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Figure 1. Performance overview of VLsI on vision-language benchmarks. (a) Accuracy on MM-Vet [100] for various model sizes,
showing that VLsI (2B and 7B) achieves competitive performance compared to proprietary closed-source VLMs. (b) Comparative
evaluation on multiple challenging benchmarks, where VLsI (green and blue) outperforms leading closed-source VLMs, including
GPT-4V [79], Claude-3.5-Sonnet [1], and Gemini-1.5-Pro [87], highlighting its efficiency and effectiveness across diverse tasks.

Abstract

The recent surge in high-quality visual instruction tun-
ing samples from closed-source vision-language models
(VLMs) such as GPT-4V has accelerated the release of
open-source VLMs across various model sizes. However,
scaling VLMs to improve performance using larger mod-
els brings significant computational challenges, especially
for deployment on resource-constrained devices like mo-
bile platforms and robots. To address this, we propose

VLsI: Verbalized Layers-to-Interactions, a new VLM
family in 2B and 7B model sizes, which prioritizes effi-
ciency without compromising accuracy. VLsI leverages
a unique, layer-wise distillation process, introducing inter-
mediate “verbalizers” that map features from each layer to
natural language space, allowing smaller VLMs to flexibly
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align with the reasoning processes of larger VLMs. This
approach mitigates the training instability often encoun-
tered in output imitation and goes beyond typical final-layer
tuning by aligning the small VLMs’ layer-wise progression
with that of the large ones. We validate VLsI across
ten challenging vision-language benchmarks, achieving no-
table performance gains (11.0% for 2B and 17.4% for 7B)
over GPT-4V without the need for model scaling, merging,
or architectural changes. Project Page.

1. Introduction

The integration of large language models (LLMs) with
vision-language models (VLMs) has significantly enhanced
the interpretive and processing capabilities of visual sys-
tems [5, 23, 78, 96]. By leveraging architectures such as
CLIP-aligned vision encoders [11, 105], these VLMs have
achieved unprecedented performance in understanding and
responding to visual inputs. The core of these advance-
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ments is visual instruction tuning [18, 65], which pairs im-
ages with question-answer texts to provide VLMs with rich,
instruction-based training. Closed-source VLMs like GPT-
4V [78] and Gemini-Pro [87] have led the way, generating
high-quality instruction tuning samples and setting new per-
formance standards for visual language understanding.

In response, open-source VLMs of various sizes, includ-
ing LLaVA-OneVision(OV) [56] and Qwen2-VL [92], have
rapidly emerged. While these models demonstrate the ad-
vantage of scaling for performance gains in vision-language
tasks, the computational cost of larger models presents
a critical barrier to deployment in real-world, resource-
limited settings, such as mobile devices and autonomous
robots. Consequently, the challenge lies in designing high-
performing, efficient VLMs capable of handling complex
visual tasks without requiring extensive hardware resources.

Traditional approaches to address these constraints of-
ten involve adding specialized modules [53] or modifying
model architectures [49]. However, these methods intro-
duce significant engineering complexity and can lead to
compatibility issues during deployment, particularly for on-
device applications where low-latency and memory effi-
ciency are paramount. Furthermore, recent evaluations us-
ing benchmarks like MM-Vet [100] and MMMU [102] re-
veal that these structural modifications still struggle with
advanced visual reasoning tasks. This raises the question:
Can we achieve a similar or superior level of performance
without scaling, merging, or architectural changes?

To address this, we introduce VLsI: Verbalized
Layers-to-Interactions, a new VLM family that leverages
an innovative, natural language-based distillation process to
efficiently transfer knowledge from large to small VLMs.
Unlike traditional distillation methods, which often directly
imitate outputs from a larger model, VLsI introduces
a layer-wise approach where each intermediate layer gener-
ates verbal responses in natural language space, enhancing
interpretability and alignment with larger models. This is
achieved through a three-step process: (1) the verbalization
step, which uses “verbalizers” to project intermediate fea-
tures into the language space, making them interpretable as
text-based responses; (2) the interaction step, which per-
forms adaptive layer matching to align the reasoning pro-
gression between large and small VLMs; and (3) the SFT
step, which finetunes the distilled VLMs for task-specific
instruction-following responsiveness.

Our experiments validate VLsI’s effectiveness
across ten challenging benchmarks, demonstrating signif-
icant performance gains of 11.0% (2B model) and 17.4%
(7B model) over GPT-4V. Notably, these improvements are
achieved without increasing model size, merging modules,
or modifying the architecture. Our contributions are as:

• We introduce VLsI, a new VLM family that applies
natural language-based, layer-wise distillation, offering

a scalable solution to high-performing yet efficient-scale
VLMs without requiring scaling or structural changes.

• We present sampling distribution-based dynamic layer
matching before distillation, in order to address the layer
number gap between large and small VLMs.

• VLsI is easy to implement and adaptable across var-
ious model architectures, making it practical and deploy-
able for real-world applications.

