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Humans instinctively zoom in and navigate through high-resolution images to identify small

details. However, this intuitive process poses a challenge for current Vision-Language Models

(VLMs). These models utilize pre-trained vision encoders that compress images to their native

resolution, typically around 336 or 384 pixels, resulting in significant loss of information, partic-

ularly for small objects and details. To address this issue, this study proposes a plug-and-play

method that utilizes existing model weights without external tools or additional training. By

harnessing the combined capabilities of pre-trained vision and text encoders, our method se-

lectively focuses on the most relevant parts of an image, guided by keywords from the query

prompt. Our findings indicate that with the right combination of keyword prompting, positional

information, cropping techniques, and vision encoder, our approach significantly improves per-

formance over the borrowed model. Moreover, it outperforms both closed-source models, such as

GPT4-V and Gemini Pro, and open-source models trained on high-resolution images, including

Idefics2 and Dragonfly. Despite these advances, further exploration and experimentation are

required to surpass the current state-of-the-art models.
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1 Introduction

1.1 Problem

Humans naturally recognize on small details in high-resolution images by zooming into spe-

cific areas, a capability that poses a considerable challenge for current Vision Language Models

(VLMs) [ 14 ,  22 ,  26 ,  28 ,  30 ,  31 ,  58 ]. These models typically rely on pre-trained vision encoders

like the CLIP [ 40 ] image encoder, which processes images at fixed and low resolutions such as

224 × 224 or 336 × 336 pixels. Consequently, the models must resize and crop images to fit

these resolutions, leading to substantial loss of information. This loss is particularly important

when attempting to identify small details in high-resolution images, as crucial visual data can

be omitted during resizing and cropping.

Previous research has employed visual search algorithms [ 49 ] supported by external detector

models such as SAM [  24 ], OwlViT [  35 ], or specially designed tools [ 20 ,  47 ,  48 ] for visual chain

of thought processes. These approaches are effective in addressing the issue, but they demand

additional memory due to the external tools and heavily depend on the Large Language Model’s

(LLM) [ 4 ,  13 ,  41 ,  55 ,  56 ] ability to leverage these tools. Moreover, these methods require

training the Vision-Language Model (VLM) from scratch and involve repeatedly passing the

sample through the Large Language Model (LLM) in an iterative manner. This can lead to

substantial GPU memory usage and extensive inference time.

We propose a plug-and-play solution to this problem that leverages the existing weights of

a model without requiring further training. Instead of depending on external models, we utilize

the innate capabilities of a pre-trained vision encoder to effectively focus on the most relevant

portions of an image, guided by keywords derived from the query prompt. Our results show

that through a correct combination of keyword prompting, positional data, cropping techniques,

and an enhanced vision encoder, our method greatly surpasses both the adapted model and

other current VLMs. This includes both proprietary models such as GPT4-V [ 36 ] and Gemini

Pro [ 16 ], and open-source models like Idefics2 [ 25 ] and Dragonfly [ 12 ], which are trained on

high-resolution images. Despite these improvements, ongoing research and experimentation are

required to surpass the performance of the current state-of-the-art model [ 49 ].
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2 Vision Language Model

Vision language models (VLMs) are multimodal models that learn from both images and

text. These generative models receive inputs in the form of images and text and produce text-

based outputs. Large vision language models are known for their excellent zero-shot capabilities,

meaning they can generalize well across various types of images, such as documents, web pages,

and more, without needing specific training on those types. They are used in a range of appli-

cations, including discussing images, recognizing images based on instructions, visual question

answering, understanding documents, and captioning images. Additionally, some of these mod-

els can understand and represent spatial aspects of images. They can generate bounding boxes

or segmentation masks to identify or segment specific subjects in images, or even localize and

provide information about the positions of different entities. There is significant variety among

large vision language models in terms of the data they were trained on, how they process images,

and their overall capabilities.

Figure 1: Model overview and training procedures.

2.1 Input Pre-processing

Since a VLM processes both images and text, each type of input is preprocessed separately.

For text, it undergoes ”tokenization” where a tokenizer breaks down sentences or paragraphs

into individual component or ”tokens.” These tokens act as the fundamental units of language,

making it easier for computers to comprehend and process human language by dividing it into
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smaller, manageable pieces (see figure  2 ).

Figure 2: Visualization of how tokenization works. The token ”⟨|bot|⟩” is the abbreviation of
”⟨|begin of text|⟩” token.

The vocabulary size of a large language model (LLM), which serves as a lookup table mapping

text to tokens, varies with the model. For instance, the tokenizer from Llama-3 [ 4 ] features a

vocabulary of 128,256 words. A larger vocabulary size enables the model to encode information

more efficiently, potentially enhancing its multilingual capabilities. However, this advantage

comes with a tradeoff: larger vocabularies result in bigger embedding input and output matrices,

which significantly increase the model’s total number of parameters. Additionally, it is important

to note that the LLM’s responses are decoded from tokens back to text using the inverse of the

tokenization process.

Note that the input prompt will not be immediately tokenized, it will first be inserted through

a ”user-assistant” template so that the LLM can understand the structure of the prompt.

1 <|start_header_id|>system <| end_header_id|>

2

3 A chat between a curious user and an artificial intelligence assistant. The

assistant gives helpful , detailed , and polite answers to the user ’s

questions.<|eot_id|><| start_header_id|>user <| end_header_id|>

4

5 what kind of drink can we buy from that vending machine?<|eot_id|><|

start_header_id|>assistant <| end_header_id|>

Listing 1: Prompt template

In the text, parts enclosed within ⟨||⟩ are recognized as special tokens. These tokens highlight

critical portions of the text, such as ”⟨|begin of text|⟩”, which signifies the start of every prompt.

In VLMs, a special token ”⟨|image|⟩” is used to denote the position of image tokens, marking

where the image-related data begins in the input sequence.

Nevertheless, we won’t directly feed these tokens Xq to the LLM. Instead, these tokens

serve as indices for a lookup table that stores embeddings from a fixed dictionary. With a

vocabulary size of 128,256 and a text embedding dimension of dq, the embedding matrix will be

sized (128256, dq), where each row represents the vector embedding of a token. These vectors,

denoted as Hq ∈ RNq×dq where Nq is the number of text tokens, represent the text and will be

passed to the LLM. Although this embedding layer is technically part of the LLM, we discuss

it separately here to simplify the explanation.

On the other hand, image preprocessing involves three key steps: 1) rescaling the image

values to a range between 0 and 1, 2) normalizing by subtracting the mean and dividing by

the standard deviation, and 3) resizing the image to the native resolution of the image encoder.

The target resolution for resizing can vary depending on the specific vision encoder used. For

example, in the case of SigLIP [ 53 ] (as shown in figure  3 ), the resolution may differ from that

used by CLIP [ 40 ], which resizes images to 336 pixels.

3



Figure 3: How image is preprocessed. The image is resized from (2400, 1500) to (384, 384).

