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Supplementary Material

1. Experimental Setup Details

1.1. Evaluation Benchmark

We conduct experiments on a total of 13 widely used vi-
sual understanding benchmarks, including 10 image bench-
marks and 3 video benchmarks.

1.1.1. Image Benchmark

We conducted experiments on these widely used visual un-
derstanding benchmarks. We follow the original configura-
tions of inference settings and evaluation metrics in LLaVA-
1.5 for these tasks.

MME. The MME[2] benchmark facilitates a comprehen-
sive evaluation of multimodal models by assessing their
perceptual and cognitive capabilities across 14 distinct
subtasks. The perception-focused tasks are categorized
into Optical Character Recognition (OCR), coarse-grained
recognition, and fine-grained recognition. All subtasks are
designed as binary judgment problems. We utilize the per-
ception score, derived from a total of 2,374 image-question
pairs, for performance evaluation.

TextVQA. The TextVQA[22] benchmark assesses a
model’s capacity for reading and understanding in-image
text by integrating OCR and language comprehension. It
utilizes images from Open Images v3[9] depicting text-
heavy scenes (e.g., signs, packaging) and provides reference
OCR tokens. Questions demand either direct text extraction
or contextual reasoning. We evaluate performance on the
5,000 image-question pairs of the validation set.
ScienceQA. The ScienceQA[19] benchmark is designed to
evaluate a model’s zero-shot generalization capabilities on
scientific topics through a multiple-choice question format.
The dataset exhibits rich domain diversity, spanning three
core subjects: natural science, language science, and social
science. To provide a structured assessment, questions are
hierarchically organized by topic, category, and skill, en-
compassing a total of 26 topics, 127 categories, and 379
distinct skills.

MM-Vet. The MM-Vet[28] benchmark is designed to eval-
uate the integration of core vision-language capabilities.
It defines six fundamental capabilities: recognition, OCR,
knowledge, language generation, spatial awareness, and
mathematics. These capabilities are systematically com-
bined to form 16 composite tasks. A key feature of MM-Vet
is its use of a ChatGPT-based evaluator, which provides a
unified metric for assessing complex, open-ended answers.
The benchmark comprises 218 image-question pairs.
MMBench. The MMBench[18] benchmark provides a

comprehensive evaluation of multimodal models through a
three-tier hierarchical structure. This hierarchy begins at the
highest level with two foundational abilities, perception and
reasoning. These are subsequently divided into six specific
capabilities at the second level, which culminate in 20 fine-
grained tasks at the third level. The benchmark is available
in both English and Chinese versions; the English set con-
tains 4,377 image-question pairs, while the Chinese version
(MMBench-CN) consists of 4,329 pairs. Our evaluation is
conducted on both versions.

GQA. The GQA[7] benchmark evaluates a model’s capac-
ity for structured reasoning and scene understanding. A key
feature of GQA is its use of scene graphs derived from the
Visual Genome dataset[11], which provide structured rep-
resentations of objects, their attributes, and inter-object re-
lationships. The benchmark’s questions are programmati-
cally generated from these scene graphs, ensuring that each
query is grounded in a specific semantic structure and rea-
soning path.

VQAv2. The VQAV2[5] benchmark is a standard for eval-
uating visual understanding through open-ended questions.
It is constructed from 265,016 images from the MSCOCO
dataset[15], with each image associated with at least three
questions. A key characteristic of VQAV?2 is its balanced
pair design; each question is paired with at least two visu-
ally similar images that elicit different answers. This con-
struction discourages models from relying on language pri-
ors and instead compels them to ground their reasoning in
visual evidence.

POPE. The POPE]13] benchmark is designed to quantify
object-level hallucination in large vision-language models.
It formulates the evaluation as a binary classification task,
posing questions about the presence or absence of specific
objects within an image. The images are sourced from the
MSCOCO validation set, and the questions are carefully
constructed to probe for objects that are either present or
contextually plausible but absent.

VizWiz. The VizWiz[6] benchmark is designed to evalu-
ate a model’s visual understanding capabilities on in-the-
wild images captured by blind individuals. Each data point
consists of an image and a corresponding spoken question
about its content. This real-world collection process intro-
duces practical challenges, such as variable image quality
and instances where questions are unanswerable or not di-
rectly relevant to the visual evidence. For evaluation, each
question is benchmarked against 10 ground-truth answers.



