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[Abstract]

Large language models often generate nonfactual or “hallucinated” text and fail to effectively incorporate new context. To address this
issue, we propose Layer-aware Context-aware Decoding (LACD), which injects a context-knowledge conflict handling mechanism into
every layer, then compares token probabilities from intermediate and final layers to dynamically balance pretrained knowledge with newly
provided context. Specifically, it employs Contrast Decoding to preserve the context signals captured in intermediate layers while
preventing the final layer from overreliance on pretrained knowledge. Experimental results on HotPotQA show that LACD improves
performance by up to 1.9% over simple context augmentation methods and performs comparably or better than existing techniques such as

Decoding by Contrasting Layers and Context-Aware Decoding, effectively mitigating hallucinations.
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Mount Everest.

Is Mars called the Red Planet?

yes.
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Table 2. Experimental results for @,

a,, Exa‘(:ém)‘a‘tCh BLEU ROUGE-L

0.1 40.068 17.833 56.801

0.2 40.473 18.209 57.002

03 40.729 18.592 57.114

0.4 40.486 18.581 57.144

05 39.082 18.14 56.2
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Table 3. Experimental results for the comparing layer

Layer Exaflta\'\/l"fmh BLEU ROUGE-L
12 40.702 18.584 57.129
16 40.729 18.592 57.114
20 38.788 9.895 38.792
24 7.6705 5.0754 24.92
28 2.988 3.866 18.395
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Table 4. Experimental results for «,,,,,

Ciger Exafém)atoh BLEU ROUGE-L

0.3 40.689 18.584 57.124

0.4 40.675 18.578 57.112

0.5 40.729 18.502 57.114

0.6 40.675 18.582 18.582

0.7 40.702 18,586 57,118

V.8 E

H =50 Ful Au ol glolo] 7ke] Contrast Decoding
3l 2e txyg 49 LACDS Aokl o] 7]&

el

9] CAD, DoLa, Z12]3L Baseline &9} v|wslo], T 3

Hol Ak ghEE A4 7] FES B9 UF-9 golo] A9

< Fate] aF o= afdstara} ik A3 A, LACDE

EM ©F 1.9%, BLEU ¢F 1.4, ROUGE L oF 3.84W&F A5
Fate] Bele] Ao AFeE A =Y

o] ¥z 202591 % (TS HEAM) o] Al
2 gl yAge] Aels wol =¥ 79 (No. NRF-20
22R1A2C1005316).

k|
[1] S. M. T. I. Tonmoy, S. M. M. Zaman, V. Jain, A. Rani, V.
Rawte, A. Chadha, A. Das, “A Comprehensive Survey of

Hallucination Mitigation Techniques in Large Language



Context-Aware Decoding®f Layer M H| WS SO+ 2 10| 2R 9| 2k25 4k 2t5t

Models,” arXiv:2401.01313, 2024. https://doi.org/10.48550/
arXiv.2401.01313

[2] J. Wei, X. Wang, D. Schuurmans, M. Bosma, B. Ichter, F.
Xia, ... and D. Zhou, “Chain-of-Thought Prompting Elicits
Reasoning in Large Language Models,” arXiv:2201.11903,
2022. https://doi.org/10.48550/arXiv.2201.11903

[3] S. Yao, D. Yu, J. Zhao, 1. Shafran, T. L. Griffiths, Y. Cao,
and K. Narasimhan, “Tree of Thoughts: Deliberate Problem
Solving with Large Language Models,” arXiv:2305.10601,
2023. https://doi.org/10.48550/arXiv.2305.10601

[4] W. Shi, X. Han, M. Lewis, Y. Tsvetkov, L. Zettlemoyer, and
W. Yih, “Trusting Your Evidence: Hallucinate Less with
Context-Aware Decoding,” in Proceedings of the 2024
Conference of the North American Chapter of the
Association  for  Computational  Linguistics:  Human
Language Technologies (Volume 2: Short Papers), pp.
783-791, 2024. https://doi.org/10.18653/v1/2024.naacl-short
.69

[5] Z.Zhao, E. Monti, J. Lehmann, and H. Assem, “Enhancing
Contextual Understanding in Large Language Models
through Contrastive Decoding,” in Proceedings of the 2024
Conference of the North American Chapter of the
Association  for  Computational — Linguistics:  Human
Language Technologies (Volume 1: Long Papers), pages
4225-4237, 2024. https://doi.org/10.18653/v1/2024.naacl-lo
ng.237

[6] Y. S. Chuang, Y. Xie, H. Luo, Y. Kim, J. Glass, and P. He,
“DoLa: Decoding by Contrasting Layers Improves
Factuality in Large Language Models,” arXiv:2309.03883,
2024. https://doi.org/10.48550/arXiv.2309.03883

[7] L. Huang, W. Yu, W. Ma, W. Zhong, Z. Feng, H. Wang, ...
and T. Liu, “A Survey on Hallucination in Large Language
Models: Principles, Taxonomy, Challenges, and Open
Questions,” arXiv:2311.05232, 2023. https://doi.org/10.485
50/arXiv.2311.05232

[8] R. Nallapati, B. Zhou, C. Santos, C. Gulcehre, and B. Xiang,
“Abstractive Text
Sequence-to-Sequence RNNs and Beyond,” in Proceedings
of the 20th SIGNLL Conference on Computational Natural

280-290, 2016.

