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6. Ablation Studies

Importance of Dynamic Region Proposal in High-
Resolution Bench. To highlight the significance of visual
grounding and focused attention in high-resolution tasks,
we compare TEVA with VILA-Qwen2, which refers to
VILA [32] configured identically to TEVA in both training
and testing, including the use of the same language model
(Qwen2-7B [65]), MLP adaptor, and vision tower model
(SigLIP [71]).

Different from VILA-Qwen2, TEVA leverages its Rel-
evant Area Proposal (RAP) module and informative patch
sampling strategy to selectively focus on critical regions of
high-resolution images. As shown in Table 6, this concen-
trated attention results in significant performance improve-
ments on tasks requiring precise spatial reasoning and fine-
grained image understanding.

For example, TEVA outperforms VILA-Qwen2 by
28.7 points on the V

⇤ attribute recognition (AR) bench-
mark [61], which focuses on specific small objects at-
tribute. Additionally, TEVA achieves a 6.1 point improve-
ment on the Remote Sensing task of the MME-RealWorld
Perception dataset [79], which involves detailed analysis
of related objects such as traffic signs, vehicles, and other
high-resolution scene elements. These results demonstrate
TEVA’s superior capability in handling tasks that demand
precise focus and visual grounding in high-resolution set-
tings.

More evaluation on General Resolution VLM Tasks.
We evaluate TEVA on 13 widely used general-resolution
VLM benchmarks, including GQA [17], SQA [43],
VQAT (TextVQA) [54], POPE [29], SEEDI (SEED Im-
age Bench) [26], LLaVAw [37], MMMUt (MMMU test
split) [69], MMMUv (MMMU validation split) [69],
VQAv2 (VQA-V2) [14], MME [12], MMBEN (MMbench
English) [41], MMBCN (MMbench Chinese) [41], and
AI2D [22].

As summarized in Table 7, TEVA surpasses the base-
line model, VILA-Qwen2, on 10 out of the 13 benchmarks,
highlighting its robust generalization across a variety of
general-resolution vision-language tasks. Notably, TEVA
achieves a 13 point improvement on the multi-modality
benchmark MMbenchCN [41] and an impressive 88 point
gain on the MME benchmark [12], demonstrating its strong
performance on challenging multi-modal datasets.

7. More Qualitative Samples
Visualization Results at Different Resolutions. To high-
light the importance of maintaining high image resolution
for Vision-Language Models (VLMs) to accurately answer
questions about fine-grained details in high-resolution im-
ages, we conducted experiments using QA tasks at varying
image resolutions. As illustrated in Figure 6, reducing the
image resolution significantly impacts the model’s ability
to discern critical details. For example, in Figure 6 (Left),
when resizing an image from 2247 ⇥ 2500 pixels to 1024
⇥ 1024 pixels or 672 ⇥ 672 pixels, the texture details of a
distant car become blurred. This blurriness leads the VLM
to either provide incorrect answers or fail to answer due to
the loss of essential visual information.

This experiment underscores the necessity of preserving
the original high-resolution during inference to ensure ac-
curate visual understanding, which is a key motivation for
developing TEVA.

Real-world Downstream Tasks. To further assess
TEVA’s performance in real-world downstream tasks that
demand high-resolution details, we conducted experiments
in industrial scenarios, autonomous driving, and remote
sensing. As shown in Figure 7, TEVA’s ability to focus on
fine details allows it to effectively identify and interpret
critical information in complex scenes. For example, in
a remote sensing scenario (Figure 7 Right), TEVA can
accurately focus on a specific vehicle and provide precise
details about its status, demonstrating its capability to
handle tasks requiring attention to intricate visual elements.

Handling Dense Information in Images. As discussed
in Section 4.4, TEVA faces limitations when handling im-
ages densely packed with information across the entire
frame. In such cases, the bounding box typically encom-
passes the entire image, making the usual region-focused
strategy less effective. To address this, we implement a fall-
back mechanism that switches to uniform patch sampling
for the entire image. For instance, as shown in Figure 8,
when querying information from a text-dense document, the
anchor prompt is set to “Text”. Since the image predomi-
nantly contains text, dividing the limited patch budget be-
tween global and local patches would not be advantageous.
Instead, reverting to uniform patch sampling ensures that
the VLM maintains its performance by adequately captur-
ing all relevant details.



As shown in Table 5, TEVA without RAP and dynamic
patch sampling (fallback for every image) is comparable to
baseline VILA and higher with RAP and dynamic patch
sampling. We want to emphasize that TEVA is designed
to prioritize general high-resolution image understanding
tasks that require focusing on identifying informative candi-
dates within the image, rather than processing text-intensive
tasks that require global information across the entire im-
age without a specific candidate focus. This design is es-
pecially valuable in applications like autonomous driving
and remote sensing. We recognize the importance of text-
intensive OCR tasks and plan to address them in future work
while continuing to develop TEVA’s capabilities for general
high-resolution tasks.