Method MME TextVQA SQA MMB-CN GQA MMBench POPE VQAY ‘ Avg. Rel (%)
Vanilla, 576 Tokens (100%)
LLaVA-1.5-13B 1504.4 61.3 72.8 63.2 63.2 67.7 85.9 80.0 100.0%
100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
LLaVA-1.5-7B 1510.7 58.2 69.5 58.3 62.0 64.3 85.9 78.5 96.8%
100.4% 94.9% 95.5% 92.2% 98.1% 95.0% 100.0%  98.1%
Retain 128 Tokens (] 77.8%)
PrismPrune 1453.3 59.4 73.8 62.8 58.8 67.5 86.0 77.4 98.0%
96.6% 96.9% 101.4% 99.4% 93.0% 99.7% 100.1%  96.8%
PrismPrunc’ 1501.2 59.2 72.7 61.8 62.1 67.1 83.8 77.6 98.3%
99.8% 96.6% 99.9% 97.8% 98.3% 99.1% 97.6%  97.0%
Retain 64 Tokens (| 88.9%)
PrismPrune 1406.0 58.0 73.3 61.4 57.6 65.0 81.5 75.3 95.3%
93.5% 94.6% 100.7% 97.2% 91.1% 96.0% 94.9%  94.1%
PrismPrune’ 1468.5 58.4 72.8 61.1 60.4 65.8 82.2 75.8 96.6%
97.6% 95.3% 100.0% 96.7% 95.6% 97.2% 957%  94.8%
Retain 32 Tokens (| 94.4%)
PrismPrune 1386.6 56.1 71.3 58.6 54.5 63.8 74.5 71.6 91.4%
92.2% 91.5% 97.9% 92.7% 86.2% 94.2% 86.7%  89.5%
PrismPrune’ 1428.0 56.9 70.9 59.0 57.1 64.4 75.2 72.1 92.79%
94.9% 92.8% 97.4% 93.4% 90.4% 95.1% 87.5%  90.1%

Table 1. Performance of PrismPrune on LLaVA-1.5-13B. The vanilla number of visual tokens is 576. PrismPrune’ indicates our model
after a lightweight fine-tuning step. The first line of each method shows the raw benchmark accuracy, and the second line is the proportion
relative to the upper limit. The final column shows the average performance relative to the original model, with the best result in each

section highlighted in red.

1.1.2. Video Benchmark

We evaluate our proposed method on three prominent video
question answering benchmarks. Our approach is imple-
mented on the Video-LLaVA model. Following established
works[14, 20], we employ a GPT-3.5-Turbo-based evalua-
tor for automated scoring of the generated responses. Due
to constraints on commercial API usage, and in line with
the methodology of [4, 29], our experiments are conducted
on the first 1,000 samples from each benchmark’s test set.

TGIF-QA. The TGIF-QA[8] benchmark is designed to
evaluate video understanding by extending static image-
based VQA to the temporal domain. This task necessi-
tates that models perform both spatial reasoning within in-
dividual frames and temporal reasoning across them. The
benchmark is constructed from 72,000 animated GIFs from
the TGIF dataset[12] and includes 165,000 question-answer
pairs.

MSVD-QA. The MSVD-QA[26] benchmark is a stan-
dard dataset for video question answering, adapted from
the MSVD dataset[3], which was originally developed for
video captioning. The question-answer pairs are automat-

ically generated from the ground-truth video descriptions,
probing a model’s comprehension of video content. The
benchmark consists of 1,970 short video clips and approxi-
mately 50,500 question-answer pairs in total.
MSRVTT-QA. The MSRVTT-QA[26] benchmark is a
widely-used dataset for video question answering, built
upon the MSRVTT dataset[27]. The benchmark comprises
10,000 video clips and a total of approximately 243,000
question-answer pairs. Questions, categorized into what,
who, how, when, and where, require models to process vi-
sual and temporal information.

1.2. Implementation Details

For inference, we utilized on 8 NVIDIA A100 GPUs for
the GQA and VQAvV2 benchmarks, while a single NVIDIA
A100 GPU was used for all other datasets. To create
our fine-tuned model, we employed a subset of the offi-
cial LLaVA-1.5[16] instruction tuning data, specifically the
VG[10], TextVQA[22], and GQA[7] datasets. The fine-
tuning process was conducted on 8 NVIDIA A100 GPUs
and completed in approximately 2 hours. Following the



