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« Goal: Enhance reasoning accuracy via external open-domain knowledge retrieval.

« Reality. Inevitable retrieval noise introduces contradictions, collapsing logical chains.
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« Conventional Methods: Incorrectly flag valid multi-hop entity variations as false conflicts.

« Our Reasoning-Pivot: Accurately isolates true logical contradictions strictly within the
essential reasoning node.



-~ (if‘ﬁ ‘e ) g Alibaba Group " ICML
N » . E !
%%';UQNCW{;\\ ZHEJ]A[\é UNIVERSITY ’ BEIEEEFH \memoﬂopalConf eeeeee
=  OnMachine Learning

Definition

Defining the Reasoning-Pivot

Knowledge Conflict (Ours) - — SN

3, IXL Reasoning Chain (- Reasoning-Pivot)

nationality™
= § —
?

da Vinci*

An indispensable atomic unit in the
logic chain.
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True Conflict: Mutually exclusive
assertions regarding the exact same
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« Stage 1 (RPA-SFT): Aligns query and paragraph pivots via special explicit tokens.

- Stage 2 (RPGD): A training-free contrastive decoding strategy to structurally
mitigate isolated conflicts.



Dataset

XN S Alibaba Group
) » z fy
) e {omerpsm gy ICML

1) Wikipedia 2) Pivot-Guided Context Synthesis 3, Two-Stage
Source Selection and Conflicting Paragraph Rewriting Quality Assurance
I'T'|
o ] "".'",".'. .......................................... 5 LLM-as_a_Judge
Wikipedia [ == = 5
T » Basedoni TR G- 4}@ AT
'g"” | please summarize 5 relevant paras .. ===§=§==_=—
Raw Data
“ o gm .
N L 1iter _.:". """ Sl LSRR s Y OO R RPN e
e _ (OUO) Here are the ET’éF"Eg 7 + ._.59_.. % ._'q_'
2 = = summarized paras! [ g7 = ‘>6 """ [ﬁﬁl """ s ]>30
o ||| s T VT T ) e L i
% Images & Docs= . &
make . c
@ Q QA-pair Based on i L
l , please rewrite 2 relevant paras
3 Types QA —

Common E

D%I Property @ @ Here are the =: |
Enbiene rewritten paras! =
Malczhop Deficit ' £

 Counterfactual Selection: Targets logical nodes rather than random entity swaps.
« Context Synthesis: Uses GPT-40 for hallucination-free passage rewriting.
« Quality Assurance: Strict mechanism eliminates hybrid hallucinations.
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Table 1. VQA accuracy scores on the E-VQA test set and the InfoSeek validation set, where bold values indicate the best performance

and underlined values indicate the second-best performance, and T denotes results obtained with the same retriever and knowledge base,
making them directly comparable.

InfoSeek E-VQA
Method Retriever Model Un-Q Un-E All Single-Hop All
Model Based Methods
PromptCap! (Hu et al., 2023b) EVA-CLIP-8B Flan-T5-11B 43 38 4.1 10.8 11.4
Prophet++f (Shao et al., 2023) EVA-CLIP-8B Qwen3-VL-8B 132 116 123 10.8 11.4
NoteMRT (Fang et al., 2025) EVA-CLIP-8B Qwen3-VL-8B 28.7 29.8 29.2 23.6 23.6
VKC-MIRT (Ye et al., 2025) OPT-66B mPLUG-Owl3-8B - - 251 - -
Retrieval Augmented Methods
EchoSight! (Yan & Xie, 2024) EVA-CLIP-8B LLaVA-1.5-7B 273 263 268 31.1 28.5
Wiki-LLAVA (Caffagni et al., 2024) CLIP-ViT-L LLaVA-1.5-7B 30.1 27.8 28.9 28T 27.1
RORA-VLM (Qi et al., 2024) CLIP+Google Search LLaVA-1.5-7B 25.1 213 262 - 20.3
ReflectiVA (Cocchi et al., 2025) EVA-CLIP-8B LLaMA3.1-8B 404 398 40.2 5.5 35.5
mKG-RAG (Yuan et al., 2025) CLIP-ViT-L LLaMA3-8B 414 396 405 38.4 36.3
VLM-PRF (Hong et al., 2025) EVA-CLIP-8B LLaMA3.1-8B 41.3 406 4038 36.3 35.5
VLM-PRF (Hong et al., 2025) EVA-CLIP-8B InternVL3-8B 435 4211 425 40.1 39.2
Knowledge Conflict Based Method

