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Abstract

This study identifies that visual-related functional decoding is distributed across
different decoder layers in Multimodal Large Language Models (MLLMs). Typi-
cally, each function, such as counting, grounding, or OCR recognition, narrows
down to two or three layers, which we define as Vision Function Layers (VFL).
Additionally, the depth and its order of different VFLs exhibits a consistent pattern
across different MLLMs, which is well-aligned with human behaviors (e.g., recog-
nition occurs first, followed by counting, and then grounding). These findings are
derived from Visual Token Swapping, our novel analytical framework that modifies
targeted KV cache entries to precisely elucidate layer-specific functions during
decoding. Furthermore, these insights offer substantial utility in tailoring MLLMs
for real-world downstream applications. For instance, when LoRA training is
selectively applied to VFLs whose functions align with the training data, VFL-
LoRA not only outperform full-LoRA but also prevent out-of-domain function
forgetting. Moreover, by analyzing the performance differential on training data
when particular VFLs are ablated, VFL-select automatically classifies data by
function, enabling highly efficient data selection to directly bolster corresponding
capabilities. Consequently, VFL-select surpasses human experts in data selection,
and achieves 98% of full-data performance with only 20% of the original dataset.
This study delivers deeper comprehension of MLLM visual processing, fostering
the creation of more efficient, interpretable, and robust models.

1 Introduction

Large language models (LLMs)[2, 3, 8, 17,47, 55,57, 59, 60], built on deep transformer layers [61],
have become the dominant paradigm in natural language processing, demonstrating remarkable
versatility and human-level performance across diverse tasks [16, 45, 53, 56, 69]. Recent studies [ 1,

, 44] further reveal that frontier LLMs develop hierarchical internal structures and problem-solving
strategies analogous to human cognition, in which simple features are combined into complex
representations and tasks are decomposed into sub-components. Understanding these mechanisms

has become central to improving interpretability [20, 32], efficiency [ |, 76], and driving architectural
advances like Mixture of Experts [, 15, 66].
Extending LL.Ms, Multimodal Large Language Models (MLLMs) [3, 6, 7, 23, 64] achieve joint

text-vision understanding and reasoning by processing integrated visual and textual inputs. Through
supervised fine-tuning on vision instruction data, these MLLMs have progressed beyond simple
image captioning to address diverse tasks requiring visual perception and understanding. However,
despite these remarkable advancements in visual understanding capabilities, the internal workings
of these MLLMs—particularly how they process and reason with vision tokens—remain largely
unclear, often characterized as a “black box.” The heightened challenge in understanding the internal
mechanisms of MLLMs, compared to their text-only counterparts, stems primarily from two aspects:
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Figure 1: Overview of the Vision Token Swapping Framework. Left: Probing specific visual
functions using minimally different image pairs and targeted questions. Right: The token swapping
mechanism, where vision tokens from a source image replace those of a target image at a specific
layer within the MLLM’s KV cache during decoding. The example with Qwen2.5-VL demonstrates
how swapping at different functional layers (Layer=24 for OCR, Layer=18 for Recognition) directly
alters the model’s output to reflect the swapped content.

* First, the diversity of vision-language tasks [22, 30, 35, 36, 68] tackled by MLLMs demands
mastery of a wide range of fundamental visual functions, where we define a visual function as
a distinct perceptual capability essential for solving a specific category of vision tasks—such as
object recognition, counting, text reading, or spatial reasoning—each reflecting a particular type of
visual understanding. These atomic visual functions serve as building blocks for more complex
and integrative vision-language tasks, where multiple perceptual capabilities are jointly required.
For instance, solving a math problem in a diagram may require reading handwritten equations
(OCR), counting geometric elements, and reasoning about spatial relationships—each engaging
different visual functions in concert. Unlike text-only models that operate in a uniform linguistic
space [28, 31], MLLMs must learn to activate and combine heterogeneous visual functions to
interpret diverse visual inputs. This multi-faceted requirement adds substantial complexity to their
internal mechanisms, making it difficult to pinpoint how specific visual functions are represented,
combined, and aligned with textual reasoning.

* Second, unlike text-only LLMs, which have largely adopted standardized architectures, MLLMSs
still present diverse designs, especially in their visual branches. They employ different types of
visual encoders [10, 39, 43, 63] and various connector modules [0, 25, 29, 58] to integrate vision
tokens with text tokens. This architectural variability further complicates the understanding of their
internal mechanisms — akin to assuming that different species, each sensing the world through
distinct systems, would nonetheless process these signals through identical neural pathways [54].

While recent MLLM studies [4, 9, 37, 71] have explored token importance and cross-modal interac-
tions, they largely overlook how diverse visual functions are internally represented and coordinated.
A key challenge lies in the lack of diagnostic frameworks that isolate individual functions, as most
general-purpose tasks require multiple abilities simultaneously. This limitation hinders targeted
analysis and leads to only coarse conclusions (e.g., shallow layers extract visual features while deeper
perform reasoning), leaving core questions about MLLMs’ internal visual mechamisn unanswered.

To address this challenge, we examine the layer-wise functional roles of vision tokens within the
LLM backbone of MLLMs, aiming to understand how different layers contribute to the realization
of specific visual functions. We propose a two-level, step-by-step evaluation framework: single-
function evaluation via visual tokens swapping and multi-function evaluation via visual tokens
drop. Our single-function evaluation assesses the functional roles of visual representations across
layers by swapping visual tokens between pairs of images differing solely in one visual function.
This controlled perturbation reveals how layer-specific visual features contribute to the model’s
output, as illustrated in Fig. 1. Building on this, we extend our evaluation to multi-function general
benchmarks [12, 22, 24, 30, 35, 68]. In these more complex settings, where precisely designing
pairs of images that differ by only a single visual function for token swapping is challenging, we
instead employ a token dropping strategy. By analyzing performance degradation after dropping
visual tokens from different layers, we can identify the importance of specific layers for various tasks
within these benchmarks and subsequently infer the critical visual functions these layers support.