Method MME TextVQA SQA MMB-CN GQA MMBench POPE VQAY ‘ Avg. Rel (%)
Vanilla, 2880 Tokens (100%)
LLaVA-1.6-7B 1513.8 59.6 70.2 57.6 62.9 64.7 86.3 81.2 100.0%
100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
Retain 640 Tokens (| 77.8%)
VisionZip 1468.4 58.5 68.1 - 61.3 66.3 86.3 79.1 98.5%
97.0% 98.2% 97.0% - 97.5% 102.5% 100.0%  97.4%
PrismPrune 1492.1 60.4 68.1 57.9 61.7 65.7 86.4 79.2 99.3%
98.6% 101.3% 97.0% 100.5% 98.1% 101.5% 100.1%  97.5%
Retain 320 Tokens (| 88.9%)
VisionZip 1348.8 55.3 67.3 - 59.3 63.1 82.1 76.2 94.1%
89.1% 92.8% 95.9% - 94.3% 97.5% 951%  93.8%
PrismPrune 1432.6 58.9 68.0 56.5 59.9 63.7 83.3 77.0 96.7%
94.6% 98.8% 96.9% 98.1% 95.2% 98.5% 96.5%  94.8%
Retain 160 Tokens (| 94.4%)
VisionZip 1239.7 54.7 68.3 - 55.5 60.1 74.8 71.4 29.5%
81.9% 91.8% 97.3% - 88.2% 92.9% 86.7%  87.9%
PrismPrune 1315.8 57.2 67.8 52.9 57.5 61.5 78.2 74.1 92.5%
86.9% 96.0% 96.6% 91.8% 91.4% 95.1% 90.6% 91.3%

Table 2. Performance comparison with VisionZip on LLaVA-1.6-7B. The vanilla number of visual tokens is 2880. The first line of
each method shows the raw benchmark accuracy, and the second line is the proportion relative to the upper limit. PrismPrune consistently

outperforms VisionZip across all token reduction levels.

LLaVA-1.5, we trained the model for a single epoch. Dur-
ing this stage, only the parameters of the cross-modality
projector were updated, using a learning rate of 2e-5, while
all other model components remained frozen.

1.3. Model Architectures

We apply our method to a variety of VLM architec-
tures, including LLaVA-1.5[16], LLaVA-NeXT[17], Video-
LLaVA[14], and Qwen2.5-VL[1]. Each model is described
as follows.

LLaVA-1.5. LLaVA serves as a foundational paradigm for
modern vision-language models, distinguished by its archi-
tectural simplicity and strong performance. The model’s
design features a pre-trained CLIP[21] vision encoder to ex-
tract visual features and a Vicuna[30] large language model
for text generation and reasoning. A simple yet effective lin-
ear projection layer bridges these two modalities, mapping
the visual features into the word embedding space of the
language model. The LLaVA-1.5 variant builds upon this
successful architecture by introducing key enhancements,
including an increased input image resolution and a sub-
stantially expanded instruction-tuning dataset.
LLaVA-NeXT. LLaVA-NeXT (or LLaVA-1.6) builds upon
the successful LLaVA-1.5 architecture but introduces sev-

eral critical enhancements to address the limitations of prior
models. A primary advancement is its support for dynamic
high-resolution imagery, allowing the model to process vi-
sual inputs at multiple scales (up to 4x the resolution of
LLaVA-1.5). This capability, combined with a substantially
improved visual instruction tuning dataset, yields marked
gains in fine-grained detail recognition and more robust log-
ical reasoning.

Video-LLaVA. Video-LLaVA is a vision-language model
designed around the central principle of a unified visual
representation. It challenges the conventional approach of
using separate encoders for images and videos, which can
lead to feature space misalignment and suboptimal learning
for the LLM. The core contribution of Video-LLaVA is to
unify the tokenization of visual inputs, creating a common
representational space for both images and videos that is
directly compatible with the language model. By training
a single model on a combined corpus of image and video
data, Video-LLaVA fosters a synergistic learning process.

Qwen2.5-VL. Qwen2.5-VL is another widely used open-
source vision-language model that introduces a native
dynamic-resolution Vision Transformer and absolute time
encoding. This architecture enables it to process variable-
sized images and hour-long videos at their native scale and



Method MME TextVQA SQA MMB-CN GQA MMBench POPE VQAY ‘ Avg. Rel (%)
Vanilla, 2880 Tokens (100%)
LLaVA-1.6-13B 1580.1 64.3 73.5 61.1 65.4 70.0 86.2 81.8 100.0%
100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
Retain 640 Tokens (| 77.8%)
PrismPrune 1579.6 62.2 71.1 62.8 63.0 67.9 85.4 80.0 98.3%
99.9% 96.7% 96.7% 102.8% 96.3% 97.0% 99.1%  98.0%
Retain 320 Tokens (] 88.9%)
PrismPrune 1508.7 60.9 70.6 63.0 61.4 66.5 83.5 77.7 96.3%
95.5% 94.7% 96.1% 103.1% 93.9% 95.0% 96.9%  95.0%
Retain 160 Tokens (| 94.4%)
PrismPrune 1457.5 58.7 70.0 61.9 59.3 65.7 79.5 74.5 93.5%
92.2% 91.3% 95.2% 101.3% 90.7% 93.9% 922% 91.1%

Table 3. Performance of PrismPrune on LLaVA-1.6-13B. The vanilla number of visual tokens is 2880. The first line of each method
shows the raw benchmark accuracy, and the second line is the proportion relative to the upper limit. The final column shows the average

performance relative to the original model.

temporality. As a result, Qwen2.5-VL excels at fine-grained
visual grounding, robust document parsing, and long-video
comprehension, functioning as a powerful interactive agent
for real-world tasks.

