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Abstract Large language models (LLLMs) build rich parametric knowledge through large-scale
corpus training, and demonstrate powerful knowledge representation and reasoning capabilities in
natural language processing tasks. However, during text generation by LLMs, outdated and
erroneous parametric knowledge often conflicts with new knowledge in the input context, causing
the model to ignore context and over-rely on parametric knowledge, resulting in “hallucination”.
This problem becomes particularly critical in dynamic or domain-specific scenarios, where
external information may be more recent, more accurate, or more task-relevant than the model’s
parametric knowledge. Although existing hallucination mitigation methods can improve the
factuality of generated text, most rely on external knowledge injection, parameter updates, output

distribution calibration, or static, coarse-grained internal interventions. As a result, they usually
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lack fine-grained and adaptive mechanisms for regulating the model’s internal decision-making
pathways according to dynamically provided contextual evidence. This limitation makes it difficult
for LLMs to selectively amplify reliable contextual signals while suppressing conflicting
parametric priors during inference. To mitigate this problem, we propose a novel {ramework,
Adaptive Context-aware Neuron Decoding (ACND) to enhance the model’s fidelity to the context
through a dynamic regulation mechanism at the neuron level. Specifically, ACND consists of two
core modules. The first module, Adaptive Context-Aware Neuron Selection (ACNS), uses
Integrated Gradients (IG) to estimate the attributional contribution of neurons in feed-forward
network (FFN) layers to context-guided prediction. It further combines hierarchical selection with
Bayesian optimization to adaptively identify context-aware neurons and determine their activation
enhancement strength. The second module, Neuron Adaptive Contrastive Decoding (NACD),
applies activation gains to the selected neurons during inference and uses Jensen-Shannon
Divergence (JSD) to measure the conflict intensity between contextual and parametric knowledge
distributions. Guided by this conflict-aware signal, NACD dynamically reconstructs the
generation probability distribution, thereby achieving an adaptive balance between contextual and
parametric knowledge and improving the semantic consistency and robustness of LLMs in
knowledge-conflict scenarios. Unlike methods that only modify the final output distribution,
ACND jointly acts on neuron-level representation and decoding-time probability adjustment,
enabling more interpretable and fine-grained intervention without changing model parameters. We
conducted empirical studies on multiple mainstream models and tasks. Compared with baseline
methods, ACND achieves an average accuracy improvement of 8.1% and a reduction in
stubbornness rate of 6. 8% for LLMs. These results indicate that ACND mitigates knowledge-
conflict-induced hallucinations by improving response correctness and reducing over-reliance on
parametric knowledge, thereby enhancing the contextual fidelity of LLLLMs. Furthermore, cross-
dataset distribution-shift experiments show that, after performing ACNS offline attribution and
Bayesian optimization once on each source dataset, ACND can be directly transferred to target
datasets without re-computing neuron attributions or re-searching hyperparameters. In most
transfer settings, it still achieves positive performance gains over the greedy decoding baseline,
demonstrating strong cross-distribution robustness and the transferability of its offline-optimized
neuron configurations. Further generalization analysis indicates that ACND exhibits favorable
scalability across model sizes and compatibility with different open-source model families.
Without requiring model parameter updates, ACND can be integrated into the decoding stage of
existing models as a plug-and-play module, providing a fine-grained and interpretable approach to
hallucination mitigation for large language models in knowledge-conflict scenarios.

Keywords large language models; hallucination; knowledge conflicts; contextual fidelity; sensitive
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Contexte In 2024, Paris becomes the second city |
to host the Summer Olympics three times,
after London. ..
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PRI 45 B A R . BT ACND 7ERETH B R
SCAE L[] AT S5 R R < SR B A 5
R S ATk

ECARE-KRE-SR( | ) — Original
Qwen.5-7TB —— RanN
40 wio ACNS

— w/o NACD
— ACND

Qwen2.5
-7B-Inst

Llama-2
-Tb-chat

4.7 DHEREBEEEITMG

R 56 IE ACND 7 4 455 53 7 I # (distribution
shift) 375t F & Hatk . 78 COSE-KRE(D,) \RACE-
CCR(D,) fl ECARE-KRE (D) [a] #4717 &2 4 B9 52
SPEAf