We comprehensively test across a diverse range of vision functions and MLLM architectures, leading
to the surprising discovery of a consistent internal MLLM mechanism. This mechanism proves
broadly applicable, from early MLLM iterations like the LLaVA series [23, 29] to recent models such
as the Qwen series [3, 62]. Our key findings are as follows:

* MLLMs feature Vision Function Layers, where specific visual functions are executed within
remarkably narrow layer blocks (typically 2-3 layers). Qwen-2.5-VL, for example, restricts
count-function to layers 14-16 and OCR to layers 22-24. This division of labor is sharply
defined: these functional layers operate with exclusivity, and other layers contribute negligibly
to these specific tasks.

* Vision Function Layers exhibit a consistent arrangement in diverse MLLMs, where
recognition typically occurs earliest, followed by counting in middle layers, then grounding,
and finally OCR in later layers. This observed sequence holds true across MLLM generations
(from LLaVA-v1.5 to Qwen2.5-VL) and scales (3B to 70B).

* Vision Function Layers are redundant within MLLMs. For tasks like ScienceQA and
MMMU, which do not rely on function-specific layers, MLLMs often maintain or even
improve performance when redundant Vision Function Layers, typically constituting over half
of the model’s depth, are omitted.

This mechanisms shed light on the “black-box” nature of MLLMs, offering explanations for previously
puzzling phenomena and the diverse behaviors of MLLMs across applications. We believe these
insights are fundamental to numerous MLLM applications, such as guiding the development of
function-layer-targeted parameter-efficient fine-tuning strategies and enabling more principled vision
instruction data selection based on active function layers.

In summary, our key contributions are as follows:

1. We propose a novel evaluation framework centered on visual token swapping and dropping.
This framework operates by replacing carefully designed paired image data to precisely locate
the functional layer of different tasks, providing a unique methodology for analyzing MLLMs
behavior.

2. We provide comprehensive findings obtained through the application of our framework to a wide
range of MLLMs and various visual tasks. These evaluations reveal a consistent layer-wise
functional arrangement across different model families, successive versions, and model sizes, with
specific visual functions consistently mapped to narrow, dedicated layer blocks.

3. We demonstrate the profound practical utility of our insights, showcasing that functional-layer
targeting enables: (a) vision-function LoRA, using only one-third the tunable parameters of full
LoRA, matches its in-domain performance while boosting out-of-domain generalization; (b) data
selection strategies surpassing human experts under identical budget constraints; and (c) achieving
98% of full-data performance with merely 20% of the data.

2 Vision Function Layer

2.1 Preliminaries on Multi-Model Large Language Models

Let I € RF*WXC denote the input image and T the tokenized text prompt. MLLM s first employ a
vision encoder &, to map I into IV,, dense embeddings V. These raw visual tokens are then projected
into the language model’s embedding space by a lightweight connector P, yielding aligned vision
embeddings U. In parallel, the text sequence T is embedded into W. MLLMs concatenate vision
and text embeddings along token dimension to form the joint input [U; W], which is then processed
by L successive Transformer layers {tl)(l) }i=1.. In the prefilling stage, in which the model builds up
its multimodal context before any token is generated as follows:

Uh, wh) = O (ult-1, wit-11). ¢))

During autoregressive decoding, each generated token continuously gathers information from the
vision and text token representations at every layer, thereby enabling dynamic cross-modal interaction



as follows:

Ngen
Py |UW) =[] P(%: | y<+, U, W), )
t=1
where Nge,, denotes the total number of tokens generated and y = (y1, %2, - - -, YN,.,) denotes the

sequence of output tokens, predicted by projecting the final layer representation through a linear layer
followed by softmax over the vocabulary.

2.2 Decoding with Vision Token Swapping and Dropping

In this work, we systematically probe the layer-wise vision representations U") to quantify their
individual contributions to the predicted token. To probe the function role of vision tokens at different
layers, we first introduce Vision Token Swapping: at layer k, we replace the original vision tokens
U®) with an alternative set U*), while keeping all other layers unchanged. The resulting decoding
probability becomes:

Ngen
Pswap (y ‘ U(;ék)7fj'(k)aw) = H P(Z/t | y<t7U(¢k)7ﬁ(k)7W)7 (3)

t=1

where U®) can be substituted with vision tokens from any other image, or even replaced with

NULL tokens. By carefully designing U™, we can assess how vision tokens at layer k influence the
generated output, thereby revealing their causal contribution to multimodal decoding.

Next, we consider an alternative probing method for scenarios where generating a specific alternative
set of vision tokens U®) is not feasible or desired. In this approach, instead of swapping tokens,
we directly drop them. We observed that merely nullifying the vision tokens at a single layer k
(i.e. removing U*) without replacement and without new information from an alternative source
ﬁ(k)) often yields changes in the output that are too subtle to be clearly indicative. To elicit a more
discernible impact and assess the cumulative importance of vision information processed up to a
certain depth, we adopt a strategy of progressively dropping all vision tokens from a given layer k
onwards, named as Vision Token Dropping. The decoding probability when all vision tokens from
layer k onwards are dropped is formulated as:
Ngen
Paop(y | U, W) = ] P(yi | y<i, USSP, W), “)

t=1
where U(<) denotes the visual tokens propagated up to layer k. In the subsequent experiments, we
adopt Equ. 3 whenever a valid replacement U(¥) is available; otherwise, we adopt Equ. 4.

2.3 Targeting Vision Function Layer by Vision Token Swapping and Dropping

Experiment Setting. To precisely identify the layers for key visual functions within MLLMs, we
employ our Vision Token Swapping methodology, which measures the “change rate” in the outputs
after token swapping. We construct dedicated paired image datasets for four key visual functions:
Optical Character Recognition (OCR), Object Counting (Count), Object Recognition (Recognition),
and Object Grounding (Grounding), as exemplified in Fig. 1. Each image pair is meticulously
designed to isolate a single visual attribute, ensuring minimal differences between paired images and
we random choose one as targe image and another as source image. Specifically:

* OCR pairs consist of distinct words (sampled from a deduplicated arXiv corpus [01]) rendered onto
visually uniform blank canvases, designed to evaluate the model’s capacity for textual information
extraction. Change rate is quantified by whether the model’s output text changes.

* Grounding pairs present identical objects placed at varying random locations within otherwise
clean backgrounds, aiming to probe spatial sensitivity. Change rate is the proportion of instances
where the Intersection-over-Union (IoU) between the predicted bounding box and the swapping-
ground-truth bounding box exceeds 0.5.

