A& 50] HHE2| %|F
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ﬁ(ﬁ) = ~ ~ ?
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_-—.---——.----——.---.-—.——..—~ - - e -

(a) Rollout Generation (b) Uncertainty- Aware Distribution

2. Exploration Bonus

e R ' \
I o Za mf :
! . x S £ .
i Rollo D ! H1E |'°\°_| poe M EHAIQ] 2 response 2| probabilityE default reward 2
=° T, 1 e = 1
i . : : 3 p(yD) n;/u; : AE-Ig
1
E : - . ,/I 1 i Zn/u,/ Tdi.S(y‘B) = ﬁ(y%)}
e \\ __________________ \

(d) Distribution Prunmg | . (e) Reward Calculahon

Tbx-eshold - ,me:e V°"°"°‘l ReFHGPG ]‘_ﬂ_‘ @ [.ETZ.] @

(c) Exploration Bonus

BE ..

«  FrequencyZt 2X| 2 uncertainty 7} 2 EFQHO| F7+ 4

7Y

i ‘Eq\g /E'/(rz) E;LV\ ]/ >, : T B 6D B - i b(y:) = (1 — n;?)) (1 —uly)).
BONUS Explorationl ,/ ‘.  Rollout Index: I e !

————— \_—-—_-———————————’ T ————————————— -

. =7 HAE M3 A E reward A

m(yi) = rais(¥s) + ab(y;), a€0,1]

»  Frequency’t 2 2tE, Uncertainty 7F SCHH Sl
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Methodology
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" (b) Uncertainty- Aware Distribution
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"”’: Natural Language Processing
& Artificial Intelligence

3. Distribution pruning

#l5K, &AL Olste] &=& pruning

Stability &

P(yi) 1[p(yi) = 7]

Plu) = Sl p(yk) Lp(ys) > 7]

Pruning &, response =2| reward& LCIA| re-compute

r(yi) = Fais(ys) + ab(y:) = blyi) + aby).

H4HEl response 9| reward & Sl Policy Update
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| Method General Mathematical Reasoning Sci. Reasoning Avg
MMLU-Pro MATH-500 AIME 2024 AMC GPQA « BE benchmark A baseline CHHi 713 =2 s ©M
Prompt methods (training-free)
Raw model (Yang et al., 2024) 25.8 32.7 1.7 28.6 27.8 24.5
g CoT (Wei etal,, 2023) 27.5 34.1 8.5 29.8 28.6 257 o N _
\n RL methods on training dataset * %Ol == d|ff|CU|ty (AIME) O"A-I g% %tg%C)l =
'ﬁ GRPO (Shao et al., 2024) 335 72.8 14.3 46.5 26.1 423
2. REINFORCE (Williams, 1992) 325 72.0 14.6 46.0 25.2 40.1
ﬂ- REINFORCE++ (Hu et al., 2025) 343 72.8 15.2 46.8 259 41.0
§ Test-time scaling methods ° Ef% Test-time Scallng methods E.'_t_”:ll_l- Ol'L'l El', Ground Truth7f
© | INTUITOR (Zhao et al., 2025a) 31.1 70.0 12.0 44.5 235 38.2
RLPR (Yu etal, 20252) 33.9 732 16.0 47.0 2.5 413 U= AHLMH Ol RL methods & ELF 40| 4§ =3
CO-REWARDING-I (Zhang et al., 2025b) 33.1 72.5 15.5 46.5 25.8 40.7
TTRL (Zuo et al., 2025) 35.6 73.0 15.8 47.3 26.1 41.5
g DARE (Ours) 38.9 73.6 19.8 50.2 28.5 44.2
§ Prompt methods (training-free)
k<) Raw model (Yang et al., 2025) 36.8 55.8 11.4 32.6 26.8 326
T CoT (Wei etal,, 2023) 38.5 572 12.3 338 27.6 338
=
= =) RL methods on training dataset
i : GRPO (Shao et al., 2024) 44.5 77.3 241 532 31.1 48.2
b= "é REINFORCE (Williams, 1992) 44.2 71.5 23.2 523 30.2 474
3 £ | REINFORCE++ (Hu et al., 2025) 45.4 78.0 239 52.8 30.8 48.1
? < Test-time scaling methods
g INTUITOR (Zhao et al., 2025a) 42.1 71.5 20.5 50.5 28.5 45.8
2 RLPR (Yuetal, 20252) 45.7 75.5 24.5 53.0 31.0 48.9
e CO-REWARDING-I (Zhang et al., 2025b) 43.2 789 23.8 52.5 30.5 47.7
% TTRL (Zuo et al., 2025) 46.9 78.2 24.0 52.9 31.2 48.6
c DARE (Ours) 48.8 79.6 26.3 55.7 32.7 50.6
,—:t,‘ Table 1. Performance Comparison across two backbones, evaluated on five benchmarks from three task categories. The best and second
2 best results are highlighted and underlined, respectively.
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Figure 3. OOD generalization of Qwen2.5-Math-1.5B. Each subfigure shows evaluation on OOD benchmarks after adaptation on a
training set. Bars indicate pass@1 accuracy for the original model, TTRL, and DARE, with DARE consistently improving performance.
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Figure 4. 00D generalization of Qwen3-1.7B. Each subfigure shows evaluation on QOD benchmarks after adaptation on a training set.
Bars indicate pass@1 accuracy for the original model, TTRL, and DARE, with DARE consistently improving performance.
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