X TR ML B e 7E £ 4 D, il 2548 1
AT — K ACNS B 48 59 A 5 DL 3 £ Ak A5 21 55t
ZH00° (M, D, ), SR )5 76 [ —5cHl 4 1 a4 B Ah
ACNDGn-Dp) o AiE—B 1A 5 AR B me 1 ks
R M 7 B4 42 D, 59 U1 2k 4 B A5 20 5 F 2 50
0" (M, D, ), FLEER 2 HFREHRAE D, (i 745 ) B9
£ AN T BT AT AR AT 05 PR a8 S 55008 &R G 4
T P4l ACND (crossD,—~D)) o i 3 % b in-D, 5
crossD, =D, [ 45 % , AT fb ACND 7E 53 47 ffi
ST S S AT RS A RSB AR % 3 A1 1
BRI ACC FI SR P RESS AN 3R 8 FITR
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COSE-KRE-ACC( 1)
Qwen2.5-TB
75

Baichuan2
-7B-SFT

=

ichuan2

Llama-2
-Tb-chat

Baichuan2
-TB-SFT

COSE-KRE-SR( | ) ___ Original
Qwen2.5-7B —— RanN
45 —— w/o ACNS
— w/o NACD
— ACND

Qwen2.5
=7B-Inst

Llama-2
-Tb-chat

K3 COSE-KRE %8 1 fil 52 56 25 5% L

RACE-CCR-ACC( 1)
Qwen2.5-7B
90

Baichuan2
-7B-SE

Bdichuan2

Llama-2
~Tb-chat

XJ Eb T A R R AT 4R  ACND 7£ [A] 4347 P
T T 5 A A R 2R Original , 3639F T ACND 7F
SHARE A S0 LA RUE. fEE TR,
JRUE AN R B £ A0 75 B R IR 25 0 b AR AR AR 22
S FE T H AR B2 A0 AL A5 2] 1) ACND Ccross 37
REBFBA G T RIFIEM I X AR T
ACND RIFHSHEERERE T 3 A0 08 B L2 i s 1
[ P 1 I AE B AT 5550 A B ATHSR T, 162 ACNS
JIFA AR 0P 5 2 A HIL I AT B AT 554 AT i T AR RS 1
PRAL T SEUE SR

54 LIRSS ACND 1638 AP R R B B
U ) 53 A1 D B B R 1k 5 A S50z A e O s A O
PAE PG — R E LA AL, BT R0 — %
I ORI B6 R H B — e nT RS
T SO 22 0T 25 (], R AE R 23 A A — 2

Baichuan2

RACE-CCR-SR( +) — Original
Qwen2.5-7B —— RanN
65 —— w/o ACNS

—— w/o NACD
— ACND

% wen2.5
.. =TB-Inst

-Th-chat
Fl4 RACE-CCR 47 Al sz 45 14 e

A BT  FEBTTE 55 EATIREPRAFRGE B PERES £, 1X
A JIHIEN] T ACND B4 85 73 iz AL RE J7 - fE 50 A
e s A ik ol AR P 5 R KT 5E

5 4

5.1 HEBSHAERA

Shy S B LA R P A e 22 e AL ACNS
LT WA S5 (088 2 400 2 o B sm BE n, S
TR A, H DL B AL SR W (§3. 1. 3) X Hefk
Frsh V8 ARGk T N TS E0R ) 0
Bz Ak, ST R SO A 28 T Y A R 3
o N RGIRITIX — S A HLE AR LIRS Re
ML WA 5 TR, FATT7E ECARE-KRE AT 45 _E X} 48
ST 0T » AR ST H A AR A 500 o
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#*8 ACNDEHIBENHHIZHIER(%)
B . MK E—D MK E—D, MK E—D.
H Mk : :
ACCA /SRy ACCA /SRy ACC4* /SRy
Original 54.83/38.63 85.83/45. 33 72.76/27. 24
COSE-KRE (D;) 68. 41/27. 00 (in-D)) 84.42/43.17 (cross) 80.02/19. 98 (cross)
Qwen2. 5-7B )
RACE-CCR (D) 55.16/18. 17 (cross) 86. 50/43. 30 (in-D-) 75.02/24. 98 (cross)
ECARE-KRE (D) 68.58/26. 68 (cross) 82.83/43.75 (cross) 80. 11/19. 89 (in-Ds)
Original 44.84/43.37 77.50/45. 25 62.11/37.89
Quens-AD COSE-KRE (D;) 52.21/36. 99 (in-D)) 61.33/41. 83 (cross) 74.08/25. 92 (cross)
weno-
RACE-CCR (D,) 52.21/36.99 (cross) 74. 00/42. 08 (in-D,) 77.47/22.53 (cross)
ECARE-KRE (D) 52.37/34. 21 (cross) 67.17/39. 00 (cross) 77. 47/22. 53 (in-D)
Original 40.75/49.75 86.25/41.83 60. 32/39. 68
COSE-KRE (Dy) 53.19/36. 82 (in-D)) 87.00/42. 50 (cross) 72.89/27. 14 (cross)
Qwen3-14B