Once the text and image are preprocessed, the image is sent to the vision encoder and then

inserted into the prompt at the position indicated by the ”⟨|image|⟩” token.

2.2 Vision Encoder

We process images using a transformer-based architecture called Vision Transformers (ViT),

which consists of stacked transformer encoder layers [ 17 ]. Initially, the image is segmented into

multiple uniform patches. These patches are then treated as tokens and are linearly embedded.

Positional information is also incorporated into these tokens to preserve the spatial relationships

among them. These embedded vectors are then passed through a Transformer encoder resulting

image tokens Xv ∈ RNv×dv , where Nv is the number of image tokens and dv is the image

embedding space. For image classification tasks, a learnable ”classification token” or ”cls”

denoted as c ∈ Rdv is usually inserted at the start of the sequence (see figure  4 ).

In VLMs, using a pre-trained vision encoder such as the image encoder from CLIP (Con-

trastive Language-Image Pretraining) [ 40 ] is more practical than developing one from scratch.

CLIP is designed to map visual and textual data into the same embedding space using a Vision

Transformer (ViT) as its image encoder fv and a variant of the original Transformer as its text

encoder fu as illustrated in Figure  5 . Using CLIP’s image encoder in VLMs is advantageous

because its pre-training on the image-text contrast task facilitates the integration of images into

the text embedding space, a process further supported by the alignment module (see section

 2.3 ).

At a high level, CLIP transforms each input image I and text T into dc-dimensional vector

representations v and u. Specifically, the image encoder first processes each input image I into
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Figure 4: Overview of Vision Transformer.

Figure 5: Summary of CLIP approach. While standard image models jointly train an image
feature extractor and a linear classifier to predict some label, CLIP jointly trains an image
encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by
embedding the names or descriptions of the target dataset’s classes.

image tokens Xv and a ”cls” token c. This ”cls” token is then transformed by a linear projection

gv to produce the vector v:

v = gv(fv(I)[0]) ∈ Rdc (1)

Similarly, each input text T is tokenized and input into the text encoder fu, resulting in text

tokens Hu (distinct from Hq). The ”end of sentence” token, or ⟨|eos|⟩ token hu, is then passed

through a linear projection gu to generate the vector u:

u = gu(fu(T )[⟨|eos|⟩]) ∈ Rdc (2)

The projection functions gv and gu are designed to map the representations from their respective

encoders into a common dc-dimensional space, facilitating contrastive learning.

During training, with a batch of B image-text pairs (Ii, Ti)Bi=1, CLIP must identify the
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correct text for each image from B × B possible pairings. To achieve this, CLIP develops a

multi-modal embedding space by jointly training the image and text encoders to maximize the

cosine similarity between v and u of the B correct pairs in the batch while minimizing the

cosine similarity of the embeddings for the B2−B incorrect pairings. The optimization of these

similarity scores utilizes symmetric cross entropy loss for both image-to-text and text-to-image

contrasts.

L(v→u)
i = − log

exp(⟨vi,ui⟩/τ)
ΣB
k=1 exp(⟨vi,uk⟩/τ)

(3)

L(u→v)
i = − log

exp(⟨ui,vi⟩/τ)
ΣB
k=1 exp(⟨ui,vk⟩/τ)

(4)

where ⟨v,u⟩ denotes the cosine similarity, specifically, ⟨v,u⟩ = vTu/∥v∥∥u∥. Additionally,

τ ∈ R+ represents a temperature parameter, established as a learnable parameter in the model.

The final training loss is computed by averaging these two losses:

L =
1

B

B∑
i=1

(L(v→u)
i + L(u→v)

i

2

)
(5)

Another work suggests employing a sigmoid-based loss in place of the softmax-based con-

trastive loss [  53 ]. The sigmoid-based loss evaluates each image-text pair individually, transform-

ing the learning challenge into a standard binary classification task on the dataset comprising all

possible pair combinations. It assigns positive labels to the matching pairs (Ii, Ti) and negative

labels to all mismatched pairs (Ii, Tj ̸=i). The loss is defined as follows:

LSigLIP = − 1

B

B∑
i=1

B∑
j=1

log
1

1 + expzij(−τ⟨ui,vj⟩+b)
(6)

where zij is the label for a given image and text input, equaling 1 if they are correctly paired

and −1 otherwise. Additionally, b represents an extra learnable bias term.

In contrast to CLIP, in VLM, we eliminate the ”cls” token, retaining only the image tokens

Xv ∈ RNv×dv . These image tokens hold the visual information of the image, which is then

conveyed to the alignment module and the large language model for further processing.

2.3 Alignment Module

The alignment module in the Vision Language Model architecture takes the Xv image tokens

and projects them intoHv ∈ RMv×dq , whereMv is the number of the aligned image tokens and dq

is the embedding dimension similar to the text token (see figure  1 ). This process effectively maps

the image features from the image embedding space to the language model’s textual embedding

space, enabling the image to be interpreted by the language model. The most common form

of this module is a Multi-Layer Perceptron (MLP), which typically consists of two linear layers

with a GELU activation function [ 21 ] between them [ 31 ]:

Hv = GELU(XvZ
(1)
v )Z(2)

v (7)

where Z
(1)
v ∈ Rdv×dq and Z

(2)
v ∈ Rdq×dq are learnable parameters.
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Note that in the case of an MLP, the number of visual tokens is preserved (i.e., Mv = Nv).

Other more sophisticated methods, such as the resampler [ 7 ] and Q-former [ 28 ], employ Mv

learnable queries (typically Mv < Nv for efficiency) and use cross-attention to extract visual

cues from the visual features. Additionally, some works attempt to reduce Mv by implementing

a convolution layer [ 11 ,  18 ] or adaptive average pooling [ 51 ] to streamline the process.

2.4 Large Language Model (LLM)

Now that we have both the image tokens Hv and prompt tokens Hq with the same embedding

dimension dq, we feed these tokens into the large language model (LLM) fϕ to get the answer

to our question Xa. In this setup, the image tokens replace the special ”⟨image⟩” token. The

position of this special token varies depending on the task. For example, in an image captioning

task, it is typically placed at the beginning of the prompt. In visual question answering, it is

often interleaved within the text. Some models are even designed to handle multiple images

within a single prompt, requiring the use of several ”⟨image⟩” tokens at various positions.

There is a diverse range of open source LLMs available [ 1 ,  2 ,  4 ,  5 ,  27 ,  34 ,  50 ,  56 ]. These

LLMs are primarily built on stacks of the Transformer decoder [ 45 ], originally designed to

generate sequences from encoded information as shown in Figure  6 . In current implementations,

the decoder has been modified to manage both the understanding and generation of text in

an autoregressive manner, producing text one word at a time and utilizing previous outputs

as context. Additionally, modern implementations incorporate advanced techniques like rotary

position embedding (RoPE) [ 43 ], grouped-query attention [ 6 ], root mean square normalization

[ 54 ], KV-cache [ 39 ], and SwiGLU activation function [ 42 ] to enhance performance and efficiency

while minimizing parameter count.