Result on Image Captioning with Subject-oriented
Guidance. Leveraging its ability to focus on fine details
in high-resolution images, TEVA can generate captions em-
phasizing specific areas of an image with remarkable pre-
cision. As demonstrated in Figure 10, when generating a
caption that prioritizes a person in the image, TEVA accu-
rately identifies the individual as the primary subject and
provides detailed, contextually correct information. In con-
trast, even the current state-of-the-art VLM, e.g., ChatGPT-
4o [50], often hallucinates details and generates incorrect
information. This highlights TEVA’s capability to produce
subject-oriented, detail-specific captions, a feature that has
the potential for broader applications in fields requiring pre-
cise visual understanding.

Results on Reasoning case. TEVA excels in complex
reasoning, as shown in Figure 9, accurately under stands
and captures spatial relationships between regions (ex-
tracted with anchors ”girl” and ”woman”). Unlike TEVA
w/o RAP, which hallucinates, TEVA w/ RAP succeeds,
highlighting RAP’s role, combined with dynamic patch
sampling, in processing detailed visual information.

8. Details of Subject-Oriented Data Curation
Dataset Curation Pipeline. As illustrated in Figure 11,
we employ structured prompts to generate multiple subject-
oriented QA pairs from detailed image captions and record
the “Asked Object” (e.g., butterfly) for each question. This
approach effectively produces a large-scale dataset of QA
pairs. However, the generated pairs may contain noise, such
as nonexistent objects caused by misdescriptions in the cap-
tions or inaccuracies introduced by the QA generation pro-
cess of Llama3.1 [59].

To enhance dataset quality, we use the “Asked Object”
as an anchor prompt to validate its presence in the im-
age. Specifically, we extract the bounding box of the
corresponding object using an open-vocabulary detection

Method ChartQA DocVQA InfoQA

VILA-Qwen2 60.7 50.6 31.6
TEVA w/o RAP 62.3 50.0 31.4
TEVA w/ RAP 63.8 51.3 31.9

Table 5. Comparison between TEVA, TEVA without RAP and
the baseline VILA-Qwen2 on Text-Dense Dataset ChartQA [45],
DocVQA [46] and InfoQA [47].

method, Grounding DINO [39], in our setup. If a bound-
ing box is detected with high confidence for the “Asked
Object”, we retain the QA pair. Otherwise, we discard it,
as the absence of a bounding box suggests that the “Asked
Object” might not exist in the image.

This pipeline ensures both efficiency, by leveraging text
captions for initial generation, and quality, through a robust
data cleansing process. Additionally, we provide more ex-
amples of the Subject-Oriented Dataset in Figure 12.

9. Implementation Details
In Table 8, we provide the details of the training hyperpa-
rameters used across the four stages of training TEVA. All
training processes were conducted using 64 NVIDIA A100
GPUs. For the Supervised Fine-Tuning (SFT) stage, we
build on VILA [32] SFT blend. Specific training dataset
details are outlined in Table 9.



Assistant: The car in the 
image is white and blue 
in color. The number on 
the car is 102.

2250x1500 pt

Describe the car. And what is the number on the car?

Assistant: The car is 
white and blue in color. 
There is no visible 
number on the car.

Assistant: The car is 
white in color, and the 
number on it is 1234.

What is sold in the red machine?

Assistant: Coca cola.

Assistant: The red 
machine in the image is 
likely a vending machine, 
and it is likely selling 
drinks.

Assistant: The red 
machine in the image is 
a gas station, and it is 
likely that gasoline is 
sold in it.

2247x1500 pt

Resolution 672 x 672 pt

Resolution 1024 x 1024 pt

Resolution 2247 x 2500 pt

Resolution 384 x 384 pt

Resolution 1024 x 1024 pt

Resolution 2250 x 1500 pt

What color of shoes is the woman wearing?

Assistant: Brown.

Assistant: The shoes that 
the woman is wearing are 
black.

Assistant: Black.

2018x1500 pt

Resolution 2018 x 1500 pt

Resolution 672 x 672 pt

Resolution 1024 x 1024 pt

Figure 6. Visualization of inference at different resolutions.

Method LLM V ⇤ MME-RealWorldPRC MME-RealWorldRSN

AR SRR OCR RS MO AD OCR MO AD

VILA-Qwen2 Qwen2-7B 47.8 59.2 54.6 32.1 34.8 31.9 42.2 28.5 33.2

TEVA-3B Sheared-llama-2.7B 60.0 63.2 43.1 32.3 32.6 33.0 41.8 33.5 29.9
TEVA-7B Qwen2-7B 76.5 77.6 60.7 38.2 36.9 35.2 49.4 34.7 35.5

Table 6. Comparison between TEVA and VILA-Qwen2 based on the same training configuration on high-resolution benchmarks.

