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Abstract

Instruction tuning fine-tunes pre-trained Multi-modal Large
Language Models (MLLMs) to handle real-world tasks.
However, the rapid expansion of visual instruction datasets
introduces data redundancy, leading to excessive com-
putational costs. We propose a collaborative frame-
work, DataTailor, which leverages three key principles—–
informativeness, uniqueness, and representativeness–—for
effective data selection. We argue that a valuable sam-
ple should be informative of the task, non-redundant, and
represent the sample distribution (i.e., not an outlier). We
further propose practical ways to score against each prin-
ciple, which automatically adapts to a given dataset with-
out tedious hyperparameter tuning. Comprehensive experi-
ments on various benchmarks demonstrate that DataTailor
achieves 101.3% of the performance of full-data fine-tuning
with only 15% of the data, significantly reducing compu-
tational costs while maintaining superior results. This ex-
emplifies the “Less is More” philosophy in MLLM develop-
ment. The code and data is available in this URL.

1. Introduction
The rapid development of Multi-modal Large Language
Models (MLLMs) has made promising progress on vari-
ous multi-modal tasks [2, 55, 61]. A typical MLLM is de-
veloped through two main training stages: pre-training on
vast image-text pairs and fine-tuning on task-specific multi-
modal instructions. Notably, the fine-tuning stage is criti-
cal for enhancing the instruction-following capabilities of
MLLMs. Yet, this stage can become exceedingly time-
consuming due to the large-scale but low-quality instruction
data. Hence, the community is interested in fine-tuning data
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Figure 1. (a) The Performance v.s. Selected Data Ratio on LLaVA-
mix-665k of DataTailor compared with SOTA data selection meth-
ods. (b) Metric triangle among informativeness, uniqueness, and
representativeness when applying IFD [28] (data-specific meth-
ods), InsTag [36] (human-reward methods), LESS [51] (gradient-
based methods), and DataTailor. (c) The corresponding MLLM
performance on LLaVA-mix-665k [33] of different methods.

selection methods, such that an MLLM trained on the se-
lected subset yields comparable or even better performance.

Existing MLLM data selection methods [9, 19, 35, 49]
largely follow similar ideas from the NLP community [28,
36, 45, 51, 60]. They can be divided into three main cat-
egories: (1) Data-specific methods [6, 10, 28] leverage
vast hand-designed rules to select data in specific datasets,
which are not flexible and robust for diverse tasks. (2)
Human-reward methods [36, 60] utilize human feedback
to select data, which are both time-consuming and expen-
sive. (3) Gradient-based methods [31, 45, 51] select sam-
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Figure 2. Illustration of the proposed method based on informa-
tiveness, uniqueness, and representativeness, where the x and y
axes show information dimensions in latent space. The red star
denotes a high-quality sample that satisfies the three principles.

ples whose gradients are similar to the average training gra-
dient of the dataset. However, they require additional train-
ing on downstream tasks, making total computation costly.

To address these deficiencies, we build a systematic data
selection method for MLLM called DataTailor. We eval-
uate each sample with three principles and select the most
valuable samples, leading to state-of-the-art MLLM perfor-
mance with a fraction of data (c.f. Fig. 1). The three princi-
ples are: (1) Informativeness: a valuable sample should be
informative of the hard task, e.g., If the task is reasoning, de-
scribing the movement differences between skiing and ice
skating is more informative and complex than simply de-
scribing someone skiing. In Fig. 2 where each axis (heuris-
tically) represents an orthogonal dimension of task infor-
mation, points along the diagonal carry more information
about the task. (2) Uniqueness: A valuable sample should
be distinct from others, offering unique insights rather than
prevalent commonsense knowledge (c.f. Fig. 2 near the blue
dashed region in the intra-cluster space demonstrates high
uniqueness). (3) Representativeness: it should be a typi-
cal sample in the data distribution. This prevents selecting
noisy outliers or mislabeled samples (c.f. Fig. 2 the clus-
ters connected by blue lines in the inter-cluster space exhibit
high representativeness for the overall dataset).

We further propose a practical method to measure the
value of each sample against each principle. For infor-
mativeness, we take motivations from information the-
ory [7, 8]. For each sample, we analyze the singular value
distribution of its features and use the entropy of the singu-
lar values to determine if it is informative of the task. To
compute uniqueness and representativeness, we first cluster
the samples based on their visual and textual features. This
allows efficient calculation for uniqueness, as we can sim-
ply measure the average distances of a sample to its neigh-
bors in the same cluster, and mark those with a large dis-

tance as unique. Then we find connected clusters and mark
samples in those clusters as representative. Hence, noisy or
mislabeled data from a far-away cluster can be filtered.

Moreover, as multi-modal samples exhibit varying struc-
tures and complexities across diverse tasks, we propose an
adaptive weight to combine the values, which removes the
need for expensive hyper-parameter tuning. We also adap-
tively determine the proportion of selected data for each
task by using the average largest singular value of samples
in the task, which empirically reflects task difficulty and
correlates with training robustness. Combining these tech-
niques, DataTailor synergizes the three principles for data
selection and achieves an optimal balance between data vol-
ume and model performance (as shown Fig. 1(a) red line).