In the decoder layers of these models, the self-attention mechanism plays a crucial role [ 9 ],

enabling the model to consider all previous words in the sequence when predicting the next one.

This feature is vital for maintaining long-range dependencies within the text. Moreover, in a

typical Transformer decoder, self-attention is masked to ensure that predictions at any given

position are based solely on earlier, already known outputs. This masking is essential to prevent

the model from ”seeing the future” during training, thus preserving its autoregressive nature,

where each prediction relies sequentially on the previous ones. These models are trained to

emulate human-like understanding and generation of text.

To ensure their effectiveness, LLMs are trained on vast text corpora, often encompassing

billions of pages. For example, Llama 3 was trained with 15 trillion tokens [  4 ]. This extensive

training allows them to develop an understanding of grammar, semantics, and conceptual rela-

tionships through techniques such as zero-shot and self-supervised learning. Once fully trained,

LLMs can generate text by autonomously predicting subsequent words based on the input pro-

vided and their accumulated knowledge. This ability enables them to produce coherent and

contextually appropriate text, making them valuable for various tasks in natural language un-

derstanding and content generation.
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Figure 6: The Llama 3 model architecture [ 4 ].

2.5 Training Recipes

In the structure of VLMs, there are three primary components: the vision encoder, the

alignment module, and the LLM. Both the vision encoder and LLM are pre-trained on their

specific types of data—image-text pairs for the vision encoder and text-only data for the LLM.

Although the vision encoder is adept at mapping image features into a text embedding space,

it maps them to a space different from that used by the LLM. Furthermore, since the LLM is

trained solely on text, it has no capacity to recognize or interpret images directly.

The alignment module is central in VLMs, as it adjusts the dimensional alignment between

image tokens from the vision encoder and prompt tokens used by the LLM. This adjustment,

discussed in  2.3 , allows the LLM to ”see” and interpret the input images. The module’s ability

to accurately map image tokens is honed through a specialized training process. In common,

training of VLM typically occurs in two distinct phases (see figure  1 ):

8



1. Pre-training: This phase is dedicated to align vision and language features. It involves

training the initially randomized weights of the alignment module (Z
(1)
v and Z

(2)
v ) in isola-

tion, with all other model components frozen. This stage often employs image captioning

tasks, which focus solely on aligning the visual and textual data without the complexities

of deeper contextual understanding.

2. Fine-tuning: During this stage, only the vision encoder is frozen, and the focus shifts to

train both the projection module and the LLM to handle more complex and interactive

tasks such as visual question answering and interleaved image-text understanding. This

stage aims to prepare the LLM to process and understand tasks that integrate both visual

and textual elements. Typically, this phase involves training with specialized or propri-

etary datasets to refine the model’s capabilities. For instance, [ 12 ] uses medical data for

finetuning.

These training stages are crucial for the VLM to perform effectively across various visual-textual

tasks.

Other approaches to training include methods that only fine-tune the model [ 23 ], strategies

that involve training the vision encoder as well [ 18 ], techniques that incorporate more than two

training phases [ 12 ], and practices that focus on training just the last few layers of the vision

encoder [ 57 ], among others.
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3 Proposed Methods

Since the VLMs previously discussed are limited by their vision encoders to processing only

relatively low-resolution images, they struggle to identify small details in high-resolution images.

To address this limitation, we employ a different image preprocessing method that allows the

VLM to perceive the image with high detail. Additionally, we propose the integration of plug-

and-play modules. These modules are designed to attach seamlessly to existing VLMs without

disrupting their core functionalities. The primary function of these modules is to enable VLMs

to process high-resolution images and accurately identify small, specific objects within those

images. This enhancement allows VLMs to maintain their performance while extending their

applicability to more detailed visual tasks.

Figure 7: The overall architecture of the proposed model.

3.1 Cropping Method

As discussed in  2.1 , typical VLMs resize (and crop) input images to fit their vision encoder’s

native resolution, a process that often results in the loss of small details, especially in high-

resolution images. To minimize this loss of information, we employ a different preprocessing

approach: we resize the image I ′ so that its dimensions are a multiple of the native resolution

(W ′, H ′). Subsequently, we crop the image following the native resolution s, resulting in patches

P ∈ RNp where Np is the number of patches, as illustrated in figure  8 . This method ensures

that the image not only fits the required input size but also retains more of its original detail

by selectively focusing on smaller sections without significantly reducing the overall resolution.
In our approach, we implement two cropping strategies: dynamic and naive. The dynamic

strategy begins by calculating the original image’s aspect ratio as W
H . We then seek the new

aspect ratio that minimally deviates from the original by exhaustively searching through po-

tential nw and nh values, where nw and nh are the number of patches along the x and y axes,

respectively. This is expressed in the following equations:

(nw, nh) = min
(1,1)∼

(⌈
W
s

⌉
,
⌈

H
s

⌉)∣∣∣∣WH − nw

nh

∣∣∣∣ (8)
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Figure 8: The image is resized from (W,H) → (W ′, H ′), then cropped according to the native
resolution as highlighted by the blue box.

W ′ = Wdy = nw × s, H ′ = Hdy = nh × s (9)

This method aims to preserve the original aspect ratio while resizing the image to match the

native resolution. For the naive method, we obtain the number of patches along the x and y

axes by naively dividing the original resolution with the native resolution:

(nw, nh) =

(⌊W
s

⌋
,
⌊H
s

⌋)
(10)

W ′ = Wnv = nw × s, H ′ = Hnv = nh × s (11)

Each cropping method presents distinct advantages and disadvantages. The dynamic crop-

ping method, which focuses on preserving the original aspect ratio, often results in fewer patches

(nw and nh) compared to the naive method. This can lead to a compression of the image’s infor-

mation, as fewer patches mean that each patch might contain a more condensed representation

of the image, as depicted in Figure  9 . Conversely, the naive method does not maintain the

aspect ratio, which can distort the image’s original proportions, but it typically allows for a

clearer and more detailed view of each patch. This method can capture more information per

patch, making it useful for detailed analysis, albeit at the potential cost of altering the image’s

overall appearance.

Among these patches, at least one will contain the queried object, such as the patch at

coordinates (4, 3) in Figure  8 , which includes the ”vending machine.” We aim to feed this

specific patch to the LLM so it can return the correct answer. However, why not feed all the

patches to the LLM? There are three primary reasons against doing so:
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Figure 9: Comparison of the dynamic (left) and naive (right) methods. The dynamic method
maintains the aspect ratio but results in lower resolution patches, while the naive method does
not keep the aspect ratio but produces clearer patches.

• It’s redundant. We want to avoid having the LLM process patches that do not contain

the queried object.

• It places a burden on the GPU. Each patch results in a large number of tokens (576 for

CLIP and 729 for SigLIP), leading to increased memory consumption.