Summarization Using

Language Learning, pp-
https://doi.org/10.18653/v1/K16-1028

[9] S. Narayan, S. B. Cohen, and M. Lapata, “Don’t Give Me
the Details, Just the Summary! Topic-Aware Convolutional
Neural Networks for Extreme Summarization,” in
Proceedings of the 2018 Conference on Empirical Methods
in Natural Language Processing, pp. 1797-1807, 2018.
https://doi.org/10.18653/v1/D18-1206

[10] S. Longpre, K. Perisetla, A. Chen, N. Ramesh, C. DuBois,

and S. Singh, “Entity-Based Knowledge Conflicts in
Question Answering,” arXiv:2109.05052, 2021.
https://doi.org/10.48550/arXiv.2109.05052
[11]J. Liu and A. Liu. MemoTrap: A Diagnostic Benchmark for
Models’

[Internet].

Evaluating Susceptibility  to

Available:

Language
Memorization Traps
https://github.com/liujch1998/memo-trap

[12] J. Lin, “Divergence Measures Based on the Shannon
Entropy,” IEEE Transactions on Information Theory, Vol.
37, No. 1, pp. 145-151,
https://doi.org/10.1109/18.61115

[13] H. Touvron, T. Lavril, G. Izacard, X. Martinet, M. A.
Lachaux, T. Lacroix, ... and G. Lample, “LLaMA: Open
and  Efficient  Foundation Language  Models,”
arXiv:2302.13971, 2023. https://doi.org/10.48550/arXiv.2
302.13971

[14] OpenAl, J. Achiam, S. Adler, S. Agarwal, L. Ahmad, I.
Akkaya, .. and S. Jain, “GPT-4 Technical Report,”
arXiv:2303.08774, 2023. https://doi.org/10.48550/arXiv.23
03.08774

[15] S. Lin, J. Hilton, and O. Evans, “TruthfulQA: Measuring
How Models Falsehoods,”
arXiv:2109.07958, 2021. https://doi.org/10.48550/arXiv.21
09.07958

[16] L. Gao, S. Biderman, S. Black, L. Golding, T. Hoppe, C.
Foster, ... and C. Leahy, “The Pile: An 800GB Dataset of
Diverse Text for Language Modeling,” arXiv:2101.00027,
2020. https://doi.org/10.48550/arXiv.2101.00027

[17] M. Geva, D. Khashabi, E. Segal, T. Khot, D. Roth, and J.
Berant, “Did Aristotle Use a Laptop? A Question

January  1991.

Mimic Human

Answering  Benchmark  with  Implicit Reasoning

Strategies,” Transactions of the Association for
Computational Linguistics, Vol. 9, pp. 346-361, April
2021. https://doi.org/10.1162/tacl_a 00370

[18] K. Cobbe, V. Kosaraju, M. Bavarian, M. Chen, H. Jun, L.
Kaiser, ... and J. Schulman, “Training Verifiers to Solve
Math  Word Problems,” arXiv:2110.14168, 2021.
https://doi.org/10.48550/arXiv.2110.14168

[19] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones,
A. N. Gomez , ... and 1. Polosukhin, “Attention Is All You
Need,” arXiv:1706.03762, 2017. https://doi.org/10.48550/a
rXiv.1706.03762

[20] I. Tenney, D. Das, and E. Pavlick, “BERT Rediscovers the
Classical NLP Pipeline,” arXiv:1905.05950, 2019.
https://doi.org/10.48550/arXiv.1905.05950

[21] Z. Yang, P. Qi, S. Zhang, Y. Bengio, W. Cohen, R.
Salakhutdinov, and C. D. Manning, “HotpotQA: A Dataset
for Diverse, Explainable Multi-Hop Question Answering,”

http://www.dcs.or.kr



CIAH 2 =ofs|=

in Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, pp. 2369-2380,
2018. https://doi.org/10.18653/v1/D18-1259
K. Papineni, S. Roukos, T. Ward, T., and W.-J. Zhu,
“BLEU: A Method for Automatic Evaluation of Machine
in Proceedings of the 40th Annual Meeting
on Association for Computational Linguistics, pp.
311-318, 2002. https://doi.org/10.3115/1073083.1073135
[23] C. Y. Lin, “ROUGE: A Package for Automatic Evaluation
of Summaries,”
74-81, 2004.

[22]

Translation,”

Text Summarization Branches Out, pp.

http://dx.doi.org/10.9728/dcs.2025.26.4.995

1002

=2X|(J. DCS) Vol. 26, No. 4, pp. 995-1002, Apr. 2025

F4d(Sangyeon Yu)

20234 @ b g st (FEA
2024 = 7y et ekl (FEHA AL
20243 ~& A 7P AlaZE ol gty Al
A ok ¢ 2kl o] 2] 2] (Naturual Language Processing), T
g ool R (Large Language Model), 7]171%
3l (Machine Reading Comprehension) %
Z# 8 (Gyunyeop Kim)
2021 @ ZEd st (FEAL
2022 @ 7ot diskd (3 EHAAL
2024 : 7okl g skl (3 8hEbAL)
20210 ~202340: ZFA ]Sk ATAZ g o] b A AL 94
20239 ~& A 7P n AIAZEYo]styl  wRAlbA
P A) ok xbed o] 2] €] (Natural Language Processing), ™ &
Aol el (Large Language Model), 7#3}38ts5
(Reinforcement Learning), HE| R g
(Multimodal) &
Z4a+$(Sangwoo Kang)
2012 A7 oiEtal ekl (& EhEbAk
-AFEHEE)
201211 ~2016: A7 gta A ug
2016 ~& Al 7R g gt JAE A5 e Faulge

KR

4} 3} A ] (Speech Dialogue Processing), %
H 71 A1 5= 3
(Machine Reading Comprehension), 7]4¥ <

2 FHA S of

ZF4d o] 2] 2] (Naturual Language Processing),
Retrieval),

71 A (Information

(Machine Translation) %



	Context-Aware Decoding과 Layer별 성능 비교를 통한 대규모 언어 모델의 환각현상 완화
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. 제안 방법
	Ⅳ. 실험
	Ⅴ. 결론
	참고문헌


