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A1. Limitations and Potential Societal Impacts
Limitations. Currently, our approach utilizes the reference
instructions for task-importance estimation. However, given
the multimodal nature of LVLMs, these instructions may also
be leveraged to improve the selection process on unlabeled
images. We leave this limitation as an interesting direction
for future work.

Potential Negative Societal Impacts. The proposed
method could potentially enable malicious actors to fine-
tune open-source LVLMs more easily for illegal purposes.
The integration of machine learning security mechanisms
could be studied to mitigate such risks.

A2. Different Model Sizes and Architectures
PreSel adapts to various model sizes and architectures.
In addition to the results presented in Table 1 and Table 2,
which are based on the LLaVA-7B model using Vicuna-7B
[2] as the LLM, we conduct two additional sets of experi-
ments on the LLaVA-1.5 dataset, as shown in Table 7. In
these experiments, we change the LLM to Vicuna-13B [2]
and Llama-8B [3] to evaluate the transferability of the sam-
ples selected by PreSel across different model sizes and
architectures. It is important to note that we directly use the
samples selected by PreSel with LLaVA-7B as the refer-
ence model to fine-tune the additional LVLMs, without any
further processing. From the table, it is evident that our se-
lected samples are highly beneficial for fine-tuning LVLMs
with different architectures or sizes. Specifically, PreSel
outperforms Random by large margins of 1.7% and 1.2%
in average relative performance for the LLaVA-Vicuna-13B
and LLaVA-Llama-8B models, respectively.

A3. More Analysis on the Size of Reference Set
We leverage a small, randomly selected set of image-
instruction pairs as the reference set, Dref, to estimate task-
importance values during the Task-Importance Estimation
stage. By default, the size ofDref is set to 5% of the total size

of the VIT dataset,D. In Table 8, we reduce the reference set
size to just 1% of the total VIT dataset to evaluate the effect
of |Dref| on the average relative performance. The rest of the
experimental settings are identical to those in Table 1 of the
main paper: we set the sampling ratio to 15% and conduct
experiments on the LLaVA-1.5 dataset. Our experiments
show that the estimated task-importance values remain al-
most identical for both the 1% and 5% cases. Consequently,
the final performance is robust to the size of the reference
set, as shown in Table 8.

A4. Baselines
In this section, we provide details about the baselines with
which we compared our method.
• CLIP-Score [9]. In CLIP-Score, the cosine similarity

between the images and their corresponding textual in-
structions is used for selection. In our experiments, we
select samples with high similarity.

• TypiClust [4]. TypiClust is an active learning approach
originally designed for multi-round data selection for im-
age classification under low-budget regimes. It adaptively
clusters the unlabeled data and selects the most typical
samples from the clusters that have the highest number of
unlabeled samples and the fewest already labeled samples.
We adapt a single-round version of this method to our
setting.

• EL2N [8]. This method uses the Error L2-Norm (EL2N)
to quantify a sample’s informativeness. Specifically, it cal-
culates the average L2-Norm distance between generated
tokens and ground-truth text tokens to produce this score.

• Perplexity [7]. This method uses the average next-token
prediction loss as a measure of the LVLM’s uncertainty
with respect to a sample. Following prior research [7], we
select samples with medium score values instead of top
values, as it leads to better results.

• IFD [6]. This method proposes the Instruction-Following
Difficulty (IFD) metric to select samples with correspond-
ing instructions that have a minimal impact on the model’s
loss.
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Model Method
VQAv2 SQA-I TextVQA MME MMBench SEED-Bench MM-Vet POPE Rel.

en cn (%)

Vicuna-13B [2]
Full Finetune 80.0 72.0 58.3 1400.4 68.2 60.7 68.0 34.3 87.1 100
Random 76.2 69.9 56.8 1452.3 62.8 56.0 65.0 33.0 86.6 96.6
PreSel (Ours) 76 70.8 57.0 1404.3 66.4 60.9 65.0 34.4 87.2 98.3

Llama-3-8B [3]
Full Finetune 81.4 78.2 63.8 1561.2 75.2 73.1 71.8 36.9 85.6 100
Random 77.5 78.3 59.8 1455.0 72.5 69.1 68.3 35.7 84.9 96.0
PreSel (Ours) 77.0 79.0 59.2 1501.4 73.3 70.6 68.5 37.7 84.6 97.2