* Counting pairs, adapted from the CLEVR dataset [ 19], differ primarily in the quantity of a target

object type, with associated queries focused on enumeration. Change rate is computed based on
whether the predicted number changes.



* Recognition pairs, drawn from COCO [27], contrast images containing a target object (e.g., a
cat) with blank canvases; queries ask whether this target object is present. The change rate is the
proportion of “No” predictions after token swapping.

These experiments primarily utilize the Qwen-2.5-VL-7B model [64] which contains 28 layers, and
we have observed similar functional localization patterns across other MLLMs.

Experiment Results. Our interventions reveal that specific visual functions are handled in remark-
ably narrow Vision Function Layers within MLLMs, as illustrated for Qwen-2.5-VL-7B in Fig. 2.
“Results Change Rate (%)” is detailed in experiment settings. Collectively, these results highlight a
clear hierarchical processing strategy within the MLLM, with distinct layers specializing in different
visual functions, from foundational identity cues in early layers to complex OCR-related textual cues
in deeper layers.
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2.4 Targeting Vision Function Layer by Vision Token Dropping

Experiment Setting. To assess whether the layer-specific dependencies observed with our curated
paired datasets generalize to broader visual question answering (VQA) contexts, we extend our
investigation to general-purpose VQA benchmarks. In these experiments, we evaluate the impact of
progressively dropping vision tokens as defined in Equ. 4. We test models such as LLaVA-v1.5 (7B,
13B) [23, 29] and Qwen2.5-VL (3B, 7B) [3, 64] across a suite of benchmarks including SQA-I [33],
MMMU [68], POPE [22], SEED [24], CVBench [58], TextVQA [52], OCR [30], and ChartQA [35].
Performance is measured using the standard accuracy metrics pertinent to each benchmark. Tab. 4
presents the detailed results, showing performance when all vision layers are used (baseline) versus
when an increasing number of final layers are omitted.

Experiment Results. Across different models and scales (see Tab. 4), our conclusions are:

1. Different MLLMs show remarkable consistency in the hierarchical arrangement of the
vision function layer. This hierarchical order strongly corroborates findings from our earlier
paired-image swapping experiments. Both experimental approaches reveal that MLLMs
process visual information hierarchically, where OCR capabilities decline first (with both
models starting to lose OCR functionality between layers 4-8), followed by spatial reasoning,
and finally, object recognition.

2. Many tasks do not necessitate visual tokens from every layer, and critically, some tasks
achieve superior performance when specific, seemingly non-contributory vision function
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—drop 8 v-layers 72.6 35.8 1528.3 86.0 68.2 53.2 44.8, 31.2, 21.1,
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—drop 4 v-layers 80.0 46.9 1528.1 86.9 74.9 72.9 59.3 56.4 78.6
—drop 8 v-layers 80.1 46.5 1530.8 86.9 74.9 72.6 22.0 17.9 60.0
—drop 16 v-layers 79.6 46.2 1400.9, | 82.7, 66.2, 56.4 124 2.5 13.0
—drop 20 v-layers 76.7, 45.2, 905.1 19.4 54.1 47.2 10.9 2.3 13.2
Qwen2.5-VL-7B-28-layer 87.2 50.7 1696.4 86.1 77.6 80.8 82.8 82.2 83.2
—drop 4 v-layers 87.4 50.8 1693.6 86.3 77.5 81.0 74.1 76.3 82.7
—drop 8 v-layers 87.4 50.6 1683.1 86.2 77.5 80.6 15.3 5.5 20.5
—drop 12 v-layers 87.2 50.2 1633.9, | 79.5, 74.5, 69.1 13.8 3.7 174
—drop 18 v-layers 77.3y 45.8 1111.5 37.1 52.4 44.2 12.2 2.3 14.3

Table 1: Vision Token Dropping on General Benchmarks. A, indicates the onset of performance
degradation, while A highlights significant drops. The results reveal a consistent hierarchical order of
vision function layers across diverse MLLMs. Results of other MLLMs are provided in Appendix.

layers are omitted. For example, on the MMMU task, all models achieved their highest
performance when some vision tokens were dropped, and the highest increase could be 1.8%.

3 Driving Progress in Multimodal LLLMs with Vision Function Layer Insights

3.1 Vision-Function-LoRA

Motivation. Fine-tuning pre-trained MLLMs is widely used to strengthen specific abilities such
as spatial reasoning [58, 65]. Due to their large size, PEFT methods like LoRA [18] have become
standard. However, LoRA is typically applied uniformly across layers, which is suboptimal: as our
analysis (Fig. 2) shows, different visual functions are localized to specific layers and dropping useless
function layers can improve the performance. Moreover, task-specific fine-tuning risks degrading
general performance through catastrophic forgetting. To address this, we propose Vision-Function
LoRA (VFL), a PEFT method that selectively applies LoRA updates only to layers critical for the
target visual function(s), thereby enhancing desired skills while preserving overall model capability.

Experiment Setting. To evaluate the efficacy and benefits of VFL-LoRA, we focus on enhancing
spatial reasoning—a fundamental visual understanding capability where current MLLMs often exhibit
deficiencies. It is important to note that, to evaluate VFL-LoRA’s generalizability and the robustness
of the identified Vision Function Layers, we directly select the layers with non-zero change rate of
count-function from Fig. 2, without any access to the training or test data of the downstream spatial
reasoning benchmarks. For example, for Qwen2.5-VL-7B, we use layers 10-17, 20, 21, 22, and 23.

We utilize the SAT [46] as training dataset, specifically its single-image question-answering tasks prob-
ing spatial understanding. Our base architectures are the Qwen2.5-VL models [64]. We benchmark
VFL-LoRA against two primary baselines: (1) Standard LoRA, where LoRA is applied uniformly
across all adaptable layers, and (2) Reversed-VFL, an ablation study where LoRA is applied to layers
excluding the count-function layer range. The evaluation is conducted on a comprehensive test set
comprising both in-domain spatial reasoning tasks from CV-Bench (which includes sub-tasks like
Count, Relation, Depth, and Distance) and a diverse suite of out-of-domain benchmarks (such as
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Figure 3: VFL-LoRA Efficiency and Diagnostic Analysis on CV-Bench. Left Table: VFL-LoRA,
which trains LoRA adapters exclusively on Count-Function Layers, achieves significant parameter
efficiency while maintaining competitive in-domain performance and demonstrating superior out-of-
domain generalization across diverse benchmarks. Right Figure: Analysis of CV-Bench sub-tasks
(Count, Depth, Distance, Relation) using vision token dropping. Results show high visual dependency
for Count and Depth sub-tasks, contrasting with strong language priors for Distance and Relation.
Attributing its strength in vision-heavy tasks like counting to its focus on Vision Layers, this analysis
shows VFL yields clear improvements in this domain, with less impact on language-focused tasks.

