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We identify the negative impacts of contrastive decoding methods on both the quality of
generated content and model inference speed.

We analyze the modality fusion mechanism in MLLMs, highlighting its insufficient attention
to visual information.
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Limitations of Contrastive Decoding sl
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Limitations of Contrastive Decoding CVPR @ﬂW&

» While reducing over-reliance on language priors, these methods may compromise the coherence
and accuracy of generated content.

» Contrastive decoding necessitates separate processing of the original and contrastive inputs,
which considerably increases inference time.

I Vanilla Decoding I Visual Contrastive Decoding

85 Model Method | ScienceQA Nocaps
801 Regular 0.141s 0.456s
" LLaVA-VLS-TB 1 "yep | 02935 1.086s
70 Regular 0.222s 0.602s
o] LLaVA~vIS-13B 1 yep 0.459s  1.372s
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Table 1. Impact of VCD on Model Inference Speed. The table
shows the average inference time per sample (in seconds) on the
50 ScienceQA and Nocaps benchmarks. Applying the VCD method
LLaVA-v1.5-7B  LLaVA-v1.5-7B LLaVA-v1.5-13B LLaVA-v1.5-13B , )
ScienceQA Nocaps ScienceQA Nocaps nearly doubled the inference time of the model.
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Rethinking Hypothesis of Hallucination CVPR W%&

« Methods for hallucination mitigation via contrastive decoding often trace
object hallucinations to excessive dependence on linguistic priors.

* However, we propose an alternative perspective: object hallucinations
primarily stem from the model's insufficient attention to visual signals.



Visual Neglect in Modal Fusion CVPR @GW&

« The model performs the crucial fusion of visual and textual modalities in the middle layers,
creating cross-modal semantic representations that drive the final predictions.

 During this critical fusion process, the model demonstrates inadequate attention to the
visual modality.
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Method: Visual Amplification Fusion CVPR @W&

* Visual Amplification Fusion specifically amplifies visual signals at these middle layers,
enabling the model to capture more distinctive visual features during fusion

« This technique not only strengthens the model's visual representations but also retains the
beneficial influence of language priors, thus preserving content quality
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Results: Hallucination Mitigation

» Visual Amplification Fusion demonstrates comparable effectiveness to existing

methods in alleviating object hallucinations.

LLaVA-vl1.5-7B

LLaVA-v1.5-13B

| Qwen-VL-Chat-7B

Category  Method ‘ Accuracy  Fl-score ‘ Accuracy  Fl-score ‘ Accuracy  Fl-score
Regular | 87.840.0 87.540.0 | 87.610.0 87.410.0 | 88240.0 87.940.0

R VCD | 88410.6 87.710.2 889113 878104 | 89.110.9 8847105
andorn ICD | 88.110.3 87.610.1 | 88.110.5 87.6102 | 88940.7 88.140.2
VAF | 89.6118 893118 901125 8991425 900118 89.711.8

Regular | 8251 0.0 83.240.0 | 82.740.0 84.110.0 | 8241 0.0 83.110.0

Porular VCD | 83.110.6 841109 837110 851110 | 830106 84111.0
P ICD | 821,04 829]03 89102 843102 | 832108 845114
VAF | 845120 849117 852125 864123 849125 851120

Regular | 77.610.0 7944 0.0 | 77840.0 79.510.0 | 7724 0.0 78.91 0.0

Advercaria] | VED | 781105 796102 | 782104 797102 | 788116 80.11 1.2
CRAA 1 ep | 785409 799405 | 79.14 1.3 80.110.6 | 78.110.9 79.210.3
VAF | 80.1125 81.0+1.6 807129 817122 804132 812423
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Results: Side Effects and Trade-offs CVPR @Wé

Alternative approaches often result in substantial degradation in output quality and
inference efficiency

Visual Amplification Fusion maintains both with negligible compromise

1 Regular B vCD B ICD B VAF X
ScienceQA  Nocaps

LLaVA-v1.5-7B LLaVA-v1.5-13B

Model Decoding Accurancy  CIDEr
Regular 68.0 78.7
VCD 64.5 65.7
LLaVA-v1.5-7B ICD 62.4 62.3
VAF 68.5 78.8
Regular 71.6 82.6
VCD 70.0 68.9
LLaVA-v1.5-13B CD 602 603
0.0 0.2 0.4 0.6 0.8 1.0 12 14 VAF 71.7 82.3

Latency / Example (s)



Conclusions CVPR Wﬂa

Limitations of Contrastive Decoding

» We identify two key drawbacks of using contrastive decoding to mitigate hallucinations:
reduced quality of generated content and slower inference speed.

Insights into Object Hallucination

« The model performs the crucial fusion of visual and textual modalities in the middle
layers, creating cross-modal semantic representations that drive the final predictions.

« During this critical fusion process, the model demonstrates inadequate attention to the
visual modality.



