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Introduction

® Limits of Traditional Explainability (Attention):
RSN S

describe this image in detail

The image depicts a cozy, vintage-style
roonwith a mix of traditional and rustic
elementsThe room features a sloped
ceiling with astriped wallpaper pattern in
shades of [Blll@,white, and red. The walls
are also adornedwith sirnilar striped
/ wallpaper.

® Attention is Indistinguishable:
No clear pattern exists to
differentiate hallucinations
from veridical tokens.
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Motivation Experiments

M Saliency

B Finding 1: Contextual Saliency Collapse Precedes Hallucination
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Motivation Experiments

B Finding 3:Output-to-Output Saliency is the Primary Driver:
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sentencel The image depicts a cozy,

elements.
ser pattern in shades of [HIliB-

sentence2 vintage-style room with a mix of traditional and ru
sentence3 The image features a sloped ceiling with a striped wa

high saliency

Output Token Saliency Patterns in Qwen2-VL-7B. When generating a correct
token(e.g., wallpaper), the current token assigns high saliency to recent
output tokens, typically decayingwith distance. In contrast, when generating a
hallucinated token (e.g., blue), saliency toward all prioroutputs collapses —
signaling contextual disconnection.
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Motivation Experiments

M Saliency

B Robustness: Consistent Pattern Across Models
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Figure 5: Attention map and saliency map of LLaVA1.5-7B.
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Motivation Experiments

B Saliency

B Finding 2:Quantitative Link Between Saliency and
Hallucination Probability

Hallucination Rate > 70% when Saliency < 0.1

Mean Saliency (+ Standard Deviation) by Model and Token Type

Continuous Negative Correlation (Step 2) vs Token-level Distribution (Step 1)
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Figure 2:Statistical analysis of output-token saliency vs. hallucination. (a) Mean

(B)

saliency forcorrect vs. hallucinated tokens across three models. (b) Hallucination
probability as a function of saliency bin (per model average).
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Motivation Experiments

B Pattern Persistence in Long Sequences.

preparing (g few . significant Cg
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sentencel A man i ing next to the t
to throw it int

sentence2 Another person is

e scene, one of them holding a handbag.

sentence4 The train occuplies a significant portion of the image.

Figure 12: Long sequence example. A comparison of the saliency of the correct tokens before
and after the hallucination token shows that the saliency of the correct tokens before and after the
hallucination token is still greater than that of the original token.
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Information compare
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Figure 8: The information flow of different models.
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[1] Opera: Alleviating hallucination in multi-
modal large language models via over-
trust penalty and retrospection-allocation.
CVPR2024

[2]DOPRA: Decoding Over-accumulation
Penalization and Re-allocation in Specific
Weighting Layer. ACM MM 2024

[3] Intervening Anchor Token: Decoding
Strategy in Alleviating Hallucinations for
MLLMs. ICLR 2025

[4]See what you are told: Visual attention
sink in large multimodal models. ICLR 2025

B Difference.For example, OPERA[1] , DOPRA [2]identify that anchor output token can lead to
hallucinated token generation and try to penalize anchor tokens' logits. TAME/[3] focuses on anchor
token propagation in all layer, dynamically adjusting these anchor token. Vissink [4] found that the
vision attention sink in the middle and deep layers converged on some <cls> or image-irrelevant tokens
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Our method

Method:Saliency-Guided Rejection Sampling (SGRS)
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Method:SGRS dynamically evaluates the
grounding quality of each candidate token by
computing its hallucination saliency and
rejecting those below a context-adaptive
threshold, thereby preventing coherence-
breaking tokens from entering the sequence.
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Algorithm 1 SGRS

Require: M,x, K, R, o, W, L, 5=35,1=576, H
Ensure: xp: accepted token at position PP

1:
2

11:
12:
13:
14:
15:
16:

17:
18:

" Eq. (1)

logits < M (Xinpur, KV)[:, —1, ]
C <« TopK(softmax(logits), K'), accepted <+
False

3: forr =1to Rdo
4:
5.