RACE-CCR (D,)
ECARE-KRE (D)

53.19/38. 63 (cross)
52.37/38. 30 (cross)

87.
87.

00/42. 00 (in-D-)
25/42. 33 (cross)

70.59/29. 41 (cross)
70. 50/29. 50 (in-D;)

LLaMAZ2-7B-Chat

Original
COSE-KRE (D))
RACE-CCR (D)

ECARE-KRE (Ds)

36.17/19. 31
46. 15/18. 66 (in-D)
44.68/20. 95 (cross)
37.64/18. 00 (cross)

39.
41.
40.

40.58/25.58

42/24. 00 (cross)
67/20. 92 (in-D,)
93/23. 75 (cross)

65.22/34.78
76.44/23. 56 (cross)
79. 64/20. 36 (cross)
82.94/17. 06 (in-D;)

LLaMA2-13B-Chat

Original
COSE-KRE (D))
RACE-CCR (D»)

ECARE-KRE (D)

48.12/34.04
54.5/24. 39 (in-Dy)
55.16/26. 02 (cross)
55.40/22.09 (cross)

58.

63
55

62.92/42. 25

75/35. 75 (cross)
. 75/39. 67 (in-D-)
.33/31. 92 (cross)

69.75/30. 25
78.13/21. 87 (cross)
79. 36/20. 64 (cross)
80. 68/19. 32 (in-D;)

T ML ) 21 I F Y d (P B 5 Orriginal oy STABAFIHAELL 5 (in-D) 3R IR 20 AR 5 (cross) 27m #5573 A it

80 -

ACC(1)/SR()(%)
- wn (=2 =1
= [=1 (=] =
!

(7]
=
T

L5

. e
g PR S
W

20F

1 L L 1

Model
LLaMA2-7B-Chat

= Baichuan2-7B-SFT
Qwen2.5-7B-Inst
Qwen3-4B
Metric

- ACC

=« ACC Baseline

-++= SR Baseline

(1,2) (1,16) (2,10) (2,40) (3,18) (4,17) (4,

33) (8.20) (12,4)(12,22)(16,10)

Hyperparameter Combination

K5 WS A N ECARE-KRE {145 HpA AL M RE 14 52

RS EE R F W] ACNS 7E 5 2418 HEFL
KSCA BEARAT 55 P AFTEVEREIE(E T 1, X — 4R A
JIRUE T Sl A 2 O N S TSR N 1
PEBRL OO EL. BRI 2 oo s B A T
B L I B A R0 S R ST 2T A R AL
e, i e Bt AR E ELAL RS B S 2
DG TS P9 9T T R 3 B2 D T e — 2 i R I i 22 50
Xt T SCHRSAE A W I BE 7 o S 35 B S AR RS 1 7R 3G

SURSREERCR . AR 8 B A X RIS, T Al e
P TC T AR ELRIE AR 0, S8 F S i fe
J10855 . H B P AERRR LIS . UL AT L, BT I
I 4 3 W R A AR A AL B TR SRR B R
ACNS £t 70 Bz Ak 5 e e vk ry il e
TATR G A S T S S HOE R n, 5
Aons TE COSE-KRE-KRE fil RACE-CCR /™ % §i&
£ LEmrEeEm . &6 ME 7 aE KRR, A3
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20 A5 B R PN A I3 1) 8 el A 28 Al S B
T RAETFRTHE SCEBRACR s Je 2, 4 T ZTE .
W 2 [R5 | M P T B DR 2 45 4 S B RE R