ChartQA [35], OCRBench [30], MMMU [68], and POPE [22]) to assess broader generalization.
Detailed results are presented in Fig. 3

Experiment Results. The performance of VFL-LoRA, primarily benchmark against standard
LoRA, is detailed in Fig. 3. Notably, VFL-LoRA achieves a substantial reduction in tunable pa-
rameters, requiring nearly 50% fewer (155M vs. 309M for standard LoRA on the tested models).
Beyond this increased parameter efficiency, VFL-LoRA attains marginally superior average in-
domain accuracy on the CV-Bench spatial reasoning tasks (84.4% vs. 85.0% for standard LoRA),
with particular improvements on specific sub-tasks such as CV-Count (72.6% vs. 70.9%). However,
standard LoRA showed a lead on CV-Distance (A detailed analysis is provided in Deeper Lock at
CV-Bench) More critically, for out-of-domain generalization, VFL-LoRA consistently surpasses
standard LoRA, achieving a higher average performance (75.0% vs. 74.3%) across the diverse suite of
benchmarks including ChartQA, OCRBench, MMMU, and POPE. In essence, these results indicate
that VFL-LoRA not only provides significant parameter savings but also largely maintains or even
enhances performance, especially in out-of-domain generalization, compared to the standard LoRA.

A Deeper Look at CV-Bench. To further dissect visual dependencies across spatial reasoning tasks
in CV-Bench, we apply vision token dropping to Qwen2.5-VL. As shown in Fig. 3, we observe clear
task-specific patterns. Performance on Count and Depth drops sharply as more layers are removed,
eventually nearing random levels—confirming their strong dependence on processed visual input. In
contrast, Distance and Relation remain robust even with heavy layer dropping, suggesting they rely
more on language priors and statistical biases rather than detailed visual features. This explains why
VFL-LoRA consistently improves count-centric and other perception-heavy tasks, but offers limited
gains on tasks like CV-Distance that rely less on the targeted visual functions.

3.2 Data Selection through the Lens of Vision Function Layers

Motivation. The demand for large-scale instruction datasets to train MLLMs presents significant
challenges, as these datasets, while rich in diverse signals, often have heterogeneous quality, making
it difficult to determine the specific contribution of individual instances to enhancing distinct model
capabilities. This ambiguity complicates efficient training and targeted skill development, thereby
necessitating more efficient data selection strategies. To address this, we propose VFL-Select, a
novel approach that leverages our understanding of VFLs as a guiding principle for data curation.
The core idea is that data instances most beneficial for improving MLLM capabilities are those that
effectively engage, or are predicted to refine, these functionally specialized layers. By analyzing data
“through the lens” of VFLs, VFL-Select aims to curate smaller, higher-quality, and more targeted
datasets, prioritizing data based on its predicted utility.
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Table 2: Comprehensive Benchmark Results for Data Ratio Experiments. We compare data
subset selection strategies—Oracle, Random, Expert [58], and our VFL—across sample sizes ranging
from 150k to 665k. Results show that VFL consistently outperforms both Expert and Random
baselines, with particularly notable gains on general, knowledge, and OCR tasks. In the table, results
at the optimal 665k setting are bolded, while the best scores for other subset sizes are underlined.

Experiment Setting. We construct a diverse data pool consisting of 20 million vision instruction
samples, covering a wide range of tasks and modalities. To implement VFL-Select, we first determine
the functional value of a given sample (x, y) (input x, ground-truth answer y) in layer k as:

Py | U(=)=" w)
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where P(y | U((f)k), W) is the probability of generating y in Equ. 4. A higher value Ry, for a given

sample suggests greater reliance on layer k for correctly processing that sample, thus associating
the sample with the vision function in that layer. This allows for a functional categorization of data
without requiring explicit prior knowledge or semantic labeling of what kind of vision function each
specific layer represents. In practice, we partition the entire dataset based on the highest Ry, score for
each sample, effectively grouping data according to their dominant layer-wise influence. From each
partition, we then uniformly sample data to construct balanced subsets for training. A crucial aspect
for practical application is the scalability of this data classification process.

Notably, our findings indicate consistent VFL hierarchical trends across diverse MLLMs. This allows
the computationally intensive VFL-Select data classification to be efficiently executed using smaller
proxy models (e.g., TinyLLaVA-0.5B [75]), with the derived insights directly informing data curation
for much larger target models (e.g., a 7B LLaVA model), substantially reducing computational
overhead and enhancing VFL-Select’s practical scalability.

Experiment Results. Tab. 2 demonstrates that VFL-Select consistently outperforms both Random
and Human-Expert data selection strategies [58] across all tested subset sizes (150k to 665k instances).
VFL-Select particularly excels on knowledge-intensive benchmarks. For instance, on SQA! with a
665k data subset, VFL-Select achieves a score of 86.0, substantially outperforming Random selection
(e.g., 60.4) and Human-Expert selection (e.g., 72.1) as detailed in Tab. 2. This robust outperformance
confirms that VFL-Select efficiently identifies higher-utility data instances from large, heterogeneous
pools, leading to enhanced model performance for a fixed data budget and demonstrating the value of
leveraging VFL insights for intelligent data curation.