2. Related Works

Evolution of Vision-Language Models. The emergence
of visual instruction tuning: LLaVA [65] and Instruct-
BLIP [18] initially brings in not only introducing slight vari-
ations of VLMs [3, 8, 17, 48, 54, 107, 112], but also curat-
ing high-quality visual instruction samples [7, 9, 27, 32, 91,
99, 109]. Since that time, there has been a growing interest
in enhancing visual understanding; thus the simple visual
input technique of enlarging image resolution or dividing
images into smaller sections with fixed or dynamic rules
has got standardized [12, 33, 60, 66, 74, 94]. Furthermore,
merging additional visual encoders [26, 46, 80, 105] or mul-
tiple computer vision models [13, 22, 76, 97] into LLMs
have also become a major focus [34, 52, 53, 70, 82, 113].
Besides, Meteor [51] employs an additional rational pro-
jector that embeds multifaceted reasoning information to
cover diverse capabilities, including chart, diagram, docu-
ment, and math reasoning. More recently, Cambrian-1 [89],
LLaVA-OneVision [56] InternVL2 [12], Molmo [20], and
Qwen2-VL [92] have released large scale models in order to
follow or surpass the performances of closed-source VLMs.
While these advancements are both rapid and impactful,
relatively few studies focus on achieving high-performing
yet efficient-scale VLMs within limited architectures. Fur-
thermore, many current approaches rely heavily on GPT-
based instruction datasets, and only the final layer learns
the target responses in visual instruction tuning. In contrast,

VLsI presents how to effectively harness the capabil-
ities of larger VLMs—already outperforming the closed-
source ones—to transfer internally embedded knowledge
from large to small VLMs.

Efficient Modeling Strategy. In the field of lightweight
LLMs, MobiLlama [88], OpenELM [75], MobileLLM [68]
have leveraged various engineering techniques such as
shared feed-forward network (FFN) design, layer-wise scal-
ing, and embedding-language head sharing to efficiently re-
duce model parameters. Their primary objective is not to
close the gap with closed-source LLMs but rather to re-
duce parameters impacting less performance degradation.
In the field of VLMs, there are variations about how to
utilize pretrained lightweight LLMs [2, 35, 108] in order
to make efficient-scale VLMs [14, 15, 62, 81, 110, 111],
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Figure 2. Illustration of the training process in VLsI, showing (a) the verbalization step and (b) the interaction step. (a) In the
verbalization step, intermediate layers in both the large- and small-backbone VLMs are equipped with a “verbalizer”, allowing their outputs
to be projected into natural language space. Autoregressive loss is applied to align these verbalized outputs with the target responses. (b) In
the interaction step, each intermediate layer in the small-backbone VLM searches for a matching layer in the large backbone VLM within
a specified range. For example, once the 2nd layer of the small VLM is matched with the 4th layer in the large VLM, the next matching
search for the 3rd layer in the small VLM will proceed from the 5th to the 7th layers of the large VLM, ensuring progressive alignment. Note
that, “fireball” icon represents parameters that are actively trained or updated, while the “ice cube” icon indicates untrained parameters.

but these works are also not a fundamental solution to em-
bed more vision-language knowledge within limited struc-
tures. Notably, two VLM approaches, TroL [50] and Phan-
tom [49], aim to expand learning own capabilities within
limited structures by doubling forward propagation steps
and enlarging the latent dimension without physically in-
creasing model sizes, thereby showing large improvements.
Unfortunately, these approaches face limitations such as
key-value cache storage constraints and extensive architec-
tural modifications, which may hinder direct application to
real-world scenarios. Besides, a few works in distilling lan-
guage models [61, 77, 85] have emerged, and TED [61] uti-
lizes language head but it is not a version of LLM covering
general tasks, and it does not handle layer number gap be-
tween large and small models. The other studies simply use
the final layer distillation. For VLMs, LLaVA-MoD [83]
and LLaVA-KD [4] have also been recently proposed, but
they use the same way. Align-KD [28] distills both vision
features and logits from the language head, while MoVE-
KD [6] employs multiple vision encoders for large VLMs
and a mixture of LoRA [40] for small VLMs. Regarding the
distillation metric, DistiLLM [47] and MiniLLM [36] em-
phasize the effectiveness of reverse KL divergence, whereas
LLAVADI [95] and Minitron [77] demonstrate that nor-
mal KL divergence is more effective. On the other hand,

VLsI makes layer-wise distillation process where we
leverage natural language in order to make small VLMs
mimic the reasoning progression of large VLMs across lay-
ers. We hope that incorporating natural language will fa-
cilitate smoother communication between large and small
VLMs, alleviating the complexities of feature alignment.

