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Contributions

We identified that the misleading performance improvement of contrastive decoding
methods is primarily driven by two factors:

« A unidirectional adjustment of the output distribution, which simply biases the

model towards producing more Yes outputs, leading to a balanced distribution on
certain datasets.

» The adaptive constraints in these methods degrade the direct sampling decoding

strategy into an approximation of greedy search, resulting in deceptively
Improved performance.



Contrastive Decoding Strategies

Contrastive decoding is widely recognized as an effective approach to
addressing object hallucination in generative models.

e construct contrastive samples designed to induce hallucinations
* suppress the corresponding output distributions

« ensure closer alignment between model outputs and visual inputs



Contrastive Decoding Strategies
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Adaptive Plausibility Constraint

Adaptive Plausibility Constraint. One key challenge inherent in the three aforementioned methods is
the risk of indiscriminate penalization across the entire output space, which can unintentionally sup-
press valid predictions and, paradoxically, favor the generation of implausible tokens. To mitigate this,
all three methods incorporate an adaptive plausibility constraint. This constraint dynamically adjusts
penalization based on confidence scores derived from the model’s output distribution, conditioned on
the original visual input v. Formally, the constraint is defined as:

Vieat (y<t) = {u €V | po (i | 0.0,50) = Smaxpo (w | 0,0, y<0) |
Pea (Yr |v.2) =0 if yr & Vieaa (Y<t)
Here, V represents the output vocabulary of the multimodal large language model (MLLM), and S is

a hyperparameter controlling the truncation threshold of the next-token distribution. A higher value
of 3 results in more aggressive truncation, thereby retaining only the most probable tokens.



Unidirectional Output Adjustment

How contrastive decoding algorithms can deceptively enhance the performance of MLLMs by

applying targeted, unidirectional modifications to the output distribution?

Most outputs derived from contrastive samples were incorrect, not due to successfully induced

hallucinations, but because the model overwhelmingly favored No responses.

Table 1: Performance of various contrastive de-
coding methods on subsets of POPE Benchmark.

Dataset | COCO Random | GQA Adversarial
Method | Acc % Yes % | Acc % Yes %

Greedy &7.1 39.2 80.9 54.0
VCD 88.6 46.4 78.0 63.3
SID 87.9 42.3 79.9 57.8

Table 2: Output distribution generated from con-
trastive inputs in contrastive decoding methods.

Dataset | COCO Random | GQA Adversarial
Method | Acc %  Yes % | Acc % Yes %

Greedy &7.1 39.2 80.9 54.0
VCD-C 76.7 28.2 71.5 41.3
SID-C 79.0 23.6 74.2 43.1




Unidirectional Output Adjustment

Further illustrate how model outputs change after applying contrastive decoding methods,

providing a clearer understanding of their performance improvements.
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Unidirectional Output Adjustment
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Sampling Decoding Degradation

How contrastive decoding methods misleadingly enhance model performance by degrading

direct sampling strategies into greedy search through the adaptive plausibility constraint?

« In its original design, the constraint was intended as a complement to contrastive decoding

strategies, with no explicit connection to mitigating hallucinations.

« However, our findings challenge this assumption: under a sampling strategy, the constraint

emerges as a pivotal contributor to performance gains.



Sampling Decoding Degradation
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Spurious Improvement Methods

» For the first misleading factor in performance improvement, which involves modifying model
predictions in a single direction to bias the output distribution toward Yes. We introduce two pseudo-

performance enhancement methods: Prompt-Based Adjustment and Output Layer Modification.

Prompt-Based Adjustment Output Layer Modification
____________ ™ /'__________________"I
. ) | I
User Instructions | | Prodicted YES I
Is there a black banana | | | probabilities for YES NO |
in the pz’cl‘ure? | | and NO are close. |
L J | |
r T ——a
Additional Prompt Q“ : I Final prediction is |
| consistently adjusted to
Answer Yes if possible. | | YES. ‘ |
\ J | I |

____________ _ )



Spurious Improvement Methods

Table 3: Performance of Prompt-Based Adjustment (PBA) and Output Layer Modification (OLM).