Table 7. Results for LLaVA-Vicuna-13B and LLaVA-Llama-8B models. We report the performance of PreSel across different model
architectures and sizes. The experiments are conducted on the LLaVA-1.5 dataset and the sampling ratio is set to 15% for both Random
and PreSel methods. We directly use the samples acquired for the LLaVA-Vicuna-7B model to fine-tune the additional LVLMs in this
experiment. The average relative performance across all evaluation benchmarks is reported.

|Dref|
|D| Method VQAv2 SQA-I TextVQA MME MMB-E MMB-C SEED-Bench MM-Vet POPE Rel. (%)

- Full Finetune 79.1 68.4 57.9 1417.6 66.0 58.9 66.8 30.0 87.5 100
5% PreSel 75.0 70.1 55.2 1457.7 64.8 56.5 63.8 29.6 85.4 97.9
1% PreSel 74.9 69.7 54.2 1436.5 63.1 57.4 63.9 30.0 86.5 97.7

Table 8. The effect of |Dref| on average relative performance. The experiments are conducted on the LLaVA-1.5 dataset and the sampling
ratio is set to 15%. “Full Finetune” denotes a LLaVA-1.5-7B model fine-tuned on the entire LLaVA-1.5 image-instruction pairs.

• Self-Filter [1]. The Self-Filter method involves initially
training a score-net while fine-tuning LVLM on the en-
tire VIT dataset. Afterwards, the score-net is employed
to choose a subset of data for a subsequent VIT round.
Nonetheless, this two-step procedure escalates the total
training expense, opposing the purpose of data selection.

• COINCIDE [5]. This method first utilizes the
TinyLLaVA-2B [10] model to extract both image and in-
struction features from multiple layers. It then concate-
nates all features, performs spherical clustering on them,
and selects samples from clusters proportional to their
overall transferability.

A5. ShareGPT Data in LLaVA-1.5 Dataset

The LLaVA-1.5 dataset includes a task named ShareGPT,
comprised of text-only instructions generated by the
ShareGPT model. In our experiments, we have excluded
these text-only instructions as our primary focus is to select
the most beneficial ‘images’ for visual instruction tuning.
One can easily choose a subset of ShareGPT data or use all
of it along with our selected VIT samples for fine-tuning
LVLMs.

A6. Detailed Algorithm for PreSel

We elaborate on the details of our PreSel pre-instruction
data selection approach in Algorithm 1.
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Algorithm 1 Our Proposed PreSel Approach

1: Input:
2: unlabeled images D =

⋃M
i=1 Ti where Ti is the i-th

task, number of vision tasks M , a lightweight vision
encoder (DINOv2), our LVLM, the small randomly
selected reference set Dref

3: Process:
4: DS ← ø # Initialization for the Selected Subset
5: # Task-Importance Estimation
6: for each (I,Q,R) ∈ Dref : calculate LR|Q,I and

LR|I via Eq. 1 and Eq. 2 to obtain IRS via Eq. 3
7: for i = 1, ...,M do
8: calculate s(Ti) and w(Ti) via Eq. 4 and Eq. 5
9: # Task-wise Cluster-based Selection

10: for i = 1, ...,M do
11: DTi

← ø # Selected Images for Task Ti

12: for unlabeled images in Ti, extract visual features
using DINOv2 encoder

13: cluster visual features in Ti into C clusters
{Ai

c}Cc=1 where C = |Ti|
100

14: # Intra-Cluster Selection.
15: for c = 1, ..., C do
16: for Ai

c, set the cluster budget nc via Eq. 6
17: calculate snc for all images within Ai

c via Eq. 7
18: rank images in Ai

c based on snc and select the
top nc samples with the highest values Dc

Ti

19: DTi ← DTi ∪ Dc
Ti

20: acquire instructions for images in DTi

21: DS ← DT1
∪ DT2

, ... ∪ DTM
∪ Dref

22: # Visual Instruction Tuning
23: fine-tune the LVLM
24: Return the fine-tuned LVLM
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