3. VLsI: Verbalized Layers-to-Interactions
Overview of Model Architecture. As illustrated in
Fig. 2, VLsI comprises two main components: the
backbone VLM and verbalizers. For the backbone VLM,
we use Qwen2-VL [92], selected for its high performance
on the OpenVLM-Leaderboard [16]. The verbalizer con-
sists of a simple FFN [90] and the language head from the
backbone VLM. To distinguish between FFN components,
we refer to the FFN within the verbalizer as “verb-FFN” to
avoid confusion with the FFN in the LLM transformer de-
coder block. This design is inspired by the recent specula-
tive decoding paradigm [59], which demonstrates the effec-
tiveness of using a smaller LLM constructed with a frozen
word embedding and the language head of larger LLMs to
emulate the performance of those larger models. Building
on this insight, we incorporate the language head of the
backbone VLM into its intermediate layers. Specifically,
the verb-FFN is placed between each intermediate layer and
the language head, introducing trainable parameters that al-
low effective projection into the language space. In other
words, the verb-FFN enables outputs from the intermedi-
ate layers to project to the language space via the language
head. In the following sections, we detail the three critical
training stages: verbalization, interaction, and SFT.

3.1. Verbalization Step
In this step, we introduce a verbalizer for each target inter-
mediate layer (see Fig. 2(a)), allowing the outputs of these
layers to be mapped to the natural language space. Each ver-
balizer comprises a verb-FFN (the yellow block in Fig. 2(a))
and a language head (the blue block in Fig. 2(a)), which is
the same language head used in the corresponding back-
bone VLM. It is important to note that the outputs from in-
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The image shows a large, white background with a white background, which is a large, white background, and the other two points. (..Repeats..)

The image displays a large, small square labeled with "A" and "A" on the right.

The image displays a small blue circle with a small blue ball. (..Repeat..)

#1 Target Layer (Actual 2nd Layer)

#2 Target Layer (Actual 6th Layer)

#3 Target Layer (Actual 10th Layer)

#4 Target Layer (Actual 14th Layer)

The answer is “s” in the image. This is because the image is a square with a small blue ball on the right side of the square.

The missing image would likely be a square with a small circle inside, similar to the first image but with a small circle in the center. This pattern suggests a pattern of a 

shape with a small circle inside, which is consistent with the pattern of the other images.

The missing image would likely be a star shape similar to the one shown in the top right corner of the figure. This star would also be outlined in gold and set against a 

light blue background, following the pattern of the other images.

#6 Target Layer (Actual 22nd Layer)

#7 Target Layer (Actual 26th Layer)

Question: What would the missing 

image look like?

The answer is “star with a dot”

The image displays a large, white color (..Repeats..)

Small-Backbone VLM

VLsI

The diagram shows a triangle labeled ABC. The line segment labeled ABC is labeled as circle O.

The image shows a simple line drawing of a triangle. The shape is a square with a square shape, which is a common symbol for a square. The color is a light blue color, 

which is a common color for a blue and white color scheme. The color is not clearly visible in the image, but it is not possible to determine the exact number of objects 

in the image. (..Repeat..)

The image is a set of two images labeled “A”

#5 Target Layer (Actual 18th Layer)

The image shows a small red sphere, which is a common symbol for a small, small object. The image does not contain any other objects or objects that are not 

present in the image. (..Repeat..)

The image is a simple line drawing of a triangle with a small blue color.

The missing image would be a square with a small circle inside it, similar to the first image but with a small circle instead of a small circle and a small circle.

The missing image would likely be a diamond shape with a dot inside, similar to the bottom left image but without the dot. This would maintain the pattern of the 

diamond shapes with and without dots.

⋯

Verbalizer

“a diamond with a dot”

“a star with a dot”

Figure 3. Example of verbalized outputs from each intermediate target layer in an alternative small-backbone VLM (without VLsI
enhancements) and the VLsI. The visual question prompts VLM to predict the missing image in a sequence pattern. The outputs
illustrate how each layer progressively interprets the visual cues, with VLsI accurately identifying the answer as ‘a star with a dot’
in the final layer, while the alternative small-backbone VLM incorrectly predicts ‘a diamond with a dot’. This demonstrates the improved
interpretative capability of VLsI through layer-wise, language-based distillation.

termediate layers are not directly translatable to the natural
language space. To address this, we apply an additional ver-
balizer to process these intermediate layer outputs. To op-
timize the mapping from embeddings to natural language,
we leverage instance pairs from visual instruction tuning
datasets and apply an autoregressive loss to ensure the ver-
balized output aligns with the target response. Since the
weights in both backbone VLMs are fixed, the gradient up-
dates for each verbalizer at each layer remain independent.
Our goal here is not for the intermediate layers to generate
the correct response but rather to showcase their capacity
to express verbal information given specific visual and text
inputs. Fig. 3 presents the verbalization results, displaying
the output of each layer along with its corresponding verbal-
izer. The results show a gradual improvement in reasoning
and response accuracy as layers progress deeper. This ver-
balization enables our VLsI to track the evolution of
verbal responses in the natural language space, facilitating
a clearer understanding of the ‘key developments’ required
to generate desired responses and thereby offering a more
efficient distillation approach.

