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Introduction

lExplainability of  LVLMs：
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Introduction

lLimits of  Traditional Explainability (Attention)：

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 blue,white, and red. The walls 

are also adornedwith sirnilar striped 
wallpaper.

no pattern

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

n Saliency
n Finding 1: Contextual Saliency Collapse Precedes Hallucination
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Motivation Experiments
nFinding 3:Output-to-Output Saliency is the Primary Driver:

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

n Saliency

nRobustness: Consistent Pattern Across Models
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Motivation Experiments

n Saliency
n Finding 2:Quantitative Link Between Saliency and 

Hallucination Probability

Figure 2:Statistical analysis of output-token saliency vs. hallucination. (a) Mean 
saliency forcorrect vs. hallucinated tokens across three models. (b) Hallucination 
probability as a function of saliency bin (per model average).

Hallucination Rate > 70% when Saliency < 0.1
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Motivation Experiments
nPattern Persistence in Long Sequences.
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Information compare

nDifference: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

[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



author title 2026-4-3 10

Our method

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.

Method:Saliency-Guided Rejection Sampling (SGRS)
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Our method

Method:LocoRE is a lightweight, plug-and-play module that 
strengthens attention weights from the current query token 
to its most recent output history using a distance-aware gain 
factor, directly counteracting the "forgetting" behavior and 
saliency decay.

Method:LocoRE —— Reactive Stabilization (局部加固)
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Our method

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.

Synergistic Workflow

l Proactive + Reactive: SGRS 
proactively prevents "bad" 
tokens from entering, while 
LocoRE reactively ensures 
"good" tokens are not 
forgotten 。

l Closed-Loop Integrity: 
Ensures each accepted token 
is both well-grounded (via 
SGRS) and locally influential 
(via LocoRE) 。

l Inference-Only Efficiency: 
The entire workflow requires 
no retraining and maintains 
high efficiency (LocoRE 
latency <2%) 。
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Experiment Results
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Experiment Results

SGRS and LocoRE Performance

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

Efficient
      No trainable parameters or fine-tuning required, a 
plug-in module
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Meida/We Chat
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Thank you!


