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Contrastive Decoding

https://arxiv.org/abs/2210.15097
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Decoding by Contrasting Layers (DoLa)

https://arxiv.org/abs/2309.03883
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Layer Contrastive Decoding (LayerCD)

https://arxiv.org/abs/2509.25177
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Instruction Contrastive Decoding (ICD)
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Context-aware Decoding (CAD)

https://arxiv.org/abs/2305.14739

B
[l context c
:

‘-----.

s

%
; 4 logit(y|c,x) A
; Argentina won World : : T ' ContextdAware
- Cups in 1978,1986 . o s | Decoding
' and 2022. : 1 Three : Apatotitifes
' One + a)logl CyX
' : o/ R . th ¢' —alogit(y | x)
 How many World Cups |-}w-} T
- wo
'I:ave Argentina won? [ LM/ logit(y| %) “ Three F J
il HJ 3855 H M : | .
‘ . . Two -
; ' " Three :
, How many World Cupsl : '
' have Argentina won? . One "

i ey e =% 4 IR ey oy



ontext-aware Decoding for Image

JINN e

LLM

i

A

HEREAT A 2

> it

LLM

iz

A

c
N

HE AT R 2



Context-aware Decoding for Image
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Audio-Aware Decoding
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Minimal Test-Time Intervention (MTI)

https://arxiv.org/pdf/2510.13940
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Minimal Test-Time Intervention (MTI)

https://arxiv.org/pdf/2510.13940
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source of image: https://arxiv.org/pdf/2601.13707
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Can LLMs Correct Themselves?
A Benchmark of Self-Correct

https://arxiv.org/pdf/2510.16062
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RefineBench: Evaluating Refinement
Capability of Language Models via Checklists

https://arxiv.org/pdf/2511.22173
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accuracy before correction ACC2 =
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Confidence Level P( Q > a
((%%que Score (CS) f’( 6 > a

GSMB8k MMLU BoolQ
Models Acey, Acca CL CS | Acey Aces CL 2SS | Acey Aces CL. CS

Llama3-8B-Instruct 71.0 781 91.7 449 | 622 640 949 13.1 | 623 648 860 298
Deepseek-7B-Chat 612 609 959 56 478 479 98.7 13 578 576 988 1.2
Mistral-7B-Instruct 50.1 51.1 909 110 | 592 592 984 23 614 625 985 54
Qwen2.5-7B-Chat 919 924 994 145 | 710 715 933 180 | 588 609 939 138
GLM4-9B-Chat 649 637 879 190 | 635 646 833 321 | 61.1 648 77.1 455

Llama3-70B-Instruct | 90.7 927 973 481 | 782 795 972 162 | 763 764 847 493
Deepseek-67B-Chat 824 823 99.1 3.7 653 663 948 129 | 698 698 899 234
Qwen2.5-72B-Chat 97 "9D99 999 715 826 834 982 135 | 655 759 939 415

Qwen-Max 96.1 94 999 115|838 B0 92 116 | 713 736 982 125
GPT-3.5 Turbo 81.3 840 956 338 | 653 656 896 205 | 685 703 757 58.8
GPT-4 Turbo 936 921 968 239 | 843 823 884 496 | 805 786 878 406

https://arxiv.org/pdf/2412.19513
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https://arxiv.org/abs/2409.12917

Training oo o
(-
input output = —p 277 <@ P> [REFINE] correct
Q v output
Inference y Training
input =P —»  output |
B — k!
Level-up!
input  output’ = B %S%SHES AL E

HIARRE!



* H Eg§m$£§ E‘/

155 "R, BRERENTTA

B2 E#H (Chain-of-Thought, CoT)
MR R TERE

R R IBEZ2 (Imitation Learning)

PIEERBE B EBHIE (Reinforcement Learning, RL)

(ihﬁiﬁAiﬁft‘Fﬂ&%&’E(zozsn 55138 : DeepSeek-R1 EHEARESEEZIMTE
7T NRER%E) (Reasoning) #97?

https://youtu.be/bJFtcwLSNxI?si=uBs| Va4xArE6F2J&t=3327



Reinforcement Learning

Reinforcement learning with
verifiable reward (RLVR)

Reasoning Process ][ answer ] D

9q/
|nput—>-- o

A

P

\J
FANEE, BEEELLT
A

Reasoning Process ][ answer ] 6




Reinforcement Learning

— [ Reasoning Process ] [ answer]

N

A\

Verification Refine

Propose

“Let me check “Let’s try a different | -+
the answer ...” approach ...”

“Let’s first try to




C’n

B 2

-}[ Reasoning ][answer]

token
VS
time

'>[ Reasoning ][answer]

https://news.mit.edu/2025/cost-of-thinking-1119

101 -

' #""

2 % 10° 4

5 x 10°

Human RTs

5 x 10°

5 x 107 -

2 % 107 -

Arithmetic, Verbal

e°o

sg”&

‘r 060 n~ 0001

2x10‘

Syllogisms

101 -

o (]

i o |
o o -~
Q)%o

4

P o °

-

[0 JF_N .
To [r=057.p< 0.001

103

Relational

s
g [ Vo .Y n

dr—Obl p < 0,001

2x10%
Reasoning tokens

10! -

5% 10° 4

2x100°

2 %10 -

10

5x10% 4%

5 x 10? -

2 x10* 4

Arithmetic, Numeric

@%e

1r-ﬂn'! ><oom|
zx102

Logic-ALE
%
(o] 8//96
s
B
o ¥
{ %
,0
) OQr 089 p<0001
2 % 107
Intuitive
(&)
[»r =0, 34 p < 0,001]
Fines RN S s



N I - A=A Y {14 https://arxiv.org/abs/2502.04667
/_m‘? 7 /f+ }}_\'2: /T\ fq ﬁl:l E’j: /ﬁl‘ﬁ %{l‘ (? https://arxiv.org/abs/2502.08991

https://arxiv.org/abs/2502.18273

input =g answer
KT+1
" n

... step T =———Pp answer
K K K
= = =

A\ _J/




Parity 001000 > 1
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Source of image:
https://arxiv.org/abs/2504.13837
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https://arxiv.org/pdf/2506.14245
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The Debate on RLVR Reasoning Capability Boundary: Shrinkage, Expansion, or Both? A

Two-Stage DynamicView https:/arxiv.org/abs/2510.04028
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