3.2. Interaction Step

After the verbalization step, we proceed with a distillation
process that leverages the natural language output from each

intermediate layer. The main objective of this interaction
step is to establish an effective mapping between the layers
of the large-backbone and small-backbone VLMs. This ap-
proach ensures that the small-backbone VLM mirrors the
reasoning progression in the large one as layers deepen.
Furthermore, because the computational requirements for
each ‘key development’ in generating the desired response
vary, we propose an adaptive layer-matching strategy that
dynamically aligns corresponding layers.

Extracting Verbal Information for Distillation. To ex-
tract verbal information from intermediate layers, we use
the vocabulary probabilities from the language head in the
verbalizer based on input from the visual instruction train-
ing dataset. This method avoids the high computational
cost of text generation (e.g., greedy or beam search [29]),
which would be prohibitively resource-intensive for each
layer across both the large and small VLMs.

Layer Matching for Distilling Reasoning Progression.
To achieve effective layer matching, we develop a strat-
egy to pair layers between the large- and small-backbone
VLM, allowing the small model to learn the reasoning pro-
gression encoded in the large model. We define the num-
ber of target layers in the large and small VLMs as tl and
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VLMs QBench AI2D ChartQA POPE HallB MME MathVista MMB MMBCN MM-Vet MMMU

LLaVA-NeXT-7B [66] - - - 86.5 - 1851 34.6 69.6 63.3 43.9 35.1
LLaVA-NeXT-8B [66] - 71.6 69.5 - - 1972 37.5 72.1 - - 41.7
LLaVA-NeXT-13B [66] - 70.0 62.2 86.7 - 1892 35.1 70.0 68.5 47.3 35.9
MM1-7B [74] - - - 86.6 - 1858 35.9 72.3 - 42.1 37.0
MM1-MoE-7B×32 [74] - - - 87.8 - 1992 40.9 72.7 - 45.2 40.9
MiniGemini-HD-7B [60] - - - - - 1865 32.2 65.8 - 41.3 36.8
MiniGemini-HD-13B [60] - - - - - 1917 37.0 68.6 - 50.5 37.3
Cambrian-1-8B [89] 73.0 73.3 - - - 49.0 75.9 - - 42.7
Cambrian-1-13B [89] 73.6 73.8 - - - 48.0 75.7 - - 40.0
Eagle-8B [82] 76.1 80.1 - - - 52.7 75.9 - - 43.8
Eagle-13B [82] 74.0 77.6 - - - 54.4 75.7 - - 41.6
VILA1.5-8B [63] - - - 85.6 - - - 75.3 69.9 43.2 38.6
VILA1.5-13B [63] - - - 86.3 - - - 74.9 66.3 44.3 37.9
VILA2-8B [27] - - - 86.7 - - - 76.6 71.7 50.0 38.3
CogVLM2-8B [38] - 73.4 81.0 - - 1870 - 80.5 - 60.4 44.3
LLaVA-OneVision-7B [56] - 81.4 80.0 - - 1998 63.2 80.8 - 57.5 48.8
InternVL2-8B [11] - 83.8 83.3 - - 2210 58.3 81.7 81.2 54.2 49.3
MiniCPM-V2.5-8B [98] - - - - - 2025 54.3 77.2 74.2 - 45.8
MiniCPM-V2.6-8B [98] - - - - - 2348 60.6 - - 60.0 49.8
TroL-7B [50] 73.6 78.5 71.2 87.8 65.3 2308 51.8 83.5 81.2 54.7 49.9
Phantom-7B [49] 73.8 79.5 87.8 87.7 65.4 2126 70.9 84.8 84.7 70.8 51.2
Qwen2-VL-7B [92] 77.5 77.5 83.0 88.9 65.7 2327 58.2 83.0 80.5 62.0 54.1

VLsI-7B 77.5 87.3 86.1 88.6 74.2 2338 74.7 86.3 85.5 75.2 69.3

Table 1. Evaluation of existing open-source VLMs and VLsI on various vision-language benchmarks: QBench [93], AI2D [44],
ChartQA [72], POPE [58], HallB [64], MME [30], MathVista [71], MMB [67], MMBCN [67], MM-Vet [100], and MMMU [102]. Bold
and underline indicate the top and second-best results, respectively.

ts, respectively, with ranges il = 0th, 1st, · · · , (tl − 1)th

and is = 0th, 1st, · · · , (ts − 1)th, where ts ≤ tl. Our
matching strategy iterates over the ts layers in the small
VLM, ensuring that each layer has a corresponding tar-
get layer in the large VLM. Note that, layers in the large-
backbone VLM may not have corresponding layers in the
small one. To maintain the reasoning progression as lay-
ers deepen, we employ a strategy that respects two key cri-
teria: (i) Order Preservation—the matched layer j (large-
backbone VLM) of layer i (small-backbone VLM) should
be deeper than the matched layer k of layer i− 1, ensuring
j > k; and (ii) Layer-wise Exploration (Multinomial Sam-
pling)—to encourage novel and effective configurations for
layer matching, we sample layers based on a distribution
that is inversely proportional to the KL divergence between
the verbal distributions of the matched layers in the large
and small VLMs. Specifically, we compute this sampling
distribution using a softmax of the scaled, negative KL di-
vergence values, as summarized in Algorithm 1.