Experiment on LLaVA-665k. To further assess the versatility and effectiveness of our VFL-Select
methodology, we conduct experiments focusing on its ability to identify high-utility data within a



Shallow-layer Deep-layer
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Full 684 347 14769 864 673 79.1 63.0 582 330 220
Random 68.5 332 14830 847 622 | 973 | 757 589 553 303 197 | 93.1
D2-Pruning [34] | 69.3 34.1 13912 857 63.1| 974 | 730 584 51.8 309 203 | 920
EL2N [41] 655 340 14395 843 63.1 | 965 | 762 587 530 30.1 212| 936
COINCIDE [21] | 69.2 34.1 14956 86.1 63.8 | 99.0 | 765 59.8 556 29.1 20.8 | 94.0
VFEL (Ours) 704 342 15042 861 635 | 995 | 774 614 571 310 220 | 974

Table 3: Performance of Data Selection Methods using a 20% LLaVA-665k Subset. All strategies,
excluding “Full” (trained on 100% of LLaVA-665k), utilize only a 20% subset of the LLaVA-665k
data for fine-tuning. Performance on shallow-layer and deep-layer task categories is presented relative
to the “Full” model’s scores (Rel.(%)).

more constrained and established dataset, specifically LLaVA-665k [23]. The objective was to curate
an optimal 20% subset from the LLaVA-665k dataset itself for fine-tuning. We compared VFL-Select
against other selection strategies (Random, D2-Pruning, EL2N, COINCIDE) operating under this
20% data constraint. The performance of models fine-tuned on these subsets was evaluated relative
to a model trained on the complete LLaVA-665k dataset (“Full”). As detailed in Tab. 3, with only
20% of the LLaVA-665k data, models fine-tuned using VFL-Select achieved 99.5% of the full-data
performance on shallow-layer task benchmarks and 97.4% on deep-layer task benchmarks. These
results significantly surpassed those of other data selection methods, underscoring VFL-Select’s
efficacy in identifying the most impactful training instances.

4 Related Work

Layer-wise Representations in LLLMs. Recent studies investigate the role of individual layers
within LLMs. Adalnfer [! 1] finds that many layers in LLMs are redundant, with only about 20% of
layers being essential for general tasks and around 50% for sentiment analysis. Their method assesses
the contribution of each layer by directly ablating it. Building on the same hypothesis, DSA [26]
introduces a pruning strategy that leverages per-layer importance scores to search for a computation
rule that determines the pruning ratio for each layer. In a similar vein, LISA [40] shows that many
parameters introduced during LoRA fine-tuning are also redundant, and proposes selecting layers to
fine-tune based on their weight norms.

Layer-wise Representations in MLLMs. There has been limited focus on layer-wise representa-
tions in MLLMs. The most relevant line of work comes from token pruning studies [5, 67, 72], which
reveal that MLLMs do not require all vision tokens to perform accurate reasoning. Methods [67, 72]
have shown that the acceptable token reduction rate varies across different layers. While prior work
focuses on token-level efficiency, it leaves the reasons unexplained. In contrast, we investigate
layer-wise vision functions, offering deeper insights into how vision tokens contribute across layer.

5 Conclusion

This paper reveals that Multimodal Large Language Models (MLLMs) develop narrow, hierarchical
Vision Function Layers (VFLs) specialized for tasks like counting, localization, and OCR recognition.
Using Visual Token Swapping and token dropping, we show these structures emerge consistently
across models. Leveraging this, our VFL-targeted fine-tuning cuts parameter costs while preserving
performance, and VFL-guided data selection achieves 98% of full-data results with just 20% of data.
Our findings offer new paths toward more interpretable and efficient multimodal systems.

Acknowledgement: This work is supported in part by the National Natural Science Foundation of
China under Grant No.62206174 and No.62576365, and Hong Kong Research Grants Council under
NSFC/RGC Collaborative Research Scheme (Grant CRS_HKU703/24).
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: For experiment results section, we discuss the limitations of our method under
specific conditions.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: The paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: We provide detailed experiment information.
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:
Justification: Code will be released after acceptance.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We provide detailed experimental settings.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: The performance gains are substantial, and we present detailed analyses to
support our findings.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide resources details in appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: There is no societal impact of the work performed.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We cite all the original paper that produced the code package or dataset.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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In the supplementary material, we provide additional information regarding,

¢ Evaluation Protocol (In Section A).

* More Results of other MLLM on Vision Token Dropping Experiment. (In Section B).
* Implementation Details of VFL-LoRA (In Section C).

* Implementation Details of VFL-Select (In Section D).

¢ Discussion, Limitation and Future Work (In Section E).

A Evaluation Protocol

In this section, we provide detailed evaluation settings. Our test set covers a wide range of capabilities,
including general knowledge, visual recognition, spatial reasoning, as well as chart and our own
tasks.

Evaluation tool. We observed that the official evaluation tools provided by some benchmarks are
inefficient in large-scale experiments. Therefore, we adopt two well-maintained toolkits: 1mms-eval
(v0.33) ? and VLMEvalKit (v0.2) 3, to perform all our evaluations.

It is important to note that the version of the evaluation toolkit can significantly affect the final reported
performance. For a fair comparison, especially for experiments that require external baselines (e.g.,
Tab.3), we follow the default evaluation protocol used by each benchmark. For all other experiments,
we adopt lmms-eval and VLMEvalKit to improve efficiency. To ensure reproducibility, we release
all the question prompts used during evaluation.

Question Prompt

[ScienceQA’]

\nAnswer with the option’s letter from the given choices directly.
[MMMU]

Multi-Choice = Answer with the option’s letter from the given choices directly.
Open-Ended = Answer the question using a single word or phrase.
[MME]

\nAnswer the question using a single word or phrase.

[POPE]

\nAnswer the question using a single word or phrase.

[SEED]

\nAnswer with the option’s letter from the given choices directly.
[TextVQA]

\nAnswer the question using a single word or phrase.

[ChartQA]

\nAnswer the question using a single word.

\. J

CV-Bench. Unlike the default CV-Bench protocol, we report the final performance by directly
averaging the results over the four subsets.

B More Results of on Vision Token Dropping Experiment

In this section, we present additional results from the vision token dropping experiments. We
first provide a qualitative analysis on the Math dataset, followed by a comprehensive quantitative
evaluation across multiple datasets by different MLLMs.