Method GQA SQA VQAT POPE SEEDI LLaVAw MMMUt MMMUv VQAv2 MME MMBEN MMBCN AI2D

VILA-Qwen2 64.3 94.3 64.1 87.7 74.4 91.2 40.7 44.3 82.7 1529.1 72.4 66.8 75.3
TEVA-7B 64.1 92.5 72.5 87.9 74.1 94.3 41.9 48.4 82.8 1617.1 80.7 79.8 76.3

Table 7. Comparison between TEVA and the baseline VILA-Qwen2 under identical training configurations across 13 general-resolution
VLM benchmarks, including GQA [17], SQA [43], VQAT (TextVQA) [54], POPE [29], SEEDI (SEED Image Bench) [26], LLaVAw [37],
MMMUt (MMMU test split) [69], MMMUv (MMMU validation split) [69], VQAv2 (VQA-V2) [14], MME [12], MMBEN (MMbench
English) [41], MMB (MMbench Chinese)CN [41] and AI2D [22].



Qwen model

Assistant: The yellow and black sign is a 
warning sign. Warning signs are typically 

used to indicate potential hazards or dangers 
in a particular area.

User: Describe the yellow and black sign.

User: What kind of hazard is this sign warning?

Assistant: Electrical

Assistant: 2

User: How many pedestrians can you see?

User: Are there any pedestrians in the 
road who might cross soon?

Assistant: Yes, there is a pedestrian in the road, 
and it appears that they may cross the road soon. 
The presence of the pedestrian suggests that the 
road is accessible for both vehicular and 
pedestrian traffic.

Assistant: Yes.

User: Can you see a red car?

User: Where is the red car?

Assistant: The red car is located on 
the street. It is visible in the image, 
parked alongside the road.

Figure 7. Visualization of Real-world downstream tasks. Left: Industrial Scenario. Middle: Autonomous Driving. Right: Remote Sensing.

User: What is the time of the
event on the poster? Prompt: Text.

Assistant: The time on the poster is 7 p.m.

Uniform Patch Sampling

Region of Interest

Figure 8. For images containing dense information, where the focused region encompasses a significant portion of the entire image (greater
than a threshold ratio), the system falls back to a uniform patch sampling strategy. For example, when answering a query about the time
based on a poster with dense text information, the selective area corresponding to the anchor prompt “Text” covers nearly the entire image.
In such cases, the uniform patch sampling strategy is applied to ensure comprehensive coverage of the image and to accurately capture all
relevant details.



Q: What is the color of the 
pant on the girl standing next 
to the woman with golden 
hair?

A: TEVA (Ours):  The girl is 
wearing pink paint.
A: TEVA w/o RAP: The girl is 
wearing white pants.Woman. Girl.

Clock. Schedule. Signs.

Figure 9. Visualization of Reasoning Task.

Generate a caption for this image and pay 
attention to the man nearest to you.

ChatGPT-4o

Ours

A grand palace with intricate golden spires and 
traditional architecture is surrounded by 
manicured gardens and lush greenery. In the 
foreground, a man in a white shirt and dark pants 
is walking on the lawn near a decorative 
staircase adorned with statues of elephants, 
contributing to the serene and majestic 
atmosphere of the scene.

A man wearing a white shirt and blue jeans is 
standing on a stone pathway, holding a 
camera and taking a picture of a temple with a 
golden roof and a white wall.

Figure 10. Visualization of image caption generation with subject-oriented guidance

Image Caption     : The image portrays 
a fairy with white wings and a purple 
dress, standing in a field of lavender 
flowers. butterflies … The lavender 
plants …

Image Caption : The image portrays a fairy with white wings and 
a purple dress, standing in a field of lavender flowers. She is 
holding a lavender plant in her hands. The background is a light 
blue color, and there are two butterflies visible in the scene. The 
fairy is positioned in the center of the image, with the lavender 
plants surrounding her. The butterflies are located in the top left 
and bottom right corners of the image. The fairy's wings are spread 
out, and her dress is flowing, giving the impression of movement. 
The lavender plants are tall and thin, with small purple flowers at 
the top. The butterflies are small and white, with black spots on 
their wings. The overall color scheme of the image is purple, white, 
and light blue.

<prompt> Generate three question-
answer pairs based on this image 
description     . Each question should
ask about one different object in the
image without repeating objects.

1. Question: … the fairy …? 
Asked Object: Fairy 

2. Question: … butterflies …? 
Asked Object: Butterfly

3. Question: … lavender plants …?
Asked Object: Lavender plants 

User

The image is only for illustration, 
not used for subject-oriented VQA 
generation.

<prompt> Generate three question-answer pairs based on this image description     .
Each question should ask about one different object in the image without 
repeating objects.