3.3. Supervised Finetuning (SFT) Step

In the final stage of our distillation framework, we finetune
the entire small-backbone VLM, including word embed-
dings, multi-head attention, FFN, and the language head on
the visual instruction dataset in a supervised-learning man-
ner. This SFT step is inspired by pruning-based distilla-
tion methods [77, 85], which require additional training af-
ter pruning to counteract potential performance drops from
structural changes. While our interaction step does not alter
the model’s structure, fully absorbing the rich information
from the large VLM remains challenging for the small VLM

Algorithm 1 Pseudo-Code for Interaction Loss

1: Input: ts, tl
2: Initialize: loss: 0, i∗l : 0, ϵ: 1e-6, scale: 2
3: for is in 0 ≤ is < ts do
4: kld-list = []
5: for il in i∗l ≤ il ≤ tl − ts + is (Search Range) do
6: kld-list.append(compute-kld(is, il))
7: end for
8: T ← scale

kld-list.max−kld-list.min+ϵ {Temperature}
9: p-list← Softmax (−kld-list/T )

10: i∗l ← 1 + Multinomial(p-list) {Sampling Index}
11: loss← loss +kld-list[i∗l ]
12: end for
13: Return: loss
within a single interaction step. The SFT step allows the
small VLM to better align and integrate the acquired knowl-
edge across layers, enhancing response quality through au-
toregressive loss. We avoid optimizing autoregressive loss
during the interaction step (where KL divergence loss is op-
timized instead) as this can degrade performance, as demon-
strated in our ablation study (Sec. 4). Therefore, to improve
task-specific instruction-following responsiveness and ac-
curacy, we incorporate the SFT step with autoregressive loss
to further finetune the small-backbone VLM.

4. Experiments

4.1. Implementation Details
We present four key technical components of VLsI to
ensure reproducibility: (a) the configuration of the back-
bone vision-language model, (b) the architecture of the ver-
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VLMs QBench AI2D ChartQA POPE HallB MME MathVista MMB MMBCN MM-Vet MMMU

MiniCPM-2.4B [41] - 56.3 - - - 1650 28.9 64.1 62.6 31.1 -
MiniCPM-V2-2.8B [41] - 62.9 - - - 1809 38.7 69.1 66.5 41.0 -
MM1-3B [74] - - - 87.4 - 1762 32.0 67.8 - 43.7 33.9
MM1-MoE-3B×64 [74] - - - 87.6 - 1773 32.6 70.8 - 42.2 38.6
ALLaVA-3B [7] - - - - - 1623 - 64.0 - 32.2 35.3
VILA1.5-3B [63] - - - 85.3 - - - 62.8 52.2 38.6 33.3
InternVL2-4B [11] - 78.9 81.5 - - 2064 58.6 78.6 73.9 51.0 34.3
TroL-3.8B [50] 70.0 73.6 73.8 86.5 62.2 1980 55.1 79.2 77.1 51.1 37.5
Phantom-3.8B [49] 70.3 71.7 87.3 87.1 60.8 2046 60.6 80.4 77.1 54.4 39.2

DeepSeek-VL-1.3B [70] - - - 87.6 - - 31.1 64.6 62.9 34.8 32.2
MobileVLM-1.7B [14] - - - 84.5 - - - 53.2 - - -
MobileVLM-V2-1.7B [15] - - - 84.3 - - - 57.7 - - -
MoE-LLaVA-1.8B×4 [62] - - - 87.0 - - - 59.7 - 25.3 -
Mini-Gemini-2B [60] - - - - - 1653 29.4 59.8 - - 31.7
InternVL2-2B [11] - 74.1 76.2 - - 1877 46.3 73.2 70.9 39.5 34.3
TroL-1.8B [50] 68.2 68.9 64.0 88.6 60.1 2038 45.4 76.1 74.1 45.1 35.2
Phantom-1.8B [49] 69.1 62.3 87.0 89.6 62.2 1885 60.9 76.6 75.1 54.1 40.6
Qwen2-VL-2B [92] 70.8 60.2 73.5 87.8 61.2 1872 43.0 74.9 73.5 49.5 41.1

VLsI-2B 72.3 89.0 85.8 87.9 70.0 2022 68.4 81.7 78.8 64.8 51.4

Table 2. Comparison of smaller open-source VLMs and VLsI on the same evaluation benchmarks as in Table 1.

balizer, (c) the training and inference configuration, and
(d) the structure of the visual-instruction dataset, which in-
cludes a variety of capabilities crucial for effectively build-
ing VLsI.