To our knowledge, we are the first to explore sample
relationships between multi-modal instructions systemati-
cally. Through extensive experiments, we demonstrate that
DataTailor exhibits significant effectiveness in data selec-
tion for MLLMs (with less than 5% data but achieving over
95% performance). This effectiveness is further demon-
strated through quantitative metrics designed for the three
principles (c.f. Fig. 1(b)), proving that DataTailor improves
data selection by addressing the essential aspects of each
principle (detailed analyses is in Sec. 4.4 and Appendix D.1
& D.2). In contrast, other methods lack a systematic evalu-
ation, particularly of sample relationships, leading to weak-
nesses in uniqueness and representativeness and resulting in
suboptimal MLLM performance (c.f. Fig. 1(c)). Remark-
ably, when DataTailor increases the data selection ratio,
multi-modal data selection can even outperform full data
fine-tuning (achieve 101.3% performance with 15% data),
truly exemplifying the concept of “Less is More”. Overall,
our main contributions are summarized as follows:
• We identify three key principles (i.e., informativeness,

uniqueness, and representativeness) from a systematic
perspective to master multi-modal data selection.

• We propose a unified framework, DataTailor, to adap-
tively integrate these principles for value evaluation to op-
timize multi-modal data selection in a collaborative way.

• Extensive results show DataTailor’s effectiveness in opti-
mizing all three principles during selection and achieving
new SOTA performance on various benchmarks.

2. Related Work

2.1. Multi-modal Large Language Model

With the outstanding performance of LLMs in zero-shot set-
tings, early work combining LLMs with visual modalities
has demonstrated impressive visual language comprehen-
sion abilities [9, 15, 23, 25–27, 55]. Recently, more power-
ful MLLMs have emerged [5, 17, 33, 38, 39, 53, 54, 57, 61],
which possess perceptual abilities for visual-language tasks
and excellent reasoning abilities. Generally, the training
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process of MLLMs primarily includes two stages: the pre-
training stage and the instruction tuning stage. Recent stud-
ies [13, 14, 32, 42, 48, 56] have focused on the second stage
to enhance instruction-following abilities. However, this
stage is gradually facing inevitable computational overhead
due to the growing volume of multi-modal data [35, 41]. It
is critical to identify a small subset of high-quality instruc-
tions to improve MLLM fine-tuning efficiency.

2.2. Instruction-based Data Selection
Although MLLMs have demonstrated remarkable perfor-
mance, data redundancy is becoming apparent with the
rapid growth of visual instruction datasets, similar to chal-
lenges in LLMs [6, 11, 60]. Previous LLM-based works
mainly focus on using pre-defined specific rules [6, 28], hu-
man feedback [36], or gradient-based approximation [3, 51]
to select high-quality data. INSTRUCTMINING [6] uses
9 indicators to fit specific rules for data selection. In
contrast, DataTailor automatically assesses values with-
out hand-designed rules, offering greater robustness and
flexibility. Moreover, these methods only focus on in-
dividual sample values while neglecting similar or noisy
data when applied to more complex multi-modal instruc-
tions. For MLLM-based data selection, TIVE [35] iden-
tifies redundancy in multi-modal instructions and selects
valuable data at the task and instance level through gra-
dient similarity, while ICONS [50] extends this by inte-
grating specialist influence estimation. However, they both
require extra training on downstream tasks for data selec-
tion. SELF-FILTER [49] attaches evaluation models and
updates its parameters during training to select high-value
samples. InstructionGPT-4 [47] selects 200 instructions for
MiniGPT4 [61], but it is unscalable for other settings. CO-
INCIDE [22] roughly clusters data by conceptual represen-
tations, while overlooking the value differences between
clusters. These methods largely follow prior approaches
and overlook the complex relationships between samples,
which limits their generalization. To mitigate these limita-
tions, we are the first to adopt a collaborative perspective for
multi-modal data selection, focusing on three core princi-
ples: informativeness, uniqueness, and representativeness.

3. Method
As illustrated in Figure 3, our DataTailor framework con-
sists of four primary steps: (1) The informative value cap-
tures the information density in latent space, directly re-
flecting informativeness to enhance MLLM generalization.
(2) The unique value identifies distinct samples within the
intra-cluster space, reflecting the uniqueness of sample re-
lationships to reduce redundancy effectively. (3) The repre-
sentative value captures samples that align closely with the
overall dataset distribution in the inter-cluster space, ensur-
ing representativeness and preventing compromise by noisy

outliers. (4) Finally, DataTailor adaptively integrates these
three values to enable collaborative multi-modal data selec-
tion. Next, we will elaborate on the details of each step.

3.1. Problem Formulation
Given a visual input Xv and a textual query Xq , the objec-
tive of the MLLM is to predict the correct answer Xa for
downstream tasks. We formulate multi-modal data selec-
tion as selecting fewest samples S∗ = {s1, ..., sk} from the
candidate dataset S for MLLM training that achieves the
best inference performance, where si = (Xv, Xq, Xa) and
k is the total data selection proportion for S. Typically, the
sample value is measured by the performance perturbations
to the MLLM when removing the sample [21], but this is
not practical for large-scale datasets. Therefore, we propose
three core principles (i.e., informativeness, uniqueness, and
representativeness) that practically identify the most valu-
able samples to improve MLLM’s performance on down-
stream tasks. More concrete instantiations of each principle
are in Appendix D.2. Then, we introduce each principle.