ERES R — AP RE T AR SR Y 3 A S HL
il 7 AR PR R Iz AP S bR SOX SR RLRE T T FY
KEEVEH

WF
()| RS VRERE, SR SNOMD | SR Ol e, S 5
|I ‘-\\ | Ao ] \\
| Y f \, i
704 R AN Model
| | ‘ \[{ / / ' —— LLaMA2-7B-Chat
< 60F | SRR o
; [ \ ‘ $X f === Baichuan2-7B-SFT
— \ /
Z 50 | | Qwen2.5-7B
£ 40 L/
H 1
b Metric
T30 < —— ACC
L % -a= SR
20 —- ACC Baseline
2 ===+ SR Baseline
10
1 1 1 1 1 1 1 1 1 = 1
(2,2) (4.2) (4,19) (4,40) (6,15) (8,4) (8,30) (11,2) (12,3)(12,21)(16,20)
Hyperparameter Combination
K6 HBSEULA X RACE-CCRAT 4 MR P Al A5
60 F
I.',"\\ |
\ ‘1
cad x . || Model
: I\ LLaMA2-7B-Chat
s | /L ~—— Qwen2.5-7B-Inst
Z40t | o T
— . | = Qwen3-4B
e \\_\ . !
g by ‘ | Metric
=30 | R Y - ACC
a 1R - SR
- ACC Baseline
«+++ SR Baseline
20
L L 1 L 1 1 L 1 1 L L

(1,15) (2,11) (2,33) (3,34) (7.4) (8,6) (8,20) (9,23) (14,7)(15,10) (16,10)
Hyperparameter Combination

E7 HSHU A5 COSE-KRE {T- 45 o 4 BE ) 5%

WA, ATAEARME S5 55 F XTS5 A
1Tt T 7RG Hr . FETE U T VR
B S AR S S A S EOR R RN I TR R 2 S
HRE . X DRAE T P E S L
TEE 2 5 T B N RO S 78 A R B0 T 0% R
SCHE SON5F 545 BT Rl oA sk
5.2 WETERSFN

SRy ik — 25 43 AT ACNS 75 A5 KL 25 44 v () 4 FH L
P, FRATTO T E 25 SR Y R ORI 28 JT AR AN [F]
J2 G0 oy A R #E AT R G . WK 8 BN
CANSs 7E A [ 452 BU 25 1 v 15 52 30 1 2 90R SRR AT
J W AN TR 48 J2 7E R SO I T e b S

FAE A &«

T 5E UL 5 A (K 2 - CANs 5 HE % 5 i 1K .
X — )2 G F B S R A AE B A BT S
WSS . a2 AY CANs &l TR 25 20% , 1
BRI IR EAT T 52 22 A & 50020 1 5 7 B4R B
Bh R LT UEEZS B E R R R L
BrBt. 7ERRIR)Z, CANs 5 1 B3 LT X
60% , 2 % )2 R AE AL 5 215 L AlA 5 4 )R 2 i
WeHL ) = A . X — & B 5 e R oY — 2L
R 75 B 2 A T2 w1 S5 B

T8 35 X5 AN [T 45 T C AN 23 A 45 5 Ao S 1) %o L
(B 9. 10 o) » il ik — 2548 75 ACNS LI 19 4E:
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it m o E R 2026 4F
35.7% at Layer 28
—s— (Qwen2.5-TB-Inst
—— Qwen2.5-7B
Llama-2-7B-Chat
== Baichuan2-7B-SFT
2\3 25 - Baichuanl—?li 23 8% at |_a}"t!1‘ 32
5 — Qwen3-4B 21.5% at Layer 32
£t :
§ N 15.3% at Layer 28
g - ) ¢ 1 112.4% at Layer 32
2 10.6% at Layer 25 \ i
.5 10 A I~ 1 ,fr
f{‘ \\,\ \ ] \ H'r A
i 17 S\Wy Ve
./’\A , _(/ a A )/ \\/—‘--‘_M_h A
0F . /‘;—\‘“' /':-_‘--—-‘.'\': > ‘-.;,:a—éa__’-‘i-_:_‘;:/._‘:;_- """xv e, ol . il 1—-——.
1 1 L L 1 1 1
4 8 12 16 20 24 28 32