(a) Configuration of the Backbone VLM. We select
Qwen2-VL [92] as our backbone VLM due to its flexible
model scaling options, which include Qwen2-1.5B, Qwen2-
7B, and Qwen2-72B [96]. Importantly, the tokenizer’s vo-
cabulary indices remain consistent across these model sizes,
allowing for seamless integration without reordering the vo-
cabulary. This structure enables us to focus on optimizing
the LLM component, where Qwen2-1.5B and Qwen2-7B
each contain 28 layers, and Qwen2-72B consists of 80 lay-
ers. For the vision encoder and projector, we adopt the same
modules as those in Qwen2-VL: the vision encoder is a
ViT model [21] adapted from DFN [25] and enhanced with
visually-adapted rotary positional embeddings [86]. The vi-
sion projector comprises an MLP with two fully-connected
layers interleaved with GELU activations [37].

(b) Architecture of the Verbalizer. We design the ver-
balizer as a sequential feed-forward network (FFN), sim-
ilar to the FFN typically used in transformer blocks [90],
and as a language head of the backbone VLM. Convention-
ally, an FFN consists of three MLPs responsible for dimen-
sional expansion, gating, and reduction. This configuration
first expands the hidden dimension, then applies importance
weighting to emphasize relevant features, and finally re-
duces the features back to the original hidden dimension.
To enhance computational efficiency in verbalization and
interaction, we opt to maintain a consistent hidden dimen-
sion throughout the process, foregoing the typical expan-
sion and reduction steps. This streamlined FFN (verb-FFN)
design reduces computational complexity while preserving

overall performance. For intermediate target layers, we se-
lect is: 2nd, 6th, 10th, ..., and 26th layers, and it: 2nd, 6th,
10th, ..., and 78th layers.

(c) Training and Inference Configuration. Training and
inference for VLsI are conducted on 8 NVIDIA A100
80GB GPUs. To enable efficient training, we apply
LoRA [40] to the LLM component, setting the rank and
alpha parameters to 64. We use the AdamW optimizer [69]
with a cosine annealing schedule, adjusting the learning rate
from 1e−4 to 1e−6 over each training step. To handle large
batch sizes effectively, we employ gradient accumulation
with 16 steps and gradient checkpointing [84] to optimize
memory usage. Specifically, batch configurations are four
batches each for the 2B and 7B models and two batches
for the 72B model, resulting in total gradient update counts
of 512 (8×16×4) and 256 (8×16×2), respectively. For in-
ference, we maintain the setup used in Qwen2-VL with a
greedy search for text generation.

(d) Visual-instruction dataset. Following the method-
ology in [49], we compiled a diverse dataset spanning
a broad range of vision-language capabilities, totaling
2.9 million visual instruction tuning samples from var-
ious sources. This dataset includes foundational im-
age understanding samples sourced from datasets such as
ShareGPT4o-Images (57K) [24], ShareGPT4V (755K) [9],
ALLaVA-VFLAN/Text (548K) [7], and MiniGemini
(27K) [60], which are focused on tasks like DocVQA [73],
ChartQA [72], DVQA [42], and AI2D [44]. To support sci-
entific and mathematical reasoning, we incorporated sam-
ples from LLaVA-HD (116K) [109], enhancing datasets
like ArXivQA [57] and TextbookQA [45]. Additionally, we
included document understanding samples from mPLUG-
DocOwl1.5-Downstream/Reasoning (599K) [39]. For more
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Benchmarks OmniFusion-7B DeepSeek-VL-7B MoVA-7B Eagle-8B CoLLaVO-7B MoAI-7B Meteor-7B VLsI-2B VLsI-7B

MMB [67] 69.0 73.2 81.3 75.9 83.0 79.3 82.9 81.7 86.3
MathVista [71] - - 44.3 52.7 57.6 56.2 53.4 68.4 74.7
MM-Vet [100] 39.4 41.5 - - 40.3 43.7 57.3 64.8 70.8
MMMU [102] 36.6 36.6 - 43.8 42.2 45.6 48.3 51.4 69.3

(a) Validation of open-source VLMs with additional modules and projectors compared to VLsI: OmniFusion [34], DeepSeek-VL [70],
MoVA [43], Eagle [82], CoLLaVO [52], MoAI [53], and Meteor [51].

VLMs MM-Vet MM-Vet-v2 MMMU MMStar AI2D SEED-2-Plus MathVista BLINK CV-Bench LLaVA-Wilder

LLaVA-NeXT-34B [66] 50.7 50.9 48.8 51.6 78.9 65.9 40.4 - - -
VILA1.5-40B [63] 51.2 - 55.1 55.2 77.8 - 49.5 - - -
Cambrian-34B [89] 53.2 - 50.4 54.2 79.5 65.1 50.3 - 76.9 -
Molmo-72B [20] 61.1 - 52.8 63.3 83.4 - 55.8 - - -
LLaVA-OV-72B [56] 60.6 - 56.6 65.8 86.2 - 68.4 - - 72.0
LLaMA-3.2-Vision 64.1 - 60.3 55.3 69.5 68.2 58.3 48.0 - -
Claude3.5-Sonnet [1] 66.0 71.8 65.9 62.2 80.2 71.7 61.6 28.2 - 83.1
NVLM-D-72B [19] 58.9 - 60.8 63.7 80.1 68.4 63.9 48.0 - -
GPT-4V (0409) [9] 67.5 66.3 61.7 56.0 78.6 69.3 54.7 58.3 69.1 71.5
Gemini-1.5-Pro 64.0 66.9 60.6 59.1 79.1 70.8 57.7 59.1 - -
InternVL2-76B [11] 64.4 68.4 58.3 67.1 87.6 70.0 65.6 57.5 - -
GPT-4o (0806) 75.1 71.0 69.9 64.7 84.7 70.8 62.7 64.7 - 85.9
Qwen2-VL-72B [92] 73.9 68.7 64.3 68.6 88.3 72.3 69.7 60.5 74.3 84.1