2. Additional Experiments

2.1. Performance on LLaVA at Different Scales

Results on LLaVA-1.5-13B. In the main paper, we demon-
strate the effectiveness of our model on the 7B scale in Ta-
ble 1; this section extends our analysis to the 13B model. As
shown in Table 1, we evaluate our method across three vi-
sion token counts (128, 64, and 32). The results reveal that
even when retaining only 32 visual tokens, our method pre-
serves 91.4% of the baseline performance without requiring
additional training. This figure increases to 92.7% in the
efficient-tuning mode. Similarly, at 64 visual tokens, the
model maintains 95.3% performance, which is further el-
evated to 96.6% with efficient-tuning. Furthermore, when
retaining 128 tokens, our method enables the 13B model to
outperform the 7B model.
Results on LLaVA-NeXT-13B. We demonstrate the ef-
fectiveness of PrismPrune on the LLaVA-NeXT-7B model
across a comprehensive suite of benchmarks. For brevity,
Table 2 in the main paper presents a curated summary of
these results. A complete performance breakdown across all
evaluated benchmarks is provided in Table 2. The findings
consistently affirm that our proposed PrismPrune method
delivers robust and high-quality performance.

Our evaluation is further extended to the more powerful
and challenging LLaVA-1.6-13B baseline to demonstrate
the generalizability of our method. As presented in Ta-

Method MME TextVQA POPE Avg. Rel.
LLaVA-1.6-7B 1513.8 59.6 86.3 100.0%
PrismPrune with varying Pool Size (M)

M =320 2x Kgiv) 1454.3 58.7 82.4 96.6%
M =640 (4x Kgiv) 1432.6 58.9 83.3 96.7 %
M =1280 (8x K4ip) 1432.7 59.0 82.9 96.6%
All (Global FPS) 1403.0 58.7 82.5 95.6%

Table 4. Ablation study on the candidate pool size M. All
pruned variants are compared against the unpruned Vanilla model
(100% baseline).

ble 3, our approach shows remarkable performance preser-
vation across different compression levels. At a modest
640 tokens, the model retains 98.3% of its original perfor-
mance. This robustness is maintained at 320 tokens, achiev-
ing 96.3% of the baseline. Even under aggressive compres-
sion to just 160 tokens, the model still delivers an impres-
sive 93.5% of its full capability, underscoring its high effi-
ciency and robustness.

2.2. Additional Ablation Studies

Ablation study on the candidate pool size. To validate
our “filter-then-sample” strategy, we conduct an ablation
study on the candidate pool size M. For this experiment,
we retain 320 tokens and the token allocation is fixed to
Kgq = 160, K45, = 160. The results, presented in Ta-
ble 4, are benchmarked against the unpruned LLaVA-1.6-
7B model, which serves as the 100% baseline. Remark-
ably, all PrismPrune configurations retain over 96.6% of the
vanilla model’s average performance, demonstrating the ex-



Method MME TextVQA SQA MMB-CN GQA MMBench POPE ‘ Avg. Rel (%)
Vanilla, 576 Tokens (100%)
LLaVA-1.5-7B 1510.7 58.2 66.8 58.3 62.0 64.3 85.9 100.0%
100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
Retain 128 Tokens (1 77.8%)
PrismPrune’ (Original FT) 1481.6 57.4 68.0 57.7 60.9 63.8 84.2 99.0%
98.1% 98.6% 101.8% 98.9% 98.2% 99.2% 98.0%
PrismPrune’ (1 Dataset FT) 1462.0 56.9 68.2 56.2 60.2 63.5 84.2 98.1%
96.8% 97.8% 102.1% 96.4% 97.1% 98.8% 98.0%
PrismPrune’ (2 Datasets FT) 1477.5 56.6 67.6 57.1 60.8 63.7 84.1 98.5%
97.8% 97.3% 101.2% 97.9% 98.1% 99.1% 97.9%
Retain 64 Tokens (| 88.9%)
PrismPrune’ (Original FT) 1424.1 56.0 67.7 56.5 59.0 62.5 83.4 96.9%
94.3% 96.2% 101.3% 96.9% 95.2% 97.2% 97.1%
PrismPrune’ (1 Dataset FT) 1420.2 55.4 67.6 55.8 58.6 61.9 83.3 96.3%
94.0% 95.2% 101.2% 95.7% 94.5% 96.3% 97.0%
PrismPrune’ (2 Datasets FT) 1421.5 55.5 67.6 56.1 58.9 62.5 83.4 96.6%
94.1% 95.4% 101.2% 96.2% 95.0% 97.2% 97.1%
Retain 32 Tokens (| 94.4%)
PrismPrune’ (Original FT) 1386.6 55.0 68.0 52.3 56.0 60.7 80.3 93.7%
91.8% 94.5% 101.8% 89.7% 90.3% 94.4% 93.5%
PrismPrune’ (1 Dataset FT) 1377.6 54.1 67.7 52.6 55.5 60.1 80.2 93.2%
91.2% 92.9% 101.3% 90.2% 89.5% 93.5% 93.4%
PrismPrune’ (2 Datasets FT) 1387.5 54.2 67.6 52.2 56.1 60.4 80.4 93.4%
91.8% 93.1% 101.2% 89.5% 90.5% 93.9% 93.6%