Model Layer

K8 COSE-KRE {4 A Jr] LLMs (1) C ANs 434 )22 4 45 44

FiE NP5z ke ). £ ECARE-KRE % %5 1,
CANs FZAE PR & 2 Ol L 6520) AR B
HZAT 55 0 )28 SO 5 4 R HE R A SR AR . T
1E RACE-CCR AT 5, CANs 5L B H 5 Sy 34 4 ) v

25 | —— Qwen2.5-7B-Inst
—— Qwen2.5-7B
Llama-2-7B-Chat
20 |- = Baichuan2-7B-SFT

Baichuan2-7B
+= Qwen3-4B

10

Cneurons Proportion/%

EE AR (H 22 32% B2 4158%) . KA L
AT 55 ) I M T Jo 8 DR R A B 4 Sy 1 SRR A
PE— L RE T ACNS B8 K AF 55 45 1 gl 2 14
SHREAR 22 TT A i 1B SR

25.7% at Layer 32

21.5% at Layer 32
20.8% at Layer 28/ ,
{

/
v
14.3% at Layer 28
_ ?l 12.8% at Layer 32
10.6% at Layer 25|
)

y { A
AN D

N\ /\ TN LA A A
YA AY
0k i
A . A A A
16 20 24 28 32

Model Layer
K9 RACE-CCRALSSH AR LLMs i CANs 434

AU S BRI 1) £ B LA B, AN [ RIS 1Y)
FEHL (U 4B 5 7B)7E CANs )2 900 A 5 30 AH
AR 35 H 7B BERIFE VR 2 ph 28 o0 iy LT SO 5
JE b T AB B, S B S RO A 5 i m] BE A B
FHETRBIRIN B 4208 B SOy RE J1 . ACNS
TE N R S B (AR 34 3% I — 350, 3 — 25 e
THARGE G SR R S TR

25 BT s ACNS 38 & Ho o3 J2 sh a8 T e AL fg
AT R AN [ 55 v DG )1 SCEEAR 2 90, 5
i 3 X5 b SCAR Ak e B ORI M 200, R B R A
AT 55 3k oy Pk 5 A Ak g

5.3 XFLLARADIRIEHLEI 4 47
5.3.1  BhAXF L REUW wh o i RE )
ARG R R SRR SRR
] A 1 L 58 , NACD 51 AT gl 2540 b R Eepl i
JELL ISD AR A th 25 B (R B M BE 1t . A3 T KL
J& . ISD B4 X Btk HL IR G Bl H —46[0, 1], (i H:
BIE FH AR SR A R A sl A i S A DU 5 e 7 30
o HRGTATZALEIE S PR E 55 T AR B, FA]
TEZ MR S5, A T NACD.CAD 5 Original
AT RESE bR, A 11 fis .
TR L5 TR NACD FEA [] U A 15 4625



81

SRS A T A IE N BT SCRR 2T 1 R K ) R

1929

33.2% at Layer 28

—+— Qwen2.5-7B-Inst
—— Qwen2.5-7TB
2.7B-C
—_ EmenzB?; I‘sflltv'r 25 7% ot Laye 32
_7B- ? 2
e 25 Baichuan2-7B 23.8% ?l Layer 32
2 —+— Qwen3-4B A
220t - 18.9% at Layer 28 /
= 16.5% at Layer 31
: .f
it 13.2% at Layer 25
s
Z10f
9]
5 L
N ol A A A A A o o A
4 8 12 16 20 24 28 32
Model Layer
E10 ECARE-KRE{L45H AN [H LLMs ) CANs 4347
(a) ACC( 1) (b)SR( +)
Baichuan 2-7B 65 2848 27.17
Baichuan 2-7B-SFT 60 2946 2455
I 35
Llama-2-7B-chat  36.17 36.50 55 19.31 17.18 18.66
- 30
Qwen2.5-7B 50 26.35
; 225
Qwen2.5-7B-Inst § 4
- 40 =20