• The LLM has a limited context length (8k tokens for Llama 3), which restricts the number

of tokens it can handle. To avoid exceeding this limit, we carefully select only those patches

that contain the queried objects for input.

To select the correct patches, we will first pass all the patches through the vision encoder. Then,

we will use the keyword extractor and patch selector modules to identify the relevant patches.

Details on these modules will be provided in subsequent sections.

3.2 Keyword Extractor Module

Figure 10: The overview of the keyword extractor module.
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First, we will isolate the queried object or the ”keyword” from the given prompt. We do this

to leverage the inherent capability of the vision encoder and text encoder for image-text matching

(refer to Section  2.2 ). Since the vision encoder and text encoder were pre-trained using relatively

simple text (e.g., ”Cheeseburger the grizzly bear” or ”a photo of a grizzly bear”), inputting the

entire prompt could lead to a distribution shift and yield suboptimal results.

To achieve this, we insert the prompt into a few-shot template, where we have already

provided several question-and-answer examples. We then feed this template to the native LLM.

We utilize the few-shot approach because it guides the LLM to return the answer in the desired

format, making it easier to extract the keyword. Below is the template we use:

1 <|start_header_id|>system <| end_header_id|>

2

3 Use the text below as an example to generate your answers to the user ’s query.

Give the answer in the same format.

4

5 Example starts:

6 ‘‘‘

7 User: What is/are the object(s) that being asked in below question? Also give

some useful visual features that best describes each object in a photo.

8 ’What kind of drink can we buy from that vending machine?’

9 Assistant: The object being asked is vending machine. Several visual features of

the object are:

10

11 ’vending machine ’:

12

13 * typically have a large , upright , rectangular shape.

14 * usually have a large glass or transparent plastic front

15 * often feature logos , product images , and labels on their exterior

16 * Most are metallic and have a dominant color (often bright or neutral)

17 ‘‘‘

18 Example ends

19

20 Example starts:

21 ‘‘‘

22 User: What is/are the object(s) that being asked in below question? Also give

some useful visual features that best describes each object in a photo.

23 ’Is the wallet on the left or right side of the keyboard?’

24 Assistant: The objects being asked are wallet and keyboard. Several visual

features of the objects are:

25

26 ’wallet ’:

27

28 * typically have a compact , flat , rectangular shape.

29 * can be made from various materials including leather , synthetic fabric , or

even metal for hard cases.

30 * generally small enough to fit in a pocket or a small bag.

31 * come in a wide range of colors , from classic black or brown to vibrant hues

and patterns.

32

33 ’keyboard ’:

34

35 * typically feature a rectangular array of keys in a grid layout.
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36 * can be made from plastic , metal , or other materials.

37 * come in various colors , although black and white are most common.

38 * may have a visible USB cable or may be identified as wireless if there is no

cable connected.

39 ‘‘‘

40 Example ends

41 Please generate answer in the SAME FORMAT as shown in the above examples. Your

response must have an equal number of features for each object in the

question.

42 Please ensure to cover all significant visual features.<|eot_id|><|

start_header_id|>user <| end_header_id|>

43

44 {prompt}<|eot_id|><| start_header_id|>assistant <| end_header_id|>

Listing 2: Few-shot template used to extract the keyword.

Then we take the keyword(s) using regex [ 3 ].

Before passing it to the text encoder, we equip the keyword(s) with one of three templates:

• word: Only the keep the keyword ”{keyword}”. For instance, the word ”vending machine”.

• template: We add a short fix description to the keyword ”a photo of a {keyword}”. For

instance, ”a photo of a vending machine”.

• description: We utilize the extracted visual description to form sentences:

1. ”a {keyword}, which {description 1st}”

2. ”a {keyword}, which {description 2nd}”

3. ”a {keyword}, which {description 3rd}”

4. ...

For instance, ”a vending machine, which typically have a large, upright, rectangular

shape”.

Afterward, we feed these formatted texts to the text encoder to derive the keyword representative

token K ∈ Rdc (the ⟨|eos|⟩ token). This text encoder is the text encoder that has been pre-

trained with the vision encoder (see Figure  5 ). In the case of the description template, we

process each description separately, resulting in Nk number of keyword representative tokens.

For the sake of simplicity, throughout this document, we will use the word template (Nk = 1).

3.3 Patch Selector Module

Now that we have obtained the keyword representative token K, we can use it to identify

the relevant patches. This is achieved by calculating the cosine similarity between K and the

patch representative tokens C ∈ RNp×dc , which are derived from the vision encoder. These

patch representative tokens correspond to the ”cls” token c for each patch. We then select the

top-k patches with the highest cosine similarity scores and store their indices in S ∈ Rk. The

patch selector module is depicted in Figure  11 .

The idea behind this method is that since the vision and text encoders were pre-trained on

an image-text matching task (as detailed in Section  2.2 ), the patch with the highest similarity
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score is most likely to contain the queried object. However, we choose to select the top-k patches

to enhance the likelihood of capturing the desired patches. In some instances, the most relevant

patch may contain noise due to the presence of other objects, or the queried object may be

scattered across multiple patches. This scattering can result in the patch with the queried

object not achieving the highest similarity score. By selecting the top k patches, we increase

the chances of including all necessary patches.

Figure 11: How the patch selector module works. Here we set k = 2.

Afterward, we extract the image tokens from the L − 1 layer of the vision encoder based

on the indices S, resulting in the top-k image tokens XL−1
vtopk

∈ R(k+1)×Nv×dv . We choose tokens

from the L− 1 layer because the VLM’s alignment module we adopted is trained to work with

outputs from this layer of the vision encoder. In addition to the top k patches, we include the

entire image patch P0 (which has been cropped and resized), anticipating that the LLM will be

able to pinpoint the location of the queried objects within these patches. Including the whole

image patch also aids the LLM in understanding the global context of the image. Finally, these

image tokens are passed to the alignment module resulting in HL−1
vtopk

∈ R(k+1)×Mv×dq .

Figure 12: The image tokens are passed to the alignment module for dimension alignment with
the prompt token.

Before concatenating the image tokens with the prompt tokens, we add a separator token
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between the patches. This token is the embedding representation of the text ”,”. The inclusion

of this separator token assists the LLM in distinguishing between the image patches and the

prompt token. Additionally, we add positional information to the patches to help the LLM

understand the spatial relationships between them. This is accomplished by incorporating posi-

tional encodings into the image tokens. We have adopted three different methods for positional

encoding (see Figure  13 ):

Figure 13: Illustration of the three positional encoding methods.

• Explicit: We explicitly add the coordinates of the patches, as shown in Figure  8 , along

with the separator token. This method is simple and straightforward, but it may result in

longer inference time due to the increased number of tokens.

