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Problem Statement
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Problems of VLM

• The figure below shows that hallucination is not merely an output error, 
but stems from the collapse of internal visual representations

• In non hallucinated cases, the key vectors of adjacent patches remain 
consistently similar and become clearer in deeper layers, whereas under 
hallucination this structure becomes nearly isotropic, blurs object 
boundaries, and weakens correct visual grounding.
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Proposed Method
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System Overview
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DSCR is training-free,

query-agnostic method.

• DSCR establishes a strong association between relevant visual tokens in
the attention blocks, mitigating hallucinations in the VLMs. 

• The VLMs with DSCR produce the accurate answer (blue) unlike the
original VLMS (red). Note that DSCR is training-free, model-invariant, and 
query-agnostic.
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Proposed Method DSCR
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• Depth-to-depth and spatial proximity maps show the difference in depth
values and distances between image patch pairs, with darker shades
indicating smaller differences. 

• Using the importance weights derived from the proximity scores, refined
cache entries are computed as a weighted sum of the original ones. 

• The same process is applied to Value cache refinement.
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Experimental Results
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Result of MME Dataset

• Overall, DSCR achieves the most consistent gains in total score across all 
models, outperforming the baseline and existing hallucination mitigation 
methods, with especially strong improvements on object focused 
categories such as existence, count, and position.
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Result of Pope Dataset

• Across POPE and RePOPE, DSCR consistently improves F1 scores across 
different settings and models, demonstrating robust gains in 
hallucination mitigation and object level visual grounding.
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Result of Another Dataset

• Evaluation results on the VQAv2 dataset using LLaVA-1.5 and Qwen2.5-VL.

• Evaluation results on the CHAIR dataset using LLaVA-1.5 model.

• On CHAIR, DSCR achieves the lowest hallucination scores, matching or 
outperforming prior methods on CHAIRS and CHAIRI while maintaining 
competitive recall.

• On AMBER, DSCR also improves overall accuracy over the baseline for 
both LLaVA 1.5 and Qwen2.5 VL, showing that its benefits generalize 
across generative and discriminative hallucination benchmarks.
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Analysis

• (a) Visualization of a hallucination case where DSCR reduces incorrect 
predictions by suppressing suspect tokens and enhancing the spatial 
structure of key vectors. 

• (b) Layer-wise attention scores comparing Conventional Methods and 
DSCR across image, suspect, prompt, and text tokens.

• (c) Accuracy comparisons from the Hallucination-Depth Mini Benchmark, 
comparing the Conventional Methods with depth-refined KV cache. 

• (d) Results on MME where spatial refinement is applied to KV caches.
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Analysis

• The left shows the input image, and the right displays four sample 
questions grouped by reasoning type. 

• Top : Questions assessing Absolute Depth Perception (e.g., identifying 
the closest or farthest object in the scene). 

• Bottom: Questions assessing Perspective-Aware Size Perception, which 
test whether the model can infer real-world object size based on 
perspective. 

• Correct answers are highlighted in green. 
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Ablation Study
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PCA visualizations of key vectors across layers

• PCA visualizations of key vectors across layers for a hallucination 
example (top) and a non-hallucination example (bottom). In each block, 
the top row is the baseline model and the bottom row is DSCR.

• The visualization shows that DSCR produces more object-aligned 
patterns and clearer separation between foreground and background, 
especially in middle and upper layers.
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Visual Question-Answering Example

• VQA examples, including image, depth, and query-to-image attention 
heatmaps before and after applying DSCR.
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Conclusion



Information Systems Lab. @ Seoul National University 2026.

Conclusion

• We proposed DSCR, a novel and zero-shot method designed to mitigate 
the hallucination problem in VLMs.

• DSCR enhances the reliability of VLMs by refining the internal Key-Value 
(KV) caches of visual tokens based on their depth and spatial 
relationships, without requiring additional training, architectural 
modifications, or changes to the inference process. 

• By leveraging a lightweight depth estimation model, DSCR effectively 
reduces both object-level and attribute-level hallucinations, as evidenced 
by substantial improvements on MME and POPE hallucination 
benchmarks. 

• The simplicity and efficiency of DSCR make it a promising solution for 
enhancing the trustworthiness of VLMs, thereby facilitating their 
adoption in critical real-world applications where accuracy and reliability 
are paramount.
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Thank You
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