Qwen3-4B
CAD

Original
B 11 ARRAES AR, Original .CAD(a = 0. 5)55 NACD Ca;sp ) fiI 3 4] H

155 TR B S T e M RB R T I AR 5 1z 1k
Bt J1. 7E ECARE-KRE |, NACD J& 8t 556 ) &
e 592 AL BE 1 . 2 %8¢ Original B {8 i [# R 24
11% . A1 % CAD i — 25 V-3 F B 3% ; £ COSE-
KRE I, #% Original P34 15 2 8 %6 . A% CAD
— AR 2 2% 5 76 RACE-CCRAE 45 f , NACD
WARAI G T CAD. JEILH X R SC AR sk g
5 g T A RN HI BE 7T . NACD 7E AN [/ =
BORME R O 4B 3 7B) F Iy F B — By P fg
PEFFEH A RIS R AR AR Ak 1T ™ A W 2 5y, 31X —
MG TS e Tz 52 R B e et 5 i
ZAkRET

25 LT IR , NACD i i3 8l 45 %) b 22 EpL i
LR AT 55 Yy B Y R B A S i aE v
— 3 L BERE A AR BT X S S O R 2o
T L B85 X g A LR SCERTE X R RE . MEET
A HEZTJ5 1  NACD 7R 44558 BRI LAY
fER S 8 .

NACD

CAD NACD

Original

5.3.2 X HUIRRLIE 2% Sk M

SRt — 2B UE ACND FEAIRL B 28T IR 458 2 1HT
(P AR SCRE U SR 1 J2 G0 i J5 12 DoLa
(Decoding by Contrasting Layers) # 17 X} b 43 #r .
Dol a il it AR b [a]— R AL 5 2 5 452 A%t 0 A
2 SR IG i 5 S A OOUHAAE TR F 2 8] 2 4l
FEFIHH . 25T DoLa B 5 SEEUX TR AR (1) R
i FC AR SCFE LLaMA2-7B-chat SR |-, B X 4
SABAREIAT TS SRR I PR,

%9 LLaMA2-7B-chat EF RREIf#E A ERIIT L& R (%)

Original DolLa ACND
G
ACCA/SRY ACCA/SRY ACCA/SRy
COSE-KRE ~ 36.17/19.31  32.08/22.42  46.15/18.66
ECARE-KRE 65.22/34.78  68.05/31.95  82.94/17.06
RACE-CCR  40.58/25.58  39.54/30.42  41.67/20.92

SE I 4k R R, 7E LLaMA2-7B-chat # # |-,
Dol.a 77 ¥ 4F COSE-KRE 5 RACE-CCR |- H Bl
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Eitd 2026 4F:

AEIMLRBLZ (R ACC BEAL . SR#ETH) o XA sh &
T P T2 SR f o BE A R B S R T L2 R 4
PR A SR 4L & 2 0 I SCRHIE S S8k id 2 .
FELAT 2 1) J2 1)) b SR s e L2410 ) 56 56 1) TR] s A 4%
S B HRORE Y )R S S, BT AT RE PR R 5 AT
TR TR X 50 Ak S 50 A AR

M Z T s ACND 4 BUS e (R AR 3X — X [
B SR T AERL & 24 b SC-Se 5 v g i, 78
[ AR )22 (B) 22 S+ B R EE R 51 A FEN NS A9 i 48
JUALJEE VR4 B SRS o 2 (o7 I 10 ) w28 JE B8 B A2 L IR
A FEN P70 28 0kE B (RS R0 5 3. L
FEURLIE (%) J22 GO0 LU 3R W B kg A 280 A 00 2 fi it
B S LT ) .
5.4 ZLBENSR
5.4.1 LS Z AT