• 2d before: We implement the absolute 2D positional encoding, an expansion of the method

used in the original transformer [ 45 ], to include both dimensions, x and y. The positional

encodings for each axis are calculated as follows:

PE(x,2i) = sin
( x

100002i/d/2

)
PE(x,2i+1) = cos

( x

100002i/d/2

)
PE(y,2i) = sin

( y

100002i/d/2

)
PE(y,2i+1) = cos

( y

100002i/d/2

)

where both PEx and PEy dimensions are Rnt×d/2. We then broadcast and concatenate

these encodings along the channel dimension to obtain:

PE(x,y) = [PEx, PEy] ∈ Rnt×d

with x and y representing the horizontal and vertical coordinates of the patches, respec-

tively, nt being the number of tokens for each patch, and d being the embedding dimension

of each token. This positional encoding is added to the selected patches (excluding the

entire image patch) before passing the image tokens to the alignment module, which means

nt = Nv and d = dv. This method does not introduce additional tokens, making it more

efficient than the explicit method. However, since the alignment module and the LLM
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were not trained with this positional encoding, it could potentially affect the model’s

performance.

• 2d after: This method is similar to 2d before, but we add the positional encoding after the

alignment module. Here, nt = Mv and d = dq. Like the 2d before method, this approach

does not add extra tokens but may impact the model’s performance because the LLM was

not trained with this positional encoding.

Finally, we insert the image tokens of the patches (together with the separator tokens and the

coordinate tokens in case of explicit method) into the prompt token, replacing the placeholder

token ⟨|image|⟩ to form the input sequence Xinput. This input sequence is then passed to the

LLM for processing, which will generate the answer to our query.
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4 Experiments and Results

4.1 Experimental Setup

4.1.1 Mantis

We chose an open-source VLM named Mantis [ 22 ] as our primary model, which offers two

vision encoder variants: OpenAI’s CLIP [ 40 ] and Google’s SigLIP [ 53 ] (see  2.2 for details). It

incorporates an MLP alignment module and uses Llama-3-8B Instruct from Meta AI [ 4 ] as the

LLM. This model enhances the typical VLM capabilities by supporting multiple image inputs.

It was pre-trained on the CC3M 558k image-captioning dataset with a learning rate of 1e− 3, a

single epoch, a batch size of 256, a warmup ratio of 0.03, and a cosine learning rate scheduler.

For fine-tuning, it utilized the Mantis-Instruct 721k multi-image instruction tuning dataset with

the same setup as the pre-training, except the learning rate was reduced to 1e−5 and the batch

size was halved to 128. The fine-tuning process ran on 16 A100 GPUs using DeepSpeed Zero-3

[ 8 ] and Flash-attention2 [ 15 ].

4.1.2 V* Bench

We evaluated our model using V* Bench [  49 ], which consists of 191 high-resolution visual

question and answer tasks sourced from SAM, with an average image resolution of 2246× 1582

pixels. V*Bench is organized into two sub-tasks: attribute recognition and spatial relationship

reasoning. The attribute recognition task includes 115 samples that challenge the model to

identify specific attributes (e.g., color, material) of an object. The spatial relationship reasoning

task consists of 76 samples and requires the model to determine the relative spatial positions

between two objects. These tasks are designed to assess the model’s ability to conduct detailed

visual analysis in multimodal contexts.

(a) Attribute task (1933, 1500) px. (b) Spatial task (2250, 1500) px.

Figure 14: Examples from V* Bench. Left image prompt: ”What is the color of the little girl’s
shirt?” Right image prompt: ”Is the blue luggage on the left or right side of the bus?”
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4.1.3 Multi-V* Bench

(a) Figure with resolution of (1920, 2880) px. (b) Figure with resolution of (1920, 2880) px.

Figure 15: One example of attribute task from Multi-V* Bench. The prompt: ”What is the
color difference of the motorcycle between these images?”

Since our plug-and-play modules do not interfere with the built-in abilities of the adopted

model, and since Mantis was designed to process multiple images, our model is also capable

of identifying small details among multiple images. To support our argument, we assessed

our model using our custom benchmark, Multi-V* Bench, which includes multi-image, high-

resolution visual question and answer tasks with an average resolution of 1920 × 2475 pixels

sourced from Unsplash [ 44 ] and Pexels [ 38 ]. The benchmark consists of four tasks, each com-

prising 20 samples:

• Attribute: Identify attributes differences of an object between images. There are 43

images in total with resolution of 1920× 2622 pixels.

• Existence: Determine if an object exists between the images. There are 47 images in

total with resolution of 1920× 2419 pixels.

• Counting: Count the number of objects among the images. There are 56 images in total

with resolution of 1919× 2467 pixels.

• OCR: Extract or identify text from the images. There are 55 images in total with reso-

lution of 1920× 2414 pixels.
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The avarage number of images per task is 2.5, with the maximum number of images per task

is 4. Furthermore, we enhance the clarity of the crafted question and choice by utilizing GPT4

(gpt-4o model) [ 36 ] with the following prompt:

1 I’m creating a benchmark that asks about the content of images. It consists

of multiple -choice questions with 2 to 4 answers. I’m going to give you the

question and the answers , and what you need to do is to fix any grammatical

errors and make the question and answers sound more natural. Here is the

question and the answers:

2

3 {prompt}

4

5 only return the fixed question and answers.

Listing 3: Prompt for GPT4 to enhance the question and answers.

Then, small manual adjustments were done to finalize the benchmark.

4.1.4 Implementation Details

We integrated the plug-and-play modules into the official Mantis model and processor using

PyTorch [ 37 ] and HuggingFace’s Transformers [ 46 ]. Our custom evaluation pipeline was de-

veloped in accordance with the evaluation script from LLaVA [ 30 ] and utilized HuggingFace’s

accelerate package [ 19 ], following the original Mantis implementation. However, we opted for

scaled dot product attention (SDPA) instead of the Flash-attention2 used during training. The

evaluation script was run on our lab’s server using the Slurm Workload Manager [ 52 ], on a node

equipped with three Nvidia RTX A6000 48 GB GDDR6 GPUs, 100 GB of memory, and 16

CPUs per task. It’s important to note that all models from Table  1 , with the exception of any

private models, were evaluated using the same hardware and pipeline.

4.2 Quantitative Results

4.2.1 V* Bench

As shown in Table  1 , our models significantly improve baseline performance by substantial

margins: 7.29% and 16.76% on the overall score for the CLIP and SigLIP variants, respectively.

Specifically, our plug-and-play modules notably enhance the attribute score, which is expected

since the LLM can observe the queried object in greater detail. Furthermore, the SigLIP variant’s

performance doubles that of the original score, likely due to its vision encoder being pre-trained

on higher resolution images compared to CLIP’s vision encoder. However, the spatial scores

show only a minor increase for both variants. This could be due to the positional encoding

not effectively conveying the locations of objects to the LLM, despite the enhanced visibility.

Additionally, the inference time for our models are significantly slower than those of the baseline

models, largely because they process a larger number of tokens—while the baseline models handle

just one image, our models process multiple images. The prolonged inference time is primarily

attributed to the models requiring two passes through the LLM: one for keyword extraction

and another for generating the answer. Further details on the comparison between variants are

available in Section  4.4 .