Vision Function Layer in Different MLLLMs. We provide additional experimental results on
vision token dropping across various Multimodal Large Language Models (MLLMs) in Tab. 4. The
models are categorized based on their vision encoders and language models as follows:

*https://github.com/EvolvingLMMs-Lab/lmms-eval
*https://github.com/open- compass/VLMEvalKit
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General & Knowledge Recognition Spatial OCR
Vision Encoder & Language Model SQA-I[33] MMMU [68] POPE [22]  CVBench [58] ChartQA [35]

CLIP [43] & Vicuna [74]-7B 68.8 34.7 86.4 56.2 22.0
—drop 8 v-layers 68.8 34.4 86.4 56.4 21.0,
—drop 16 v-layers 68.7 34.3 86.0 53.7, 15.9
—drop 20 v-layers 69.0 35.2 83.2, 43.0 13.8
—drop 24 v-layers 65.7, 33.9, 38.1 37.2 12.8

CLIP [43] & Vicuna [74]-13B 72.7 35.4 85.9 53.0 22.6
—drop 8 v-layers 72.6 35.8 86.0 53.2 21.1,
—drop 16 v-layers 72.7 35.4 84.9 53.2 15.8
—drop 20 v-layers 722 37.2 74.9, 51.2, 15.0
—drop 24 v-layers 70.1, 34.6, 11.5 52.2 13.5

DINOV2 [39] & LLaMA-3 [14]-8B 714 32.7 85.5 64.8 73.1
—drop 8 v-layers 70.1 34.0 85.0 66.4 70.8,
—drop 16 v-layers 70.5 31.3 84.5 68.9 18.6
— drop 20 v-layers 69.6 34.8 78.2, 66.5, 134
—drop 24 v-layers 67.7, 36.5 6.6 44.3 11.6

DINOV2 [39] & Vicuna [74]-13B 74.3 37.7 85.6 65.4 72.7
—drop 8 v-layers 74.3 40.7 84.6 66.0 62.0,
—drop 16 v-layers 74.3 374 84.9 66.2 17.8
—drop 20 v-layers 74.6 37.2 76.9, 57.3, 14.0
—drop 24 v-layers 72.4, 36.6, 17.6 51.0 13.1

Qwen-ViT & Qwen2.5-LM [3]-3B 80.3 46.3 87.0 72.9 83.4
—drop 4 v-layers 80.0 46.9 86.9 72.9 78.6
—drop 8 v-layers 80.1 46.5 86.9 72.6 60.0
—drop 16 v-layers 79.6 46.2 82.7, 56.4 13.0
—drop 20 v-layers 76.7, 45.2, 19.4 47.2 13.2

Qwen-ViT & Qwen2.5-LM [3]-7B 87.2 50.7 86.1 80.8 83.2
—drop 4 v-layers 87.4 50.8 86.3 81.0 82.7
—drop 8 v-layers 87.4 50.6 86.2 80.6 20.5
—drop 12 v-layers 87.2 50.2 79.5, 69.1 17.4
—drop 18 v-layers 77.3y 45.8 37.1 44.2 14.3

Table 4: Vision Token Dropping on General Benchmarks. A, indicates the onset of performance
degradation, while A highlights significant drops. The results reveal a consistent hierarchical order of
vision function layers across diverse MLLMs.

* Vision encoders: CLIP [43], DINO [39], and Qwen-ViT.
* Language models: Vicuna-7B/13B [74], LLaMA-3 [14] 8B, and Qwen2.5-LM-3B/7B [3].

Across different combinations of these components, all MLLMs consistently exhibit the phenomenon
of a Vision Function Layer, showing similar trends. This demonstrates that the observed behavior is
not an isolated case, but rather a shared internal mechanism among different MLLMs.

Interestingly, for MLLMs equipped with DINO as the vision encoder, we find that removing later-
stage Vision Function Layers (VFLs) can actually enhance performance on certain CV-related tasks.
On CV-Bench, for instance, dropping 20 layers results in higher accuracy than using the full model
(68.9 vs. 64.8), indicating potential redundancy or task misalignment in deeper VFLs.

Vision Token Dropping on MathVista. We provide a qualitative analysis of vision token dropping
on MathVista, illustrating how different vision token layers affect complex visual reasoning. For
example, when interpreting a bar chart, the full model accurately read bar values (8 and 6, correctly
finding none smaller than 6) and text. Dropping later vision token layers (VFLs-L20-L28) showed a
nuanced impact. While the model still correctly reasoned that no bars were smaller than 6 (reporting
values as 6 and 8), its OCR capability was severely compromised, outputting generic placeholders
like “X-axis labels” instead of actual text. This suggests these layers are critical for fine-grained detail
like text but less so for gross quantitative estimation. More aggressive dropping (VFLs-L10-L28) led
to significant degradation in fundamental visual perception. The model then incorrectly identified bar
values as approximately 4 and 2, wrongly concluding two bars were smaller than 6. These examples
demonstrate that different layers uniquely contribute to diverse visual reasoning abilities essential
for MathVista tasks, with later layers crucial for OCR and a broader range vital for accurate visual
magnitude interpretation.
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Vision Token Dropping on MathVista

Title

Values

butt sick

How many bars have values smaller than 67

There are no bars in the chart that have values smaller than 6. The two bars shown
in the chart have values of 8 and 6, respectively.

Drop VFLs-L20-L28

There are no bars in the chart that have values smaller than 6. The two bars shown
in the chart have values of 6 and 8, respectively.

In the given bar chart, there are two bars that have values smaller than 6. The first
bar has a value of approximately 4, and the second bar has a value of approximately
2.

What text can you read from the image?

The text in the image reads:- Title: Title- Values: 0, 2, 4, 6, 8, 10- Categories: bultt,
sick.

Drop VFLs-L20-L28

The text in the image reads:- "X-axis labels: X-axis labels"- "Y-axis label: Y-axis
label"- "Title: Title.

Subtract all large yellow metal blocks. Subtract all gray metallic cylinders. How many
objects are left?

In the image, there are three objects:1. A large yellow metallic cube. 2. A small red
metallic cube.3. A small cyan sphere. Since we need to subtract all large yellow
metallic blocks and all gray metallic cylinders, we can see that there is one large

yellow metallic block in the image. There are no gray metallic cylinders in the image.
After removing the large yellow metallic block, the remaining objects are: 1. The

small red metallic cube. 2. The small cyan sphere. So, there are 2 objects left.