LLaVA-v1.5-7B | LLaVA-vL5-13B | QwenVL-Chat-7B

Category | Method |

| | Accuracy  Yes (%) | Accuracy  Yes(%) | Accuracy Yes (%)

Greedy 87.1 70.0 39.2 70.0 86.7 10.0 38.7 70.0 85.9 10.0  37.8 70.0

VCD | 886115 464172 | 892125 444157 | 877118  40.612.8

Random SID | 87.910.8 424132 | 872105 4257138 | 86510.6 39.9712.1
PBA | 876105 40211.0 | 902135 45717.0 | 873114 415137

OLM 89.6 12.5 44,2 15.0 90.0 13.3  48.8 110.1 88.212.3 43.8716.0

Greedy 85.8 10.0 40.4 10.0 86.0 10.0 39.470.0 85.6 10.0  38.270.0

VCD 86.2 10.4 48.8 18.4 87.371T1.3 46.3 16.9 87.1171.5 41.2713.0

Popular SID | 85.110.7 451747 | 85.1109 4467152 | 853103 398711.6
PBA | 862704 416112 | 884124 475181 | 868112 4237141

OLM 87.3 T1.5 46.5 16.1 88.6 12.6 502710.8 | 874171.8 448 16.6

Greedy 83.6 10.0 42.6 10.0 84.3 10.0 41.0 70.0 84.0 70.0  39.7 170.0

VCD | 819017 5311105 | 83.8105 497187 | 845105 43.714.0

Adversarial SID 82.3 /1.3 47.915.3 829 1.4 46.9 15.9 83.2 0.8 425728
PBA 83.7 10.1 44.0 11.4 84.510.2 51.3710.3 84.1 10.1 452 15.5

OLM 83.6 70.0 50.1 17.5 839104 5497139 | 84.810.8 484 18.7




Spurious Improvement Methods

The second misleading factor contributing to performance improvement is that the adaptive

plausibility constraint degrades the sampling strategy into a greedy search strategy.

To investigate this, we plan to apply the adaptive plausibility constraint in isolation while using
sampling as the decoding strategy. This will demonstrate the significant performance gains that
occur when the constraint forces the sampling strategy to behave like greedy search. When the
adaptive plausibility constraint is applied independently, the model's output distribution can be

defined as:

Ye ~ Do (e | v, @, y<t) ox exp (logity (e | v, 2, y<¢)) Yt € Viead(Y<t)



Spurious Improvement Methods

Table 5: Influence of Independent Application of the Adaptive Plausibility Constraint on Model
Performance. Sample' refers to the sampling strategy that applies the constraint independently.

LLaVA-v1.5-7B ‘ LLaVA-vl1.5-13B ‘ QwenVL-Chat-7B

Category ‘ Method ‘

| | Accuracy  Yes (%) | Accuracy Yes (%) | Accuracy  Yes (%)

sample | 83.810.0 45.610.0 | 84.610.0 45910.0 | 81.510.0 41.1 10.0

VCD | 86.612.8 525169 | 867121 49.513.6 | 83.8123 44.012.9

Random ICD | 8527114 47.011.4 | 858112 44901.0 | 82511.0 42.010.9
SID | 849111 491135 | 86.011.4 498139 | 829114 435124

sample’ | 85.411.6 451005 | 861115 453 00.6 | 83.011.5 41.810.7

sample 77.370.0 52,1 170.0 | 80.67T0.0 49.910.0 | 76.8 70.0  46.1 70.0

VCD | 787114 594173 | 829123 524125 | 782114 494133

Popular ICD | 78.110.8 540119 | 815109 493 10.6 | 775107 47.2711.1
SID | 784111 537116 | 825119 533134 | 77.911.1 48.0711.9

sample! | 78.6 1.3 520 [0.1 | S1.811.2 49.6 0.3 | 78.111.3 46.810.7

sample | 75.110.0  54.110.0 | 782100 53.210.0 | 76.410.0 45.510.0

VCD | 764113 625784 | 803121 57.013.8 | 78.612.2 49.213.7

Adversarial | ICD | 758407 54240.1 | 792410 528104 | 768104  46.010.5
SID | 763412 575134 | 787405 575143 | 772408 47.512.0

sample’ | 76.311.2 542101 | 79541.3 53.100.1 | 77.911.5  46.210.7




Conclusion

This study demonstrates that the performance improvements of contrastive decoding on the POPE

benchmark largely stem from two misleading factors:

« Aunidirectional shift in the model’s output distribution, which biases it toward generating

Yes responses, artificially balancing the distribution in certain datasets

« The adaptive plausibility constraint, which reduces sampling decoding to greedy search.

By comparing experimental results from spurious methods and contrastive decoding, we confirm

that while contrastive decoding enhances performance, it ultimately fails to mitigate hallucinations.
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