20



Method
Attibute
(%)↑

Spatial
(%)↑

Overall
(%)↑

Inference Time
(sample/s)↓ Training

External
Models

Human 98.26 100.00 98.95 - - -
Random Guess 26.73 50.00 35.99 - - -

Open-source models
LLaVA-1.5 [ 30 ] 44.35 52.63 47.64 0.314 ✓ ×

Mantis-CLIP ‡[ 22 ] 35.65 61.84 46.07 0.257 ✓ ×
Mantis-SigLIP ‡[ 22 ] 33.04 59.21 43.46 0.295 ✓ ×

High resolution models
Mini-Gemini 8B [ 29 ] 60.87 63.16 61.78 1.218 ✓ ×

Dragonfly 8B [ 12 ] 49.57 52.63 50.79 2.865 ✓ ×
Idefics2 8B [ 25 ] 54.78 56.58 55.49 1.657 ✓ ×

LLaVA-NeXT 8B [ 10 ] 60.87 61.84 61.26 1.149 ✓ ×
LLaVA-HR [ 32 ] 46.09 52.63 48.69 0.554 ✓ ×

tool-using models
SEAL (SOTA) [ 49 ] 77.39 77.63 77.48 94.25 ✓ ✓

Private models
GPT-4V Preview [ 36 ] 42.61 46.05 43.98 - - -

GPT-4 Turbo [ 36 ] 46.09 53.95 49.21 - - -
GPT-4o [  36 ] 69.57 52.63 62.83 - - -

GPT-4o Mini [ 36 ] 49.57 63.16 54.97 - - -

Ours-CLIP 52.17 53.95 52.88 5.268 × ×
Ours-SigLIP 63.48 61.84 62.83 5.479 × ×

Table 1: Evaluation of vision language models on V* Bench [ 49 ]. Best results are in bold, and
the second-best performances are underlined. ‡ indicates our base model with their respective
vision encoder.

We also compared our models with the GPT-4 family and other available open-source mod-

els, particularly focusing on those capable of processing high-resolution images. As indicated in

Table  1 , our CLIP variant outperforms the normal resolution open-source models and GPT-4

but still lags behind the high-resolution models and GPT-4o variant. Conversely, our SigLIP

variant outperforms all open-source models and GPT-4 variants, achieving competitive perfor-

mance with GPT-4o, the current top-performing GPT-4 variant. Unlike GPT-4o, which shows

a significant disparity between attribute and spatial tasks, our model maintains balanced high

scores across both tasks. However, despite our model’s competitive performance, it is not as

favorable in terms of inference time compared to high-resolution models. Nonetheless, our model

offers a significant advantage as it does not require any training, thereby reducing both training

costs and resource consumption.

Lastly, we compared our models with SEAL, the current state-of-the-art model on V* Bench.

SEAL significantly outperforms our models across all tasks, likely due to its ability to zoom in

and slide, mimicking how humans search for small details in large images. However, SEAL’s

processing time for one sample is lengthy because it passes the prompt multiple times to the LLM.

Additionally, SEAL’s training procedure involves different modality inputs and requires external

models, which makes it less accessible to the general public. In contrast, our models employ

only plug-and-play modules and a text encoder as external architecture, achieving moderate

inference time while maintaining competitive accuracy.
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4.2.2 Multi-V* Bench

Method
Attibute
(%)↑

OCR
(%)↑

Existence
(%)↑

Count
(%)↑

Overall
(%)↑

Inference Time
(sample/s)↓

Open-source models
Mantis-CLIP ‡[ 22 ] 35.0 20.0 35.0 30.0 30.0 0.749

Mantis-SigLIP ‡[ 22 ] 50.0 50.0 25.0 50.0 43.75 0.774
High resolution models

LLaVA-NeXT-
Interleave [ 10 ]

50.0 45.0 45.0 35.0 43.75 0.852

Private models
GPT-4V Preview [ 36 ] 30.0 60.0 45.0 25.0 40.0 -

GPT-4 Turbo [ 36 ] 35.0 60.0 45.0 20.0 40.0 -
GPT-4o [  36 ] 70.0 65.0 55.0 55.0 61.25 -

GPT-4o Mini [ 36 ] 45.0 65.0 50.0 15.0 43.75 -

Ours-CLIP 60.0 50.0 45.0 45.0 50.0 8.099
Ours-SigLIP 45.0 75.0 45.0 40.0 51.25 7.194

Table 2: Evaluation of vision language models on Multi-V* Bench. Best results are in bold, and
the second-best performances are underlined. ‡ indicates our base model with their respective
vision encoder.

Similar to our evaluation on the V* Bench, our models significantly enhance the performance

of baseline models by large margins: 20.0% and 7.5% on the overall score for the CLIP and SigLIP

variants, respectively. For the CLIP variant, improvements are observed across all tasks, with

the most notable gains in the OCR task, likely due to the LLM’s enhanced ability to analyze

text in greater detail. Similarly, the SigLIP variant shows the greatest improvement in the

OCR task. However, slight decreases in performance are noted in the attribute and count tasks.

A plausible explanation for the attribute task is that the target objects are dispersed among

patches, and with a limited number of selected patches, the LLM may not capture the entire

object, complicating attribute identification. In the counting task, the model tends to perform

better when viewing the entire image rather than individual patches. Additionally, there is a

risk of missing some target objects to be counted since only a limited number of patches per

image are processed. Like in the V* Bench tests, processing times are considerably longer due

to the model handling multiple images and requiring multiple passes through the LLM.

We also compared our model’s performance against other VLMs capable of processing multi-

ple images. As shown in Table  2 , our models outperform the open-source model LLaVA-NeXT-

Interleave [ 10 ] by 6.25% and 7.5% for the CLIP and SigLIP variants, respectively. However,

LLaVA-NeXT achieves more favorable inference time since it does not require the LLM to be

utilized twice. In comparison with the GPT-4 family, our models outperform all variants except

for GPT-4o. GPT-4o exceeds the performance of our models in every task except the OCR

task, where our models remain competitive. While GPT-4o achieves the highest overall score,

our models rank second and third, demonstrating robust capabilities across a range of tasks.
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4.3 Qualitative Results

4.3.1 V* Bench

We selected one sample from each task, similar to the images shown in Figure  14 . Figure  16 

visualizes how our model functions. As described in Section  3.1 , we resize and crop the image to

produce patches, each matching the vision encoder’s native resolution. The keyword extractor

then processes the prompt, extracting the keyword ”little girl’s shirt.” Subsequently, the patch

selector module selects the top-k patches based on the highest similarity scores; here, we set

k = 2. As depicted in Figure  16a , one of the top-k patches contains the little girl, demonstrating

that the vision encoder effectively identifies the correct patches based on the extracted keywords.

These patches are then fed into the LLM to obtain the answer to the question, which is ”pink”.

(a) Sample from the attribute task.

(b) Sample from the spatial task.