TroL-1.8B [50] 45.1 - 35.2 45.5 68.9 - 45.4 - - -
TroL-7B [50] 54.7 - 49.9 51.3 78.5 - 51.8 - - -
Phantom-1.8B [49] 54.1 46.3 40.6 45.5 62.3 57.1 60.9 44.2 63.1 78.5
Phantom-7B [49] 70.8 60.6 51.2 57.3 79.5 65.5 70.9 58.9 74.9 82.9

VLsI-2B 64.8 60.8 51.4 76.6 89.0 81.1 68.4 52.4 90.1 90.1
VLsI-7B 75.8 70.0 69.3 73.6 87.3 74.9 74.7 59.7 89.1 92.0

(b) Comparison of VLsI with other open-source and closed-source VLMs on challenging benchmarks: MM-Vet [100], MM-Vet-
v2 [101], MMMU [102], MMStar [10], AI2D [44], SEED-2-Plus [55], MathVista [71], BLINK [31], CV-Bench [89], and LLaVA-
Wilder [56]. This comparison includes models embedding additional knowledge [49, 50] and larger open/closed-source VLMs.

Table 3. Detailed comparison of VLsI with various open and closed-source VLMs on challenging evaluation benchmarks. Appendix
A provides detailed descriptions of the evaluation benchmarks listed in Tables 1 and 2.
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Figure 4. Comparison of performance on MM-Vet [100] and
MMMU [102] across different model size combinations in large
and small backbone VLMs. Each cell shows the evaluation re-
sults for various interaction configurations between 0.5B, 2B, and
7B small backbone VLMs trained with either Qwen2-VL [92] or
LLaVA-OV [56] as the large-backbone VLM.

general mathematical tasks, our dataset features samples
from GLLaVA (177K) [32], MathVision (3K) [91], Math-
Instruct (262K) [103], and MathPlus (304K) [104].

4.2. Verbalization on VLsI

Fig. 3 illustrates the verbal responses generated at each in-
termediate layer in small-backbone VLM and VLsI.
Using the verbalized outputs to trace each layer’s interpre-
tive progression, this comparison highlights how both mod-

els gradually enhance understanding across layers. At the
shallower layers, both models generate basic descriptions,
focusing on large, simple shapes and colors. However, as

VLsI progresses to mid-level layers, it begins to recog-
nize and articulate more complex visual structures, such as
labeled shapes and their relative positions. In contrast, the
small-backbone VLM’s verbal responses remain relatively
vague or repetitive, often lacking in specific relational de-
tails. By the deeper layers, VLsI demonstrates a clear
advantage: its verbalizations shift towards identifying the
correct pattern, explicitly referring to shapes and colors in
alignment with the target response: “star with a dot”. Mean-
while, the small-backbone VLM incorrectly predicts the
missing image as a “diamond with a dot”, failing to capture
the specific pattern. This example underscores the effec-
tiveness of VLsI’s layer-wise verbalization, where each
stage of verbal responses helps the small-backbone VLM
align with the larger one. Note that, Appendix B shows the
loss changes during verbalization. Additional examples of

VLsI’s verbalization are available in Appendix C, high-
lighting its capacity to interpret layer-wise verbal responses.

4.3. Comparison on Evaluation Benchmarks
As shown in Tab. 1 and Tab. 2, VLsI achieves higher
performance while maintaining an efficient model scale.
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VLMs MMB MM-Vet MMMU

LLaVA-OV-0.5B 52.1 29.1 31.4
VLsI-0.5B (LLaVA-OV-72B) 72.5 50.7 49.9

LLaVA-OV-7B 80.8 57.5 48.8
VLsI-7B (Qwen2-VL-72B) 86.3 75.8 69.3
VLsI-7B (LLaVA-OV-72B) 86.1 61.6 59.1

LLaVA-OV-72B 85.9 63.7 56.8

(a) Backbone VLMs

IL-Ops LL-Ops MMB BLINK MM-Vet MMMU

CE ✗ 79.2 51.3 64.5 56.5
CE CE 77.8 50.2 63.2 55.2
CE KLD 81.0 53.5 67.2 59.0
L2 KLD 81.5 53.2 66.8 58.0

KLD ✗ 83.0 55.0 69.5 61.0
KLD CE 81.5 54.3 68.5 59.8
KLD KLD 86.3 59.7 75.8 69.3
L2 KLD 81.7 53.5 67.0 58.3

(d) Operations for Intermediate/Last Layers

VLMs SFT MMB BLINK MM-Vet MMMU

Qwen2-VL-2B - 74.9 41.4 49.5 41.1
VLsI-2B ✗ 73.2 40.1 47.9 39.8
VLsI-2B (Beam) ✗ 77.6 48.3 58.1 45.9
VLsI-2B ✓ 81.7 52.4 64.8 51.4