Table 5. Ablation study on the fine-tuning data for PrismPrune on LLaVA-1.5-7B. We compare the original fine-tuning (Original
FT) with versions fine-tuned on one dataset (1 Dataset FT) and two datasets (2 Datasets FT). The first line of each method shows the raw
benchmark accuracy, and the second line is the proportion relative to the upper limit. The final column shows the average performance

relative to the vanilla model.

Kea  Kaiv MME TextVQA POPE Avg. Rel.
LLaVA-1.6-7B  1513.8 59.6 86.3 100.0%
PrismPrune with Total Tokens K=320

240 80 1430.9 58.8 82.2 96.2%
160 160 1432.6 58.9 83.3 96.7%
80 240 1432.0 58.5 84.2 96.8%

Table 6. Ablation on the ratio of salient to diverse tokens. We
fix the total token budget to K = 320 and vary the allocation.
The results show that a balanced approach is critical, validating
our hybrid strategy.

ceptional efficacy of our methodology.

The findings also reveal a clear trend of diminishing re-
turns. As the pool size M increases, both a 2x (M = 320)
and 4x (M = 640) candidate pool are shown to strike
an excellent balance between performance and efficiency.

While specific configurations may yield marginal gains on
certain benchmarks, we establish the 4x pool size as the
default setting. This choice provides a robustly diverse can-
didate set for sampling, ensuring consistently high perfor-
mance across various tasks without being computationally
prohibitive. Crucially, all variants of our variance-based
filtering strategy significantly outperform the Global FPS
baseline, which only retains 95.6% of the original perfor-
mance. This validates our core hypothesis: attention vari-
ance is a highly effective heuristic for curating a compact,
high-potential candidate pool.

Ablation study on the token ratio. To determine the op-
timal allocation between salient (K ,;) and diverse (K g;,)
tokens, we conduct an ablation study with a fixed total bud-
get of K = 320. The results, detailed in Table 6, reveal an
important trade-off between different visual reasoning ca-
pabilities.

We observe that the performance is sensitive to the al-



Method Memory | MME TextVQA SQA MMB-CN GQA MMBench POPE ‘ Avg. Rel (%)
Upper Bound, 2880 Tokens (100%)

Vanilla 13B 36721Mb 1580.1 64.3 73.5 61.1 65.4 70.0 86.2 100.0%
100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

Vanilla 7B 18952Mb 1513.8 61.3 70.2 57.6 64.2 67.9 86.4 96.6%
95.8% 95.3% 95.5% 94.3% 98.2% 97.0% 100.2%

Retain 320 Tokens (| 88.9%)

PrismPrune 29337Mb 1508.7 60.9 70.6 63.0 61.4 66.5 83.5 96.5%
95.5% 94.7% 96.1% 103.1% 93.9% 95.0% 96.9%

PrismPrune-8bit | 17043Mb 1520.7 61.0 70.8 63.0 60.9 66.6 83.2 96.5%
96.2% 94.9% 96.3% 103.1% 93.1% 95.1% 96.5%

PrismPrune-4bit | 10859Mb 1481.9 60.3 70.6 614 61.6 66.6 82.8 95.7%
93.8% 93.8% 96.1% 100.5% 94.2% 95.1% 96.1%

Table 7. Performance and Memory Comparison of PrismPrune on LLaVA NeXT 13B with Quantization. The vanilla number of
visual tokens is 2880. The first line of each method shows the raw benchmark score, and the second line shows the performance relative
to the Vanilla 13B baseline. The final column shows the average relative performance across all benchmarks. The memory refers to the
practical CUDA memory usage on a single NVIDIA A800 GPU for SQA.

location strategy. For instance, the diversity-heavy con-
figuration (K, = 80, K4, = 240) excels on the POPE
benchmark, which is highly reliant on fine-grained details
for hallucination detection. Conversely, configurations that
better preserve saliency demonstrate stronger performance
on general VQA tasks like MME and TextVQA.