Figure 16: Qualitative study of our models on V* Bench [ 49 ].

In the case of the spatial task, which involves determining the relative positions of two objects,

two keywords are extracted. If there are multiple keywords, denoted as nk, the number of

extracted patches will be
⌈

k
nk

⌉
per keyword. For instance, if we set k = 3 in Figure  16b , then 2

patches for ”bus” and another 2 patches for ”luggage” will be selected and passed to the LLM.
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4.3.2 Multi-V* Bench

Figure 17: Qualitative study of our models on Multi-V* Bench [ 49 ].

We selected a sample similar to the one shown in Figure  15 . Figure  17 illustrates how our

model operates with multiple images. As with a single image, the images are first cropped into

patches, and then the top-k patches are selected. Here, we set k = 1, and as illustrated, the patch

selector module chooses the patch containing the object ”motorcycle.” It’s important to note

that the top-k patches selected are k from each image, resulting in a total of (k+1)×num image

patches.

4.4 Ablation Study - V* Bench

In this section, we will examine how each variable influences the scores and inference time.

Throughout this discussion, the top-k variable will always be positioned on the horizontal axis,

as this makes it easier to interpret: a higher k should logically lead to an increased score, or at
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least reach an asymptote when it includes all the desired patches. Additionally, it’s important

to note that the scores displayed in the upcoming figures represent the mean across all variables

not being specifically observed.

4.4.1 Vision Encoder

Figure 18: How top-k affects the inference time and scores for different vision encoder.

First of all, we observe that increasing the number of observed patches leads to higher scores

across all tasks. This makes sense, as it raises the probability of including the desired patches.

However, a higher k also results in longer inference time due to the larger number of image tokens

processed. Regarding the performance of the vision encoders, the SigLIP variant significantly

outperforms the CLIP variants across all tasks. This finding aligns with several previous studies

[ 23 ,  57 ] and is consistent with the trend that the SigLIP vision encoder generally exhibits superior

performance compared to the CLIP vision encoder. Nevertheless, the SigLIP variant has longer

inference time as it produces more image tokens compared to the CLIP variant (728 vs 576),

which likely contributes to its enhanced performance.

4.4.2 Cropping Method

As shown in Figure  19 , for the CLIP variant, the dynamic cropping method incurs longer

inference time due to its exhaustive search for the right combinations of nw and nh. It tends

to perform better in spatial scores, likely because the naive method may split or cut the target

object across several patches, while the dynamic method tends to capture the entire target

object in a single patch. For attribute scores, the naive method underperforms compared to the

dynamic method at lower k values, probably for similar reasons. However, as k increases, the

naive method surpasses the dynamic method, possibly because it gathers patches of a scattered

object, allowing the LLM to view the object more completely. Another factor could be that the

naive method, despite not maintaining the aspect ratio, preserves more detail than the dynamic

method.

In the SigLIP variant, the trend is similar to that of the CLIP variant, with the dynamic

method requiring more time for inference. However, the naive method consistently scores better

in attribute recognition. This might be due to its ability to better crop the target object, likely

aided by a higher native resolution. Like in the CLIP variant, the spatial score is higher with

the dynamic method, possibly because its larger crop sizes have a better chance of capturing

the queried objects in one patch, which simplifies positional interpretation for the LLM.
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(a) CLIP variant.

(b) SigLIP variant.

Figure 19: How top-k and cropping method affect the inference time and scores for different
vision encoder.

4.4.3 Positional Information

(a) CLIP variant.

(b) SigLIP variant.

Figure 20: How top-k and positional information affect the inference time and scores for different
vision encoder.
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For the CLIP variant, there is no significant difference in inference time between the meth-

ods, despite the explicit method generating more tokens. This small increase in tokens does

not substantially impact inference time. Spatial scores, which should reflect the modules’ abil-

ity to correctly identify patches and provide accurate positional information, are highest with

the 2d after method across most k values. However, this method does not surpass the explicit

method in attribute scores. This suggests that while 2d after is effective at providing positional

information, it may not accurately identify the correct patches, which is crucial for high scores in

both tasks. Therefore, the impact of positional information on spatial scores is unclear. Mean-

while, the explicit method excels in attribute scores, possibly because other forms of positional

information are interpreted as noise, given that the LLM was not trained with this data.

Similarly, in the SigLIP variant, inference time are comparable across methods, mirroring

the trends observed in the CLIP variant. The 2d after method dominates in spatial scores but

does not outperform the explicit method in attribute scores. This reinforces the conclusion that

the relationship between positional information and spatial scores remains indeterminate.

4.4.4 Keyword Criteria

(a) CLIP variant.

(b) SigLIP variant.

Figure 21: How top-k and keyword criteria affect the inference time and scores for different
vision encoder.

For the CLIP variant, the description method takes longer for inference because it uses more

words for patch selection, but it also yields better results for attribute and overall scores. This

aligns with previous research [ 33 ] that found descriptions improve results in text and fine-grained

image matching. However, similar to the findings with positional information, there seems to

be no clear relationship between keyword criteria and spatial score.

In contrast, the SigLIP variant shows different trends from the CLIP variant where the

description method does not have the longest inference time. Surprisingly, the word keyword
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method, which uses only the keyword for patch selection, takes longer when k is higher. This

is counterintuitive since it should be the quickest. This anomaly might be caused by external

factors such as the device’s condition during inference (e.g., overheating leading to unpredictable

performance). Additionally, the word method achieves the highest scores in both attribute and

overall categories when k is at its maximum. As far as the author understands, the image-text

matching dataset used to pre-train SigLIP primarily utilizes single words rather than templates,

which likely explains why the word method outperforms others in this variant.

4.4.5 Best Configuration

Vision
Encoder

Top
K

Cropping
Method

Positional
Information

Keyword
Criteria

Attribute Spatial Overall

CLIP 4 Dynamic Explicit Word 52.17 53.95 52.88
SigLIP 6 Naive Explicit Word 63.48 61.84 62.83

Table 3: Best configurations for CLIP and SigLIP variants on V* Bench [ 49 ].

The table above shows the configurations that yield the highest overall scores for the CLIP

and SigLIP variants, respectively. It is evident that the best configurations align with the trends

depicted in figure from previous sections, where explicit positional information and the word

keyword criteria perform best for both vision encoders. However, there is a notable difference

in the efficiency of the cropping methods between the two variants, which could be attributed

to the differing native resolutions of the vision encoders. Additionally, SigLIP achieves its best

performance when k is at its maximum, whereas CLIP only requires four selected patches. This

discrepancy could be due to the redundancy of selected patches; in the case of CLIP, a larger

number of patches may confuse the LLM, resulting in poorer performance.

4.5 Ablation Study - Multi-V* Bench

We conducted an ablation study on Multi-V* Bench similar to what was described in Section

 4.4 . As in the previous study, the top-k variable is consistently placed on the horizontal axis,

and the scores displayed in the figures represent the mean of all variables not actively being

considered.