Qwen2-VL-7B - 83.0 50.8 62.0 54.1
VLsI-7B ✗ 82.1 49.6 60.5 52.9
VLsI-7B (Beam) ✗ 85.2 56.3 70.9 63.5
VLsI-7B ✓ 86.3 59.7 75.8 69.3

Qwen2-VL-72B - 86.5 60.5 73.9 64.3

(b) Use of SFT Step

VLMs MMB BLINK MM-Vet MMMU

Random Index 77.0 50.0 62.0 52.0
Uniform Index 79.5 51.9 66.5 55.3
Bottom-1 Index 81.2 53.8 67.8 57.7
Bottom-3 Index 81.5 54.0 68.0 58.0

Multinomial Sampling 82.0 54.5 68.5 58.5
+Search Range 83.5 55.5 69.8 60.0
+Order Preservation 86.0 59.2 75.2 68.5
+Adaptive Temperature 86.3 59.7 75.8 69.3

(e) Components in Matching Strategy

RS Training Percent. MMB BLINK MM-Vet MMMU

Qwen2-VL-7B 80.5 50.8 62.0 54.1
+50% 81.0 51.5 62.8 54.6
+100% 81.8 52.3 63.7 55.2

VLsI-7B 82.1 49.6 60.5 52.9
+50% 85.4 56.0 70.0 62.1
+100% 86.3 59.7 75.8 69.3

(c) Percentage of Training Iterations in RS

Structure Params MMB BLINK MM-Vet MMMU

Decoder×2 3.3B 85.5 59.1 76.2 68.6
Decoder 1.6B 85.7 59.0 76.0 68.4
FFN×2 2.9B 86.3 59.2 75.9 69.3
FFN 1.4B 86.4 59.4 75.7 69.2
verb-FFN×2 539M 85.8 59.9 75.8 69.3
verb-FFN 269M 86.3 59.7 75.8 69.3
MLP×2 180M 84.2 57.5 74.1 67.0
MLP 90M 83.8 57.0 73.5 66.7

(f) Verbalizer Architecture

Table 4. Ablation studies examining the six main factors influencing the effectiveness of VLsI.
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Figure 5. Distribution changes of the matched indices between small-backbone and large-backbone VLMs at the interaction step. The left
figure shows the distribution at the beginning of training, while the right figure shows it at the end.

Furthermore, Tab. 3 compares VLsI’s performance
with (a) open-source VLMs that incorporate multiple vision
encoders, computer vision models, and additional rationale
projector; (b) VLMs with modified architectures [49, 50]
and various larger open- and proprietary closed-source
VLMs. To evaluate where the effectiveness comes from,
we analyze six key factors detailed in Fig. 4 and Tab. 4.
Appendix D explains the detailed settings for ablation stud-
ies. These results indicate that (1) utilizing a more capa-
ble large-backbone VLM provides substantial performance
benefits, suggesting that the choice of backbone signifi-
cantly impacts the transfer of knowledge; (2) using larger-
backbone VLM gets benefits; (3) KL divergence is more
effective during interaction step than cross-entropy, and
simultaneously using last-layer distillation boosts perfor-
mances; and (4) additional SFT step is crucial for further
performance gains, consistent with findings in [77, 85]. Ap-
pendix E represents VLsI’s text generation quality.

4.4. Discussion and Limitations
For Fig. 3, VLsI’s verbalizer is not re-trained but just
utilized by the trained verbalizer of the small-backbone
VLM. Interestingly, this verbalizer also works well at
VLsI, demonstrating flexibility and indicating that it may

serve as a practical medium of interpretability. Addition-
ally, Fig. 5 illustrates that, as the interaction step pro-
gresses, the small-backbone VLM gradually tries to learn
about deeper layers’ responses of the large-backbone VLM,
which can be considered accelerating the process of reach-
ing an answer. While VLsI is highly effective, the large
and small-backbone VLMs must share the same tokenizer
and token index order when constructing VLsI. We will ex-
plore more general ways that accommodate different tok-
enizers and token index orders, potentially expanding
VLsI’s applicability and scalability.

5. Conclusion
We present a new VLM family with 2B and 7B model sizes,

VLsI: Verbalized Layers-to-Interactions, designed to
build high-performing yet efficient-scale VLMs. This is
accomplished by leveraging natural language-based distil-
lation to transfer knowledge from large to small VLMs.
We show VLsI achieves strong vision-language perfor-
mances, suggesting that natural language is an important
key in transferring knowledge not only for humans but also
for AI. We hope to keep progress in further utilization of
natural language and larger VLMs.
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