This suggests that while the allocation ratio could be
tuned as a task-specific hyperparameter to maximize per-
formance on any single benchmark, a truly robust and gen-
eralizable method requires a universal configuration that
performs well across the board. Therefore, we adopt the
balanced 1:1 allocation as the default setting for LLaVA-
NeXT. This choice is the most direct embodiment of our
principle of balancing saliency and diversity. It establishes
a strong, unified foundation that achieves consistently high
performance across different task domains without the need
for per-dataset tuning.

Ablation study on the fine-tuning dataset. To compensate
for the representational shift induced by PrismPrune, we
employ an efficient fine-tuning step that adapts the modality
alignment module. We conduct an ablation study to assess
the impact of fine-tuning data volume, comparing our orig-
inal protocol (Original FT) with versions trained on signif-
icantly smaller subsets (one and two datasets). The results,
presented in Table 5, reveal a crucial insight: increasing
the fine-tuning data from one to two datasets yields only
marginal gains, indicating that performance quickly satu-
rates. Therefore, the performance improvement is not at-
tributable to learning new information. Instead, it stems
from a rapid recalibration, which realigns the model to ef-
fectively process the compressed visual representations.

2.3. Additional Efficiency Analysis

Efficiency analysis on the CUDA memory. To evaluate
the combined effects of token pruning and model quan-
tization, we conducted a comprehensive analysis on the
LLaVA-NeXT 13B model. The results are detailed in Ta-
ble 7. Applying PrismPrune alone, which reduces the visual
token count to 320, yields notable efficiency gains. It lowers
the CUDA memory footprint from 36721Mb to 29337Mb,
a reduction of approximately 20%, while retaining 96.5%
of the baseline’s average performance.

Our analysis further demonstrates that PrismPrune in-
tegrates effectively with quantization to achieve additional
CUDA memory savings. When applying 8-bit quantization,
the memory requirement is reduced to 17043Mb, represent-
ing a total reduction of over 53% compared to the origi-
nal model. Notably, this significant memory optimization is
achieved with no measurable drop in average performance,
as the model maintains the same 96.5% relative score. Pro-
ceeding with 4-bit quantization further enhances efficiency
by decreasing the memory usage to 10859Mb, which rep-
resents a 70% reduction from the vanilla baseline. This is
accompanied by a minor performance trade-off, with the
model’s average accuracy decreasing by less than one per-
centage point to 95.7%. These results validate that Prism-
Prune is compatible with and complementary to established
quantization techniques.

Efficiency analysis on the inference time. To evaluate the
trade-off between performance and inference speed, we ap-
plied PrismPrune to the LLaVA-1.6-13B model at three dis-
tinct visual token counts: 640, 320, and 160. The total infer-
ence time was benchmarked on the TextVQA dataset, with



Method | Total Time | MME  TextVQA  SQA  MMB-CN GQA MMBench POPE VQA™ | Avg. Rel (%)
Vanilla, 2880 Tokens (100%)
[ LaVA-16-13B 3073 1580.1 64.3 73.5 61.1 65.4 70.0 86.2 81.8 100.0%
100.0%  100.0%  100.0%  100.0%  100.0% 100.0% 100.0%  100.0%
LLaVA-16-7B 19555 1513.8 59.6 70.2 57.6 62.9 64.7 86.3 81.2 95.8%
95.8% 92.7% 95.5% 94.3% 96.2% 92.4% 100.1%  99.3%
Retain 640 Tokens (| 77.8%)
PrismPrane 13645 1579.6 622 71.1 62.8 63.0 67.9 85.4 80.0 98.3%
99.9% 96.7% 96.7% 102.8% 96.3% 97.0% 99.1%  97.8%
Retain 320 Tokens (| 88.9%)
PrismPrune 10845 1508.7 60.9 70.6 63.0 61.4 66.5 83.5 71.7 06.3%
95.5% 94.7% 96.1% 103.1% 93.9% 95.0% 96.9%  95.0%
Retain 160 Tokens (] 94.4%)
PrismPrune 9425 1457.5 58.7 70.0 61.9 59.3 65.7 79.5 74.5 93.5%
92.2% 91.3% 95.2% 101.3% 90.7% 93.9% 922%  91.1%

Table 8. Performance of PrismPrune on LLaVA-1.6-13B. The vanilla number of visual tokens is 2880. The first line of each method
shows the raw benchmark accuracy, and the second line is the proportion relative to the LLaVA-1.6-13B. The final column shows the aver-
age performance relative to the original model. “Total Time” represents the actual testing time of the model on the TextVQA benchmark.

the results presented in Table 8.