REAL(Ours)f EVA-CLIP-8B LLaVA-1.5-7B 306 33.00 318 335 30.9
REAL(Ours)f EVA-CLIP-8B InternVL3.5-8B 43.8 437 438 43.9 39.2
REAL(Ours)' EVA-CLIP-8B Qwen3-VL-2B 332 336 334 40.0 354
REAL(Ours)f EVA-CLIP-8B Qwen3-VL-8B 43.1 45.1 44.1 45.5 414

Table 2. VQA accuracy scores on the A-OKVQA benchmark,
where MC denotes multiple-choice and DA denotes direct-answer
accuracy, and bold values indicate the best performance.

Method

ClipCap (Mokady et al., 2021) —
KRISP (Marino et al., 2021)
GPV-2 (Kamath et al., 2022)
PromptCap (Hu et al., 2023b) GPT-3
Prophet (Shao et al., 2023)
ASB (Xenos et al., 2023)
SKP (Wang et al., 2024)
QACap (Yang et al., 2025)

Model MC DA

44.0 18.1
- 519 337
- 60.3 48.6

13.2 363
GPT-3 76.4 58.2
LLaMA-2-13B - 58.6
LLaVA-1.5-7B - 653
Claude 3.5 76.7 66.3

REAL(Ours)

LLaVA-1.5-7B 80.3 68.3

* Evaluated on E-VQA,
Infoseek, A-OKVQA.

« Achieves outstanding
performance across all

benchmarks.
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-y it REAL-VOA  E-VOA ScienceQA MMKC
MCC FI MCC FlI MCC Fl MCC Fl
Tetachot 29 523 55 509 36 495 07 470
Bew.shetiCoT 37 474 51 496 35 482 00 455
LLaVA-15-7B  ¢py 68.1 846 384 698 346 722 196 663
RPA-SFT(Ours) 894 89.6 377 700 580 77.0 455 723
Feoatiot 93 706 522 826 373 392 619 856
Comviss.gg  Few-shot CoT 115 708 725 895 508 585 705 824
' SFT 884 961 777 89.1 794 885 73.1 858
RPA-SFT(Ours) 956 98.5 786 905 858 908 737 858
Teropshot 190 699 854 945 645 748 234 669
oweirvi gy EewshorCoT 194 723 869 953 674 771 424 714
L SFT 894 968 826 914 870 931 382 732
RPA-SFT(Ours) 98.1 99.1 934 955 879 954 529 74.8

« Robust Generalization

« Substantial F1 discrimination gain across diverse model scales.
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High Efficiency & Component Synergy

v oon EVOA (%)
w w = =

Model Nithod InfoSeek E-VQA
Un-Q Un-E All Single-Hop All
Zero-shot 8.1 T3 T 11.5 11.5
LLaVA-1.5-7B REAL(w/o RPGD) 273 263 26.8 311 28.5
REAL{Ours) 30.6 33.0 318 335 30.9
Zero-shot 1.3 85 93 14.3 14.3
InternVL3.5-8B REAL(w/o RPGD) 36.6 36.1 36.2 39.0 35.0
REAL{Ours) 43.8 43.7 438 43.9 39.2
Zero-shot 204 182 192 20.1 20.3
Qwen3-VL-8B REAL(w/o RPGD) 38.0 394 38.7 42.4 38.1
REAL{Ours) 43.1 45.1 44.1 45.5 41.4
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RPGD Components E-VQA

Patch Shuffle Adaptive Gating Gram Schmidt Single-Hop All
X X X 424 131 38.1 133
X v v 439 16 30.2 |22
v X v 44.1 |14 39.5 119
v v X 435 120 38.9 |25
v v v 45.5 41.4

 All components (Patch Shuffle, Gating, Orthogonalization) are essential.

« Maintains inference latency within 1.3x of standard greedy decoding.
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