¢ ~ Sample(C)
S(c) + SALIENCY(M, ¢, Lurger, P, S, I)

T {j
positions
Hp e {jedp|(P-1)—j<W} b
Recent W outputs
T<—(x-|H—'P|Zj€HPH[j] > Eq. (2)
if S(c) > 7 then
xp + ¢, H.append(S(c)), accepted
True, break
else
C +C\{c}
end if
end for
if not accepted then
Tp ¢ argmaXqcorgina ¢ S(c) > Fallback:
best saliency
end if
return rp

S+ I < j < P} > Output token
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Our method

Method:LocoRE —— Reactive Stabilization (J&3#B /1 [#])

Generate time step Algorithm 2 LOCORE
————— — » :
— Require:
P r low saliency s - A(P+l} 2 'RBX“J: x(P+1)x{P+1): sifoniin
I'he room features a sloped ceiling  with a striped wallpaper pattern § wei gh[‘) for step P +1
g — of 2 2: S = 35,I = 576: system and image token
l ‘W Local Coherence | R - g lengths
——>  Reinforcement gl - . . . : 3: w,: local window size, 8 > 0: gain strength
R — g - - < Ensure: A”+Y: modified attention weights for step
_'__ _ Tigh saliency 5 T room & P+1
The room features a sloped ceiling Vv < 4: ;1 :—[ i;:[‘Lllrre:nl position  ©> Last generated token
S1L1
The
— (0 window _I s 5:t+«P—(S+1]
. Next token prediction 6: if ¢ < 0 then return A("*1)
(A) (B) 7: end if = No output yet
8: Jp + {j | S+ I < j < P} v Historical output
positions
Figure 7: The structure of Local Coherence Reinforcement (LocoRe): attention from the next token ‘?)t if in: @ then return A"+Y
: e P ; 53 e 10: endi
to recent outputs is enhanced to preserve contextual coherence. 11: forallj € Jp do
12: dj + P — j © Distance to current position
13: v 14+ 8-I(d; <w,) > Eq. (3)
14: forall b € [B],h € [n] do
. ) ] 15: AP R P +  1,5] «
. - 7 =
Method:LocoRE is a lightweight, plug-and-play module that ~ aA®™b.n.r+14]5 > Bq. (4)

16: end for

strengthens attention weights from the current query token 17 edfor |
to its most recent output history using a distance-aware gain

factor, directly counteracting the "forgetting” behavior and

saliency decay.
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Our method

Synergistic Workflow

@ hallucation = “dcorrect @hallucation " correct
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can also be seen...... learning how to ski. The man appears to be t
ground

(@b
There are two bicycles one located
right side of the image. A

Figure 3: Effect of LocoRE on output token saliency map (Qwen2-VL-7B). Without LocoRE:
When generating an incorrect token(clock), saliency scores assigned to prior output tokens are
low — indicating weak contextual grounding. With LocoRE: The same position now generates
a correct token(watch), accompanied by significantly higher saliency scores to recent outputs —
demonstrating LocoRE’s ability to restore contextual coherence and prevent hallucination via attention

reinforcement.

Method:SGRS and LocoRE form a closed-loop coherence
preservation system where SGRS acts as a gatekeeper to
block low-saliency tokens at entry, while LocoRE serves as
a stabilizer to reinforce contextual dependencies after
commitment.
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Experiment Results

Table |: Compare results of LocoRE with other SOTA methods on POPE, CHAIR and MME
datasets. The best performances within each setting are bolded, baseline: LLaVA-1.5-TB.
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Table 2: Comparison of different LVLMs and LocoRE across all image benchmarks. Notably, in PR | 5~ ittt ien st oY e, g

the Hallucination Benchmark, lower scores on CHAIR ; and CHAIR 5 indicate better performance,
while higher scores are preferable for other metrics.
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Experiment Results

Table 4: Comparison of different Video LVLMs and LocoRE across all video benchmarks. In the
Video-Based Text Generation Benchmark, five scores are assessed: Cr. (Correctness of Information),
Cs. (Consistency), De. (Detail Orientation), Ct. (Contextual Understanding) and Te. (Temporal
Understanding). Following Maaz et al Maaz et al.|(2023), we use the GPT-3.5 Turbo model to assign
a relative score to the model outputs, with scores ranging from 0 to 5.

Method MSVD-QA MSRVIT-QA ActivityNet-QA Video-Based Text Generation
Accuracy T Scorel | AccuracyT Scorel | Accuracy T Scoret | Crnl Cs.l De] Ct] Te.l

Video-LLaVA | 648 3.7 59.0 3.5 41.5 33 | 232 234 265 275 209

+ LocoRE (Qurs) 65.9 (+1.1) 3.8 61.3 (+2.3) 4153 41.9 (+0.4) 35 236 242 288 287 212
Video-LLaMA2 || 70.9 3.8 67.2 3.6 49.9 33 | 313 323 270 342 245

+ LocoRE (Ours) 71.8 (+0.9) 39 69.9 (+2.7) % i 32.2 (+2.3) 36 336 341 2.91 355 2.66

Generation Time per Sample Across Methods

x _ SGRS and LocoRE Performance

| Generalizable:
: Working well on both common and task-specific
tasks

E— 5 Efficient

[T | - - - -

R AR Y No trainable parameters or fine-tuning required, a

plug-in module

Method
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