The findings demonstrate that PrismPrune enables larger
models to operate with superior efficiency. Notably, when
retaining 640 tokens, the pruned 13B model not only main-
tains higher performance than the vanilla LLaVA-1.6-7B
model, with an average relative accuracy of 98.3% com-
pared to 95.8%, but also achieves significantly faster in-
ference speeds, finishing in 1364s versus 1955s for the 7B
model. As the pruning becomes more aggressive, the trade-
off remains highly favorable. At a retention of 320 tokens, a
reduction of nearly 89%, the model’s average performance
remains high at 96.3% and still surpasses the 7B baseline
with faster inference speed. This is achieved with a 2.8x
speedup over the original 13B model, as the inference time
decreases from 3073s to 1084s. Even at the most extreme
setting of 160 tokens, the model retains 93.5% of its perfor-
mance while being 3.3x faster.

3. Theoretical Foundation for Attention Vari-
ance as a Diversity Metric

In our main paper, we introduce attention variance as a
key component of PrismPrune for selecting diverse visual
tokens. This section provides a rigorous theoretical jus-
tification for this choice. Our rationale is founded on a
powerful analogy: we conceptualize the Multi-Head Atten-
tion (MHA) mechanism as an intrinsic ensemble system.
Grounded in this perspective, we draw upon both the unified
theory of ensemble learning and classical statistical analysis
to demonstrate that attention variance serves as a principled
and efficient proxy for diversity.

3.1. The Multi-Head Attention Mechanism as an
Intrinsic Ensemble

Our theoretical framework is predicated on the conceptu-
alization of the Multi-Head Attention mechanism as an in-
trinsic ensemble system([31]. This perspective is not merely
a convenient analogy but is rooted in the foundational de-
sign of the Transformer architecture [24]. The MHA mod-
ule consists of multiple parallel attention heads, each oper-
ating in a distinct representation subspace. This architec-
tural choice inherently mirrors the core principle of ensem-
ble learning: aggregating predictions from a diverse set of
“experts” to achieve a more robust and comprehensive un-
derstanding than any single expert could alone.

In this framework, we establish a direct correspondence
between the components of MHA and the elements of an
ensemble. Each attention head functions as an ensemble
member, providing an independent assessment of the in-
put. The attention scores assigned by a head to the visual
tokens are analogous to a member’s predictions regarding
token importance. Consequently, the mean attention score
across all heads represents the ensemble’s consensus, in-
dicating tokens of unambiguous, salient importance. This
principled view allows us to rigorously apply established
theories from the field of ensemble learning to analyze and
leverage the properties of MHA, particularly its diversity, as
we detail in the following sections.

3.2. Diversity as Variance in Ensemble Theory

A foundational theoretical underpinning for our work is the
Unified Theory of Diversity in Ensemble Learning [25].
This framework provides a loss-function-based definition of
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Figure 1. Histogram of the internal diversity distribution of candidate token pools on different benchmarks. From left to right,
the plots show results on the TextVQA, POPE, and MME datasets. Internal diversity is quantified as the average of minimum pair-wise

distances, where higher values are better.

diversity, moving it beyond a purely heuristic concept.

For an ensemble of H members, the diversity is uni-
versally defined as the expected average loss between each
member’s prediction, gy, and the ensemble’s consensus pre-
diction, g:

1z
Diversity = Ep | - > Ud )| (1)
h=1
where [ is the chosen loss function and Ep denotes the
expectation over the entire distribution of possible training
datasets.

A key result of this theory is its instantiation for the
squared loss, where I(a,b) = (a — b)2. In this case, the
consensus ¢ is the arithmetic mean of the members’ predic-
tions. Substituting this into Eq. | yields:

H
) ) 1 -
Diversity,, = Ep T Z(Qh - q)? )
h=1
= Ep [Var({q1,...,qu})]-

Eq. 2 provides a powerful and direct conclusion: under
the squared loss, diversity is mathematically equivalent to
the variance of the members’ predictions.

This result provides a direct theoretical basis for our
method.  Within the analogy, the set of predictions
{q1,...,qu} for a specific visual token ¢ corresponds to
the set of attention scores from the CLS token assigned to
it by the H heads. Using the notation from our main paper,
this setis {af, ..., a5}, }.