Drop VFLs-L20-L28

In the image, there are two large yellow metal blocks and one small gray metallic
cylinder. However, since the question asks to subtract all large yellow metal blocks
and all gray metallic cylinders, we will remove these objects from the count. - There
is 1 large yellow metal block. - There is 1 gray metallic cylinder. After removing these
objects, the remaining objects in the image are: - 1 small gray metallic cylinder
(which was not subtracted because it is not a large yellow metal block). - 1 small
gray metallic cylinder (which was not subtracted because it is not a large yellow
metal block). So, after subtracting the specified objects, there are no objects left in
the image.
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Vision Token Dropping on MathVista-cont.

What time does the clock show?

The clock shows 4:30. The hour hand is pointing at 4, and the minute hand is
pointing at 6, which represents 30 minutes past the hour.

Drop VFLs-L25-L.28

The clock shows 4:30. The hour hand is pointing at 4, and the minute hand is
pointing at 6, which represents 30 minutes past the hour.

The clock shows 3:30.

)

b
*.s“g

OrganismA  Organism B Organism C Orgiﬁi;m D

(Not drawn to scale)

What would happen to organism c if organism b increased?

In the food chain depicted in the image, Organism B (a dragonfly) is a predator of
Organism A (a plant), and Organism C (a fish) is a predator of Organism B. If the
population of Organism B increases, it means there will be more predators for
Organism C. Here’s what could happen: 1.... summary, if the population of Organism
B increases, it is likely that the population of Organism C would decrease due to
increased predation pressure and possibly resource competition.

Drop VFLs-L25-L28

If the population of organism B (the herbivore) increases, it would likely have a
positive impact on the population of organism C (the primary consumer). Here’s
why:1. **Increased Food Supply**: Organism B consumes organism C as its food
source. If there is an increase in the number of organism B, there will be more
consumers for organism C. This could lead to a higher demand for organism C,
potentially increasing its population. 2. **Competition**: However, this increase in
organism C might also lead to increased competition among the organisms for ....

Drop VFLs-L20-L28

If the population of organism B increases, it could have several effects on organism
C: 1. **Competition for Resources™*: Organism B and organism C may compete for
the same resources such as food, water, or space. An increase in the ...., an
increase in the population of organism B would likely have a negative impact on
organism C, potentially leading to a decrease in the population of organism C.
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C Implementation Details of VFL-LoRA

In this section, we provide a detailed overview of our VLF-LoRA, including the training data,
experimental setup, and implementation details.

Training Data. We leverage SAT [46], a simulated spatial aptitude training dataset that includes
both static and dynamic spatial reasoning tasks, comprising 175K question-answer (QA) pairs across
20K scenes. The dataset features three types of questions:

1. Relative Spatial Relations: determining whether object X is to the left, right, above, or below
object Y, and identifying whether object A or B is closer to another object C.

2. Relative Depth: assessing whether object X is closer to the camera than object Y by computing
object distances within the simulator.

3. Counting: determining the number of specific objects in a scene.

After filtering out multi-image questions, we retain a total of 151,724 training samples for use in our
experiments.

Experimental Setup and Implementation Details. We use two popular open-source MLLMs,
Qwen2.5-VL-3B [64] and Qwen2.5-VL-7B [64], for our experiments. The experiments are conducted
using a well-maintained GitHub repository*. We use 8 H20 GPUs, and the entire training process
takes approximately 3 hours. For Qwen2.5-VL-7B, we apply LoRA fine-tuning to layers 10 through
17, as well as layers 20, 21, 22, and 23, while keeping all other parameters frozen. We set the LoORA
rank to 32, the scaling factor (alpha) to 64, and the dropout rate to 0.05. For the 3B variant, we also
conduct Vision Token Swapping experiments on the Count task. In this setting, LoRA fine-tuning is
applied to layers 16 through 26, and all other experimental configurations are kept identical to those
used for the 7B model.

Detailed analysis on VFL-LoRA performance. Fig.3 in main paper shows that our VFL-LoRA
method consistently outperforms standard LoRA and Reversed-VFL on both Qwen2.5-VL-3B and
Qwen2.5-VL-7B models across In-Domain and Out-of-Domain tasks, while utilizing significantly
fewer trainable parameters. For Qwen2.5-VL-3B, VFL (Ours) achieves an average In-Domain score
of 83.5% (vs. 82.7% for LoRA) and an Out-of-Domain score of 72.9% (vs. 71.8% for LoRA), using
only 0.9% parameters compared to LoRA’s 3.1%. Notably, it improves the Count task to 72.3%
and MMMU to 47.3%. On the Qwen2.5-VL-7B model, VFL (Ours) demonstrates even stronger
advantages. It achieves an average In-Domain score of 85.0% (LoRA: 84.4%) and an Out-of-Domain
score of 75.0% (LoRA: 74.3%). This superior performance is achieved with only 0.9% parameters,
less than half of LoRA’s 1.9%. Compared to Reversed-VFL, which uses a similar 0.9% parameters,
our VFL method still shows clear improvements, particularly in the average In-Domain (85.0% vs
82.7%) and Out-of-Domain (75.0% vs 74.0%) scores. Key improvements include Count (72.6%)
and MMMU (51.7%). These results underscore VFL-LoRA’s effectiveness in enhancing model
performance and generalization capabilities with remarkable parameter efficiency.

It is worth noting the performance on the Distance task, where VFL (Ours) (86.3% for 3B, 86.8%
for 7B) does not consistently outperform the baselines (Reversed-VFL: 87.0% for 3B; LoRA: 88.3%
for 7B). Our preliminary analysis suggests that the Distance* task might be predominantly language-
driven. Tasks that rely more heavily on nuanced linguistic understanding or generation, rather than
fine-grained visual feature manipulation targeted by VFL, may not benefit as significantly from our
approach. In such language-centric scenarios, methods allowing broader adaptation of language
components might yield more competitive results.

D Implementation Details of VFL-Select

In this section, we provide a detailed overview of our VLF-Select, including the data pool we collect,
experimental setup, and implementation details.

“https://github.com/2U1/Qwen2-VL-Finetune
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Data Pool. To simulate real-world data distributions, we begin with a large-scale data pool. Specifi-
cally, we construct this pool by merging all training data from Cambrian-1 [58], EAGLE-1 [51], and
EAGLE-2 [51]. This diverse dataset provides broad coverage of scenarios encountered in practical
applications.

