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1 Further Experimental Details

1.1 Baselines.

We compare CAAC with four training–free, inference-time approaches:

• VCD (Visual Contrastive Decoding) [3]: each token is decoded twice—once with the orig-
inal image and once with a perturbed copy—and words whose likelihood collapses under
perturbation are down-weighted.

• AvisC [4]: first performs attentional vision calibration by masking high-attention outlier
tokens, then applies contrastive decoding to suppress visually ungrounded candidates.

• M3ID [1]: re-scores candidate tokens with a lightweight image-guided gradient signal, pro-
moting those whose gradients align with visual features and filtering hallucinations.

• OPERA [2]: augments beam search with an over-trust penalty and a retrospection–allocation
term, penalising tokens that receive insufficient cumulative attention from the image.

1.2 Implementation Details.

For the baselines, we adopt the hyperparameter settings reported in their respective papers to
ensure consistency. For CAAC, we set the smoothing parameter β to 0.7 for LLaVA, 0.3 for
LLaVA-NeXT, and 0.5 for InstructBLIP. The maximum scaling factor for AAR is set to λmax =
1.5 for LLaVA and LLaVA-NeXT, and 2 for InstructBLIP, with λmin = 1.0 and pthr = 0.25.
Also, the number of layers with VTC is set to the first ten decoder layers for all three models.
Data and code are available at https://github.com/mehrdadfazli/CAAC/ .

1.3 Hardware and runtime.

All experiments were conducted on a server equipped with 4×NVIDIA H100 (40 GB) GPUs and 512
GB of system RAM. We evaluate all models in 16-bit floating-point precision using transformers

v4.47 from Hugging Face.
To ensure a fair comparison, we used our own implementations of the contrastive decoding

(CD) baselines and CAAC, adapted for the Hugging Face version of LLaVA-NeXT. For runtime
analysis, we selected 20 images from the CHAIR benchmark and paired each with the prompt:
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Table 1: Mitigation Methods GPU Runtime per Token (ms)

Mitigation Methods GPU Runtime per Token (ms)

VCD 298
M3ID 217
AvisC 298
CAAC (ours) 171

”please describe the image in detail.” We collected the generated captions and measured the total
GPU runtime and the total number of generated tokens.

We then computed the average GPU time per token for each baseline and CAAC. The results
are reported in table 1. As shown, CAAC is considerably faster than the baselines due to its limited
number of second forward passes per token.

1.4 CAAC hyper-parameters.

We use the following values, selected via the grid search: β = 0.7 for LLaVA-1.5, β = 0.3 for
LLaVA-NeXT, and β = 0.5 for InstructBLIP; λmax = 1.5, λmin = 1.0; confidence threshold pthr =
0.25; VTC applied to the first 10 decoder layers (out of 32). For the discriminative task (POPE)
with InstructBLIP, we set λmin = 0, λmax = 1.8, and applied VTC on the first five layers of the
decoder. This setting optimized the performance of InstructBLIP for discriminative tasks while
ensuring that the scale factor is greater than 1 when p < Pthr.

1.5 Baseline implementations and settings.

Implementations for LLaVA-1.5 and InstructBLIP. We utilize official repositories and rec-
ommended configurations for all baselines:

• OPERA [2]: We use the official implementation1 with the following settings: beam size=5,
num cands=5, scale factor=50, α = 1, β = 5, and r = 15.

• Contrastive Decoding Baselines: Implemented using the official AvisC repository2 with
the authors’ recommended hyperparameters:

– VCD [3]: α = 1, β = 0.1, γ = 0.1

– AvisC [4]: α = 2.5 (LLaVA) / 3.0 (InstructBLIP), γ = 0.5, λ = 1

– M3ID [1]: λ = 0.2

Implementations for LLaVA-NeXT. Since official implementations for these baselines are
not available for LLaVA-NeXT, we adapted the contrastive decoding methods to work with the
Hugging Face Transformers version of LLaVA-NeXT using the AvisC codebase. For each baseline,
we tested 5–10 hyperparameter configurations to identify the most effective settings within our
computational budget.