While Eq. 2 defines diversity as an expectation over the
data distribution, we apply this principle at the single-token
level during inference. The justification for this instanti-
ation is two-fold. First, the instantaneous variance across
heads serves as a practical and efficient proxy for the ex-
pected diversity. Second, and more importantly, the dis-
agreement among heads that were jointly trained is partic-
ularly informative. The very fact that these co-trained “ex-
perts” still produce divergent assessments for a specific to-
ken strongly suggests that this token encodes multifaceted,

complex, or ambiguous information. Such tokens are pre-
cisely the ones that carry high diversity and are crucial to
preserve for robust reasoning. Consequently, the variance
term in Eq. 2 is precisely the attention variance score, Syar, i,
defined in our main paper:

Var({a$h, ..., a5

A% }) = Svari-

3.3. Variance as a Proxy for Decorrelation

3)

A complementary justification arises from the classical sta-
tistical analysis of ensembles[23, 31]. The variance of an
ensemble’s mean prediction, Var(Y'), is given by the well-
known formula:
2

Var(Y) = % + %po{
where H is the number of members (heads), o2 is the aver-
age variance of a single member, and p is the average cor-
relation coefficient between any two members. (Note that
Eq. 4 concerns the variance of the ensemble’s aggregated
output, which should be minimized for stable predictions,
whereas our attention variance measures the disagreement
among heads about individual tokens, which signals diver-
sity worth preserving. These concepts operate at different
conceptual levels.)

As indicated by Eq. 4, the key to improving model ro-
bustness and reducing ensemble variance is to foster high
diversity among the model’s members. This is achieved by
minimizing their correlation p, as low correlation is synony-
mous with high diversity.

While p is a global, pairwise metric that is computation-
ally expensive to track, the variance of predictions across
members for a specific input serves as an efficient and ef-
fective local proxy for decorrelation. The relationship be-
tween this local variance and the global correlation p is in-
verse. Specifically, a low inter-head variance for a token
indicates a strong consensus in the heads’ assessments, re-
flecting high correlation and thus low diversity. Conversely,
a high inter-head variance signifies substantial disagree-
ment, revealing a divergence in their interpretations. This

“4)



divergence implies a low degree of local correlation and is
therefore a strong signal of high diversity.

Thus, attention variance functions as a direct, computa-
tionally tractable, inverse proxy for correlation. By select-
ing tokens with high attention variance, PrismPrune actively
favors tokens that induce decorrelation among the heads.

4. Visualization

Visualization of decoupled attention signals. Figure 2
provides a compelling visualization of our core insight: the
intrinsic decoupling of saliency and diversity signals within
the multi-head attention mechanism. A clear dichotomy
emerges from the visual evidence. The tokens selected via
mean attention (left column of each pair) consistently con-
centrate on the primary subjects and semantically salient
regions—such as the people at the fruit stand, the double-
decker bus, or the skier in the snow. This confirms its role
in capturing the semantic core of the image.

In stark contrast, the tokens identified by our high-
variance heuristic (right column) capture a rich tapestry of
complementary information. They highlight fine-grained
details, contextual elements, and structural edges that are
often overlooked by mean attention. For instance, high-
variance tokens successfully identify textual information on
signs, the texture of the snow and surrounding terrain, and
the intricate details of items in a cluttered room.

This visual evidence substantiates our central claim: re-
lying solely on saliency is insufficient, as it leads to the
loss of crucial contextual information required for complex
reasoning. Our work leverages this natural decomposition,
akin to a prism separating signals, to ensure that both the
core subject and its rich context are preserved efficiently in
the final token set.

Visualization of the internal diversity distribution. To
validate the effectiveness of our variance-based filtering
strategy, we analyzed the internal diversity of the candi-
date token pools on 1000 data samples from three distinct
benchmarks: TextVQA, POPE, and MME. We quantify the
internal diversity of a token subset by computing the aver-
age of the minimum pair-wise distances between its con-
stituent feature vectors; a higher score indicates less redun-
dancy and greater feature variation. For each sample, we
compared the diversity score of the subset selected by our
method against a baseline pool of randomly selected tokens.

The histograms of these diversity scores, presented in
Figure 1, provide a clear and consistent validation of our
approach. Across all three datasets, the distribution for the
High-Variance Pool (Ours) is visibly shifted to the right
compared to the Random Pool. This demonstrates that our
method consistently selects candidate subsets where tokens
are, on average, more dissimilar from one another. This
higher internal diversity confirms that the tokens identified
by our variance heuristic are less redundant and capture a

richer, more varied set of visual features. This curated,
high-potential candidate pool thus serves as a superior foun-
dation for the subsequent diversity sampling stage, enabling
more efficient and effective token pruning.
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