3.2. Informative Value Estimation in Latent Space
Although several approaches have been proposed for multi-
modal data selection [35, 47, 49, 50], they are either infea-
sible at scale due to computational overhead or are limited
in generalizability by pre-defined evaluation rules. Previous
studies [30, 34, 51] have shown that difficult samples con-
tribute more to improving the performance of downstream
tasks in MLLMs. Thus, DataTailor directly estimates sam-
ples’ essential difficulty for multi-modal data selection.

However, it is non-trivial to quantify sample difficulty
for multi-modal instructions due to varying information rep-
resentations in different modalities. Drawing upon previous
spectral analysis [7, 8, 52], we perform singular value de-
composition (SVD) on the unified feature matrix at the to-
ken level for image and text modalities to reflect the diffi-
culty of samples, as it consists of the variations across dif-
ferent tokens in latent space. Formally, given a multi-modal
sample si, we obtain its unified feature matrix Mi ∈ RLi∗d

from the penultimate layer, where Li is the token length and
d is the feature dimension. We adopt this layer as the lower
layers struggle to capture complex features, while the final
layer suffers biases of pre-training datasets [34]. Besides,
the penultimate layer retains earlier layer information, pro-
viding richer features. Subsequently, we perform SVD on
the matrix in latent space Mi = UiΣ̂iVi

⊤ and its corre-
sponding diagonal singular matrix is defined as follows:

Σ̂i = {σ1, ..., σLi} (1)

where we assume Li ≤ d [33] and all singular values
{σj}Li

j=1 are listed in order. Building on this, we compute
the entropy of normalized singular values as the informative
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Figure 3. Overview of our proposed DataTailor for automatically selecting high-quality multi-modal data through the collaboration of
three principled values (i.e., informative value, unique value, and representative value) from a systematic perspective.

value to assess the information density of each data:

V Inf
i = −

Li∑
j=1

σj∑Li

k=1 σk

log
σj∑Li

k=1 σk

(2)

Intuitively, simple samples contain redundant informa-
tion in images or text, and only part of information is neces-
sary to answer the query (see Appendix D.2 for examples).
As a result, the columns of their feature matrices exhibit
strong linear dependence, which drive down the smaller sin-
gular values, causing the top ones to be much bigger by
comparison, leading lower singular value entropy. In con-
trast, more challenging samples are richer in information,
with feature matrices that are closer to full rank, resulting
in more uniform singular values and higher entropy. In this
way, SVE can as a practical approximation to measure the
difficulty of samples, enabling the selection of hard samples
to enhance the performance of MLLM in downstream tasks.

3.3. Unique Value in Intra-cluster Space
To enrich the value of samples for multi-modal data selec-
tion, it is crucial to emphasize the unique values of samples
to select unique samples from similar clusters. The unique
value estimation in the intra-cluster space consists of two
steps: cross-modal domain clustering and unique value cal-
culation. Next, we introduce each step in detail.
Cross-modal Domain Clustering. To efficiently distin-
guish unique samples, we propose an optimized Cross-
modal Domain Clustering that aggregate sufficiently sim-
ilar samples into cluster in each task. This process begins
with quantifying the ℓ2-norm distance between samples for
cluster variance computation. It then utilizes the Ward cri-
terion [37] to merge clusters with the minimum increase in
sum of squared errors (SSE) progressively, computed as:

∆SSE =
nA · nB

nA + nB
· ∥µA − µB∥2 (3)

where nA, nB denote cluster cardinalities and µA,µB rep-
resent cluster centroids. The clustering terminates when the
∆SSE exceeds the threshold λ∆SSEmax, where ∆SSEmax
denotes the maximum increase in SSE. Here, λ controls

the number of clusters and is set to 0.1 by default to match
the total data selection proportion for capturing sample rela-
tionships. Moreover, we use parallel computation and mem-
ory optimization for efficiency. More implementation de-
tails and analyses are shown in Appendix B.3.
Unique Value Calculation. To quantify the uniqueness
of samples, we focus on identifying discriminative sam-
ples in the intra-cluster space that contribute uniquely to
training. The key intuition is that unique samples exhibit
larger distance from similar samples (as shown in Fig. 2) to
contain more information in the cluster for generalization.
Therefore, we introduce a distance coefficient to assign high
unique values to these distinctive instructions based on their
distance from surrounding samples as follows:

V Uni
i =

∑
sj∈C,j ̸=i

∥pj − pi∥2 ·
V Inf
j∑

k∈C V Inf
k

(4)

where ∥pj − pi∥2 is the Euclidean distance of two samples
si, sj in the cluster C in latent space. We assign higher ref-
erence weights to samples with greater informative value
when computing their unique and representative values, re-
flecting their stronger influence on other