Grounding DINO

1…
2.butterflies
3…

1…
2.butterflies
3…

Figure 11. Pipeline of Subject-Oriented Data Curation. We first utilize structured prompts to create multiple subject-oriented QA pairs
based on detailed image captions. Each QA pair records the “Asked Object” (e.g., butterfly) for validation. To ensure high-quality data, an
open-vocabulary object detection model, Grounding DINO [39], is employed to verify the presence of the “Asked Object” in the image.
Objects are retained only if a high-confidence bounding box is detected, discarding noisy pairs that involve nonexistent objects.



Image Caption    : The image is a vibrant advertisement for PETA’s 40th 
anniversary online auction. Dominating the center of the image is a sleek, 
silver car, its polished surface reflecting the surrounding elements. To the left 
of the car, a woman is seen cradling a dog in her arms, their bond evident in 
their close proximity. On the right side of the car, a pair of roller skates and a 
coffee cup are placed, suggesting a leisurely day out. The background is a rich 
blue, providing a stark contrast to the objects in the foreground. The text 
“Check Out PETA's 40th Anniversary Online Auction!” is prominently displayed, 
inviting viewers to participate in the event. The logos of Dunkin' Donuts and 
Baskin Robbins are also present, indicating their involvement or sponsorship of 
the event. The objects, people, and text are arranged in a balanced manner, 
creating a harmonious composition that effectively conveys the message of the 
advertisement.

1. Question: What is the woman in the image doing? 
     Answer: The woman is cradling a dog in her arms.
2. Question: What is the color of the car in the image? 
     Answer: The car is silver.
3. Question: What logos are visible in the image? 
     Answer: The logos of Dunkin' Donuts and Baskin Robbins are present.

Image Caption    : The image is an advertisement for the Xbox game “Conker: 
Live & Reloaded”. The main focus of the image is a cartoon squirrel, who is 
dressed in a military uniform and is holding a gun. The squirrel is standing in 
front of a group of other cartoon animals, who are also armed and appear to be 
ready for battle. The background of the image is a dark, cloudy sky, which adds 
to the intense atmosphere of the scene. The text “Conker: Live & Reloaded” is 
prominently displayed in the center of the image, indicating the name of the 
game. The overall color scheme of the image is dark and muted, with the 
exception of the bright orange text, which stands out against the darker 
background. The relative positions of the objects suggest a sense of depth and 
perspective, with the squirrel in the foreground and the other animals in the 
background. The image does not contain any other discernible text or objects.”

1. Question: What is written in the center of the image? (text) 
      Answer: “Conker: Live & Reloaded.”
2. Question: What is the cartoon squirrel holding in the image?
      Answer: A gun.
3. Question: How would you describe the color scheme of the image? 
    Answer: The overall color scheme is dark and muted, with the exception of 
the bright orange text.

Figure 12. Example QA pairs of the Subject-Oriented Data Samples.

Table 8. Training hyperparameters for TEVA.

Configuration Alignment Stage Vision Tower Adapting Integrated Interpretation Instruction Fine-tuning

Unfreeze ViT × X X X
Unfreeze LLM × × X X
Unfreeze VL Adapter X X X X
Image resolution 384 1536 1536 1536
Optimizer AdamW
Global learning rate 1e�3 1e�4 5e�5 5e�5

ViT learning rate 1e�3 1e�3 1e�4 5e�5

Warming up ratio 0.03 0.03 0.03 0.03
Learning rate schedule cosine decay cosine decay cosine decay cosine decay
Global batch size 256 1024 1024 1024
Numerical precision bfloat16 bfloat16 bfloat16 bfloat16



Table 9. Training Dataset for TEVA Across Stages 1 to 4. Note that we have one more stage “Vision Tower Adaptation” than the common
VLMs [27, 32] used to adapt the vision tower for flexibly ordered tokens.

Stage Dataset Samples
Alignment Stage LLaVA-Pretrain [35] 595k

Vision Tower Adapting Proposed Subject-Oriented Dataset 4M

Integrated Interpretation Proposed Subject-Oriented Dataset 4M
ShareGPT4V Caption Dataset 1M

Instruction Finetuning

Image Caption: TextCaps [53], ShareGPT4V-100K [4], LLaVAR [78], Image
Paragraph Captioning [24]
VQA: ScienceQA-train [43], LLaVA-SFT [35], SHERLOCK [16],
GQA-train [17], Geo170K [13], VQAv2-train [14], DocVQA [21],
OCRVQA [48], OKVQA [44], ViQuAE [25], CLEVR [20], SynthDoG-en [23],
WIT(Subset) [55], TextVQA-train [54], MMC-Instruction [34], AI2D [22],
ChartQA [45], LLaVA-OneVision(Subset) [27]
Text-only: FLAN-1M [60], MathInstruct [68] 4.17M
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