R ARG EAE ACND 24T 45 5t T 1@ W 1k 5

W A A AN FTE S5 A T R A o
Franf 12 s . SEigs SRR, ACND 7£ COSE-
KRE fl ECARE-KRE H i 52 43 Bl $2 7 1296 F1
1096, i [E Z [/ 20 R R 800 AN 10% . LSRR 4% 15
ST 4 5 58 i RACE-CCR K SCAS #E 34T 45
ACNDRIRE T CAD 5 IRCAN F£L , g — 5 31E
TR BN SO RE 7 5 AT AE B DA O
FEUE MBS AR b 2 B R R IR RE 1. M
T, IRCAN 7 ECARE-KRE % 4%: 45 v i PPk fiE
B, CAD f 8 B R 400 [ 2R, (78 & 24T 55 i
HER R AR THABE . T ACND 4E 45 ¥ 8 1F ] $2 71
AT HAZ O A 2200 [ 18 N 0 2k 5 A 200 A 18
7 % L g A ol L £ s LR (992 AL B D) 5 R
25 I AR g U A 22 GO R
P RRIEAE Ry KB 5 B AE 24T 55 b 5t b i)l FH
SRABTHL

COSE-KRE ECARE-KRE RACE-CCR
ACC Increase
1k 1k 1k SR Decrease
£
-
g
= TH TF 7
2
o
=
S
o 2F 2F 2r
(-9
-1 1 1 1 1 _3 1 1 1 L 3 L L L 1
R A = ‘\0 ‘.}0 % I, Ay _'\:0 0 .-\:0 ,I\Y\ ,1\0 -.xO
P \Q\UT?S\_XU e, o \Q&L?“&xv ea SR NS
N N N

KI12 =Sl BAE 55 vh AN R 7 i iV BB £ LU AR

5.4.2  PERIRLZ AL AT

1. BERVERELY JRPE BT . BEE BB S8R
S0 N AR ) SE AR R e, e AR
B R AR A ], O R SRR R i i R R i
T HE TR, N T EIE ACND 1 A A A 8 2 50
RN Bz A RE 77 . FRATTAE 13B F1 14B RLAR (14 155 4
TS CAD FIIRCAN 20 FE 4k (9% HE 5256

SEIRZERANE 13 B , SR R ARS8 PR 25 1
Vi AT SR 0 B R ) S e AR, ACND
TS RE AT CFT WA 760 Sk T D) 5 60 R ) 4o B i1 5 ( SR 3R
Wit [ 8 SRR B o DRI RRE 1 PE BRI 45,
HR < e VAR AR [ IR R Ak R

TE5 A BE 4 i iR ) % L, ACND 2R 81
VR Z U B RE A EY . CAD = BAR S 2 A A

FEPHAE L 1M IRCAN Jay BT HS 1 ph 28 T E AL AH L
Z T ACND A T e i shaS ik 5 [ 1E 6
XF ELTET RS SC B RS HE R B 2 A ST . 7
KSR R TR 24455 (RACE-CCR) H Rt
S WS THDG IS R A 3 55, CAD AN IRCAN )+
W5 52 IR . 5| & S Pk BE I 86 s ACND RERS R
X a8 B 1 Sl AR B A B e R AR e A
B IXTA] o S LIGIE T IXHE AR A I X & 2 AT 58
i B B AR AL RE ) 5 O IR Pk , 72 AN TR
BRI T 20 A P REER T 2

IR gE R PE— 2 KB, ACND (932 {8 25 3k
T80 i 3 JEABE 23 0% ] PR S A T YT X A
TR Ay S R AE A f 5 i R SR T TR 2 I ) A . —
1 » ACNS 3 ixf 5 PRIBIL I 2 A7 fr_E 7 SCEK 8l H X i
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Qwen3-14B
90 F
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80 | Q
87.21 4 Wl
70+ \ -
8 86.4 & ! t
4 A7
<.l 416 420 424
sok ;';"“-‘---,H_
40t 2.
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SR
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mmm RACE-CCR
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A CAD
O IRCAN
0r e ACND
| >
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4 L
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SR

K13 Rz AL PEREXT L

) e B50JER Y OGS FFIN B 28 7, I it o g 1) 330305 1
i s NRAEJZ T 58 AL b SCAHOCHRAE s O3 — 7 T »
NACD J£F JSD B &t [T 30434 5 58 50 43 A 1) i
SR, A N IR 70 BSER BE L AE logits 25 (8] SE B ik
N S N = % 111 T = 3 el ) S O 1
SR K AR, ACND AT REA Ui & X —
BLL, B i FUBL AR e 12 fh e

2. R B iE ACND XA [F] FF A 285 5 15 A0 48 4
ik R IE FE B ATT7E Gemma R AR (Gemma-

7b-it.Gemma-2-2b-it)_F A THAIF .