We attempted to implement OPERA for LLaVA-NeXT using Transformers v4.47, which sup-
ports LLaVA-NeXT; however, we were unable to finish the implementation successfully due to its
heavy reliance of OPERA’s modified beam search on the transformers’ internal module that has

1https://github.com/shikiw/OPERA
2https://github.com/sangminwoo/AvisC
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(a) Black image (InstructBLIP) (b) White image (InstructBLIP) (c) Noise image (InstructBLIP)

(d) Black image (LLaVA) (e) White image (LLaVA) (f) Noise image (LLaVA)

Figure 1: Distribution of relative image relevancy scores from InstructBLIP and LLaVA given
plain (a-c) black, (d-f) white, and (g-i) noise images with the query “Please describe the image.”
The distributions of relevancy scores are nearly identical regardless of the reference input image,
supporting the robustness of the VTC module.

been substantially updated since the 4.29 version. Thus, we sourced the results from [5] for CHAIR
and POPE benchmarks.

Hyperparameter Search. The following configurations yielded the best performance for each
baseline on LLaVA-NeXT:

• VCD: α ∈ {1.0, 1.5, 2.0}, noise step ∈ {500, 750}; best: α = 1.5, noise step=750.

• M3ID: λ ∈ {0.1, 0.2, 0.4, 0.6}; best: λ = 0.1.

• AvisC: α ∈ {2.0, 2.5, 3.0}, γ ∈ {0.5, 0.8}, λ ∈ {1.0, 1.5}; best: α = 2.5, γ = 0.5, λ = 1.0.

2 Image Attention Skew

Visual-Token Calibration (VTC) relies on a single “reference” image to derive its calibration vector.
A natural concern is whether the choice of that reference—white canvas, black canvas, or random
noise—affects the resulting adjustment. To test this, we feed each meaningless image to the LVLM
together with the fixed query “Please describe the image.” and compute the relative image-relevancy
for all query tokens. Figure 1 shows the results for InstructBLIP and LLaVA. As one can see from
the relative image relevancy plots, the choice of the reference image for calibration has no meaningful
impact on the calibration vectors.

3 Hyperparameter Analysis

In this subsection, we evaluate the impact of key parameters in the CAAC framework on its
performance, focusing on the most influential ones due to limited computational resources. For
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(a) (b)

Figure 2: The impact of (a) smoothing parameter β and (b) the number of decoder layers with
VTC on the hallucination rate for LLaVA (orange) and InstructBLIP (blue) models. As shown,
intermediate values of β, 0̃.3 to 0.7, and the first third of the decoder layers are the optimal
parameters for the CAAC framework.

the Adaptive Attention Re-Scaling (AAR) module, we set the confidence threshold pthr = 0.25,
as hallucinatory token frequency increases noticeably when the logit probability drops below this
value. We also selected λmax = 1.5, since values above 2 impair response fluency and coherence.
Furthermore, applying AAR to all decoding layers proved optimal, yielding consistent and coherent
outputs based on experimental results.

For the Visual-Token Calibration (VTC) module, applying it to all layers often produced in-
coherent or truncated sequences, likely due to significant changes in attention distribution causing
information loss in later layers. We thus examined the effect of varying the number of layers, from
the first 2 to all 32 decoder layers. The best performance, with minimal hallucination rates, was
observed when VTC was applied to the first 10 layers, as shown in fig. 2b.

We also assessed the smoothing parameter β, testing values from 0 to 0.7. A value of β = 1
mirrored the issues seen with all-layers VTC application and was excluded. Intermediate values
(0.3 to 0.7) reduced hallucination rates most effectively, with β = 0.5 and β = 0.7 yielding the best
results for InstructBLIP and LLaVA, respectively (fig. 2a). These observations suggest that modest
early-to-mid-layer calibration can encourage a balanced attention to the image while allowing the
later layers to promote semantically relevant tokens.

4 Qualitative Evaluation

Additional examples of CAAC’s performance compared to baseline mitigation methods on the
AMBER dataset are presented in fig. 3 and fig. 4. These cases further illustrate CAAC’s ability
to reduce hallucinations across varied image-instruction pairs, with hallucinated content marked in
red.
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(a) InstructBLIP: Case 1

(b) InstructBLIP: Case 2

(c) InstructBLIP: Case 3

Figure 3: Comparison of CAAC outputs
with baseline methods for the InstructBLIP
model. Hallucinations are highlighted.

(a) LLaVA: Case 1

(b) LLaVA: Case 2

(c) LLaVA: Case 3

Figure 4: Comparison of CAAC outputs
with baseline methods for the LLaVA model.
Hallucinations are highlighted.
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