4.5.1 Vision Encoder

Overall, it is observed that increasing k leads to a higher overall score, as shown in Figure

 22 . This makes sense as selecting more patches increases the likelihood of including those that

contain the target object. However, a higher k also results in longer inference time due to the

processing of additional image tokens. Interestingly, unlike in the V* Bench, the CLIP variant

exhibits longer inference time compared to the SigLIP variant. This is unexpected since SigLIP

typically generates more image tokens. One plausible explanation is that the image resolutions in

this benchmark might align better with SigLIP’s native resolution, thus optimizing the dynamic

cropping process and reducing time consumption compared to those in the V* Bench.

On the other hand, the SigLIP variant outperforms the CLIP variant in all tasks except for

the attribute task, contrasting with results from the V* Bench. Several factors could contribute
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Figure 22: How top-k affects the inference time and scores for different vision encoder.

to this discrepancy, possibly including mismatches between the cropping method, the native

resolution of the encoder, and the higher average resolution of the images compared to those in

the V* Bench.

4.5.2 Cropping Method

As shown in Figure  23 , for the CLIP variant, the dynamic method requires longer inference

times due to its exhaustive search for the right combinations of nw and nh. This method

consistently outperforms the naive method across almost all tasks, particularly in the attribute

and OCR tasks for every k. These trends are consistent with findings from the V* Bench, where

the dynamic method not only took longer for inference but also provided better performance

than the naive method.

Conversely, the SigLIP variant displays an unusual trend in inference time, with the naive

method taking longer. A plausible explanation for this is that the image resolutions more closely

match the native resolution, making the process less exhaustive than in the CLIP variant. In

terms of performance, the SigLIP variant follows a similar pattern to the CLIP variant, excelling

in almost every task except for the existence task. This discrepancy may be due to the dynamic

method cropping the image to a larger size, which complicates the patch selector’s ability to

perform image-text contrast effectively, as larger images tend to include more noise.
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(a) CLIP variant.

(b) SigLIP variant.

Figure 23: How top-k and keyword criteria affect the inference time and scores for different
vision encoder.

4.5.3 Positional Information

Since this benchmark does not include tasks that require identifying the position of target

objects, we would expect positional information variables such as 2d after and 2d before to

perform worse compared to the explicit method. This is because the LLM was not pre-trained

with additional positional information, which could introduce noise into the data processed by

the LLM. According to Figure  24 , the overall score confirms our hypothesis, with the explicit

method outperforming the other methods.
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However, there are exceptions, such as the existence task in the SigLIP variant, where both

the 2d before and 2d after methods surpass the explicit method. In these instances, the explicit

information may confuse the LLM, leading it to make incorrect selections. Additionally, it

is noted that the 2d before method has longer inference time for both the CLIP and SigLIP

variants, contrary to expectations that the explicit method would take longer due to processing

more tokens. This anomaly could be attributed to hardware issues, such as GPUs that have been

running continuously, potentially causing longer processing times for subsequent inferences.

(a) CLIP variant.

(b) SigLIP variant.

Figure 24: How top-k and keyword criteria affect the inference time and scores for different
vision encoder.
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4.5.4 Keyword Criteria

(a) CLIP variant.

(b) SigLIP variant.

Figure 25: How top-k and keyword criteria affect the inference time and scores for different
vision encoder.

For the CLIP variant, it can be observed that the inference time does not significantly

vary between each criterion. In terms of performance, the word variant excels almost in every

task, which contrasts with results from V* Bench where the description criterion outperformed

the others. One plausible reason could be that the extracted keywords might lack a detailed

description. For example, in the OCR task, some questions involve specific text on objects

within each image (such as a plate number or brand), which inherently lacks visual features.
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This scenario makes it difficult for the patch selector to identify the relevant patches, unlike the

word criterion where the extracted keyword may directly correspond to the queried text.

For the SigLIP variant, there is a significant difference in inference time, with the word

and template criteria taking longer. This could be reasonable, considering there might be

instances where no descriptions are generated, as mentioned earlier. In terms of performance,

contrary to the CLIP case, the description criterion outperforms the other criteria in the SigLIP

variant. This result contradicts our initial hypothesis that a lack of detailed descriptions would

consistently yield the worst performance. Moreover, it also contradicts our argument from

the V* Bench, where SigLIP performed best with the word criterion. In my opinion, further

exploration and experimentation are necessary to understand the impact of this variable on the

model’s performance more comprehensively.

4.5.5 Best Configuration

Vision
Encoder

Top
K

Cropping
Method

Positional
Information

Keyword
Criteria

A O E C Overall

CLIP 3 Dynamic Explicit Word 60.0 50.0 45.0 45.0 50.0
SigLIP 3 Dynamic Explicit Word 45.0 75.0 45.0 40.0 51.25

Table 4: Best configurations for CLIP and SigLIP variants on Multi-V* Bench. Here, A, O, E,
and C represent the attribute, OCR, existence, and count tasks, respectively.

The table above outlines the best configurations that yield the highest overall scores for

both vision encoder variants. The trends align with the ablation figures from previous sections,

although Figure  25b indicates that the best keyword criterion for SigLIP is the description

criterion. Since the scores in the figure represent averages of all variables not being considered,

there may be some deviations from the optimal scores. Additionally, unlike in the V* Bench

evaluation, the best cropping method for SigLIP in this analysis is the dynamic method. This

difference could be attributed to the varying average resolutions between the two benchmarks.

Overall, the configurations are consistent with the findings from the V* Bench.
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5 Conclusion

We introduced plug-and-play modules to enhance an existing Vision Language Model’s ability

to detect small details in high-resolution images. By leveraging the vision encoder’s inherent

image-text matching capabilities, our modules significantly improved performance on the V*

Bench without the need for additional training or external helper models. Additionally, our

models outperform both open and closed-source models, achieving the second-best performance

on the benchmark. Although our models still fall short of the current state-of-the-art, they

reduce inference time by 18 times, striking a balance between accuracy and efficiency.

We also conducted an ablation study to evaluate the impact of various configurations on the

performance of our modules. This study included adjustments to the cropping method, criteria

for image-text matching, the number of selected patches, the positional information of each

patch, and the vision encoder itself. The findings demonstrate that with optimal configurations,

our models can secure the second-highest performance on this benchmark.

Since the adopted VLM is capable of processing multiple images, we developed a benchmark

similar to V* Bench, but tailored for multiple images and incorporating more diverse tasks,

named Multi-V* Bench. Testing our models on this new benchmark showed a similar trend

to V* Bench, where our models significantly enhanced the performance of the existing models.

Additionally, we compared our models against other multi-image VLMs, such as LLaVA-NeXT

and the GPT-4-V family, and found that our models outperformed these, securing the second

and third highest performances.

We also conducted an ablation study on Multi-V* Bench, which revealed trends similar

to those observed in V* Bench, albeit with some differences in behavior. In conclusion, our

modules effectively identify small details in high-resolution images, both in single and multi-

image settings.
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