S 2k BAN K 14 s s ACND £ % 4> Gemma
FEAY AR RR 2T T HERE. N, 7 ECARE-KRE
AR, ACND # Gemma-2-2b-it [ E i R 45 5
T 7.07% [ B i [ % (SROBEAR T 7. 07% .
X T H KB Gemma-7b-it 5 %, ACND 4 3 T
3. 49 WY TERR AR TR 3. 2% B R B . T TE
RACE-CCR & 24K SCA s, AN RIS AL i 25 1
JEAFTE 225 AT S A RS 54T 55 W s S [] 52 )

Gemma-Tb-it Gemma-2-2b-it
70t 70k 51012
0
a8 504 A~
60 F . - 60 - { , c/
9 645 _e‘---_____ﬂ 30.0 31.5;
<50 643 50+ Lol s COSE-KRE
ol RACE-CCR
642F A o ECARE-KRE
40 - 382 384 --= 40k A O Original
e SNy A CAD
o, O IRCAN
30 - 30k ® ACND
25 30 35 40 25 30 35 40 45
SR SR

Bl 14 Gemma RANBIRL iz fb 45 5%

A4 Gemma (Y 2R A AUEE 73 47 5 LLaMA 17 1£
225 (0 ACND B 2 TC A DA LE AL
il BT IR R T R SUBESAR . X IR
T ACND AMYBR T4 AL R 41 L i 1 &
Y Dense Decoder-only Transformer #5%1 ,

55 BRUESRELERSH

SR ACND 7E 2 B 54T 55 rh e B B e
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Background

Large language models (LLMs) have demonstrated
remarkable capabilities in natural language understanding,
reasoning, text generation, and knowledge representation. Their
strong parametric knowledge enables them to perform effectively
on a wide range of knowledge-intensive tasks, including open—
domain question answering, fact verification, and causal
reasoning. However, despite these advances, LILMs remain
prone to hallucination, especially when the knowledge encoded in
model parameters conflicts with newly provided contextual
evidence. This problem becomes particularly critical in dynamic
or domain—specific scenarios, where external information may be
more recent, more accurate, or more task-relevant than the
model’s pre-trained knowledge.

A typical source of such hallucination is the conflict between
parametric knowledge and contextual knowledge. Parametric
knowledge is implicitly stored in model parameters during pre-
training, while contextual knowledge is explicitly provided in the
input prompt or retrieved documents. When these two knowledge
sources are inconsistent, LLMs often over-rely on their internal
memory and fail to sufficiently attend to the given context. Prior
work such as context—aware decoding (CAD) addresses this issue
by contrasting output distributions with and without contextual

input, thereby encouraging the model to trust the provided
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evidence more strongly.

While prior work explores retrieval-augmented generation
(RAG), knowledge graph integration, and fine-tuning to
mitigate this issue, these methods typically lack mechanisms to
adapt the model’s internal decision pathways for context—sensitive
reasoning. Recent advances such as CAD and attribution—based
neuron reweighting methods (e. g. , IRCAN) offer improvements
via output-level regulation or static neuron adjustment, yet remain
constrained by coarse—grained control and limited adaptability.

In this paper, we propose Adaptive Context—aware Neuron
Decoding (ACND), a novel framework that leverages Integrated
Gradients and Bayesian optimization to dynamically identify and
enhance context—aware neurons during inference. ACND enables
fine—grained regulation within feed—forward layers and introduces
Neuron—-Adaptive Contrastive Decoding, which adjusts generation
probabilities via Jensen-Shannon Divergence to mitigate conflicts
between parametric knowledge and contextual knowledge.
Experimental results demonstrate that ACND achieves an average
accuracy improvement of 8.1% and a reduction in stubbornness
rate of 6.8% for LLMs, consistently outperforming strong
baselines in both accuracy and robustness.
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