Experiment Setup and Implementation Details. We use TinyLLaVA-1.5B-SigL.IP [75] as the
MLLM for data classification. Although its model size is smaller than the commonly used 7B models,
it outperforms LLaVA-1.5-7B in our evaluations. Moreover, based on our observations, models of
different sizes share the same ordering of vision function layers. This consistency allows the classifi-
cation results obtained from the smaller model to be effectively transferred to the training of larger
models. TinyLLaVA-1.5B-SigLIP consists of 22 layers. We compute Ry, for k = 8,10, 12,16, 20
as defined in Equ.5. For each annotated sample, we group it based on the value of k that yields
the highest Ry, and then perform stratified sampling within each group according to Rao. This
ensures that samples of varying difficulty levels are evenly represented in the selected subset. Note
that although we compute R, six times, the computational cost remains low. This is because the
dominant cost in MLLM inference comes from processing long sequences of image tokens. In our
case, the image tokens are dropped after encoding, so computing multiple R, values incurs a cost
comparable to a single pass with the full image tokens. We perform the data classification process
on 16 H20 GPUs, which takes approximately 40 hours to complete. It is important to note that, as a
generalizable preprocessing step, this feature extraction only needs to be done once and can be reused
across different training settings. Therefore, we consider the computational cost to be acceptable. For
the human-expert baseline, we follow the optimal dataset-type distribution reported in Cambrian [58]
after multiple rounds of empirical tuning. Specifically, the composition is as follows: Language
(21.00%), General (34.52%), OCR (27.22%), Counting (8.71%), Math (7.20%), Code (1%), and
Science (1%).

Detailed analysis on VFL-Select performance. Tab.2 in main paper details a performance com-
parison between our VFL data selection strategy and a method based on human-expert curated
data. This comparison spans various data subset sizes from 150k to 665k and covers a range of
task categories. A clear and consistent trend indicates that VFL (Ours) generally achieves superior
or highly competitive results when compared to Expert, with this advantage often becoming more
pronounced as the volume of data increases.

Across general visual-language understanding tasks such as MME?, SEED’, and GQA’, VFL (Ours)
consistently surpasses Expert at all data quantities. For example, at the 665k data scale, VFL (Ours)
scores 1526.3 on MME?T, 68.2 on SEED/, and 64.1 on GQA’, which are notably higher than Expert
’s respective scores of 1421.0, 62.6, and 56.7. This pattern extends robustly into knowledge-intensive
tasks (SQAY, MMMUYV, AI2D) and OCR & Chart interpretation tasks (ChartQA, OCR, TextVQA). In
the knowledge domain, VFL (Ours) demonstrates a particularly strong lead, with SQA’ performance
at 665k reaching 86.0 for VFL (Ours) versus 66.0 for Expert . Similarly, in OCR tasks, VFL (Ours)
achieves 34.1 compared to Expert ’s 25.1 at the 665k level, highlighting VFL’s efficacy in selecting
data pertinent to textual and schematic understanding. For instance, across these more reasoning-
heavy categories, VFL (Ours) generally establishes a significant performance margin, suggesting its
data selection is more effective for enhancing complex cognitive capabilities in models.

The comparison in vision-centric tasks, specifically “Count” and “Dist,” reveals a more varied
landscape. For the “Count” task, Expert shows a slight advantage at the smallest data size (150k:
38.3 vs. VFL’s 36.9). However, with increasing data, VFL (Ours) tends to match or slightly exceed
Expert , exemplified by scores of 35.3 (VFL) and 35.2 (Expert) at 665k. The "Dist" task shows
fluctuating relative performance: VFL (Ours) leads at 150k (52.6 vs. 51.1) and 250k (55.5 vs. 46.8),
while Expert is ahead at 350k (55.1 vs. VFL’s 50.8). At the largest data point of 665k, both methods
converge to an identical score of 48.2. It’s noteworthy that the Oracle score for “Dist” (43.0) is
unusually lower than many achieved scores, indicating potential specificities with this benchmark.

ScienceQA is considered an outlier in our dataset. In our initial experiments, we retained at least
the first 8 layers of vision tokens, based on the assumption that removing these early layers—which
are responsible for fundamental visual recognition—would render the MLLM nearly non-functional.
However, we found this assumption does not hold for ScienceQA’. Specifically, the model achieves
reasonable performance using only the first 4 layers of vision tokens.
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As a result, in our data selection experiments, if no special handling is applied to the data required by
ScienceQA’, the final performance tends to plateau around 60. Remarkably, when we supplement
the dataset with image-VQ samples that do not rely on vision tokens, the performance improves
significantly to 86. This suggests that, for ScienceQA, vision tokens serve less as a source of rich
visual information and more as a structural placeholder to maintain a unified input format for training.

E Discussion, Limitation and Future Work

Limitations. Task-Specific Benefits of VFL-LORA: The advantages of VFL-LORA are most pro-
nounced for tasks heavily reliant on the specific visual functions localized in the targeted layers. For
tasks that depend more on language priors or statistical biases rather than detailed visual features
(e.g., the CV-Distance sub-task), VFL-LORA offers limited gains compared to standard LoRA, which
updates all layers. This suggests that the effectiveness of VFL-LORA is conditional on the nature of
the downstream task and its alignment with the functions of the selected VFLs. Scope of Investigated
Visual Functions: The current research primarily focuses on four key visual functions: OCR, Object
Counting, Object Recognition, and Object Grounding. MLLMs are designed to handle a much wider
array of visual concepts and reasoning types. The existence, localization, and hierarchical order of
VFLs for other, potentially more abstract or complex, visual functions remain to be explored.

Future Works. Expanding the Repertoire of VFLs: Future studies could extend the VFL analysis
to a broader spectrum of visual questions beyond the four investigated, including more complex
relational reasoning [73], open-world detection and recognition [48, 49], streaming-video understand-
ing [70], 3D scene understanding [50] or even visual hallucinations problems [13, 42]. This would
provide a more comprehensive map of functional specialization within MLLMs. VFL-Guided MLLM
Design: The insights from VFL localization could directly inform the development of novel MLLM
architectures. For instance, architectures could be designed with explicit layer specializations or rout-
ing mechanisms guided by VFL principles, potentially leading to models that are more interpretable,
efficient, and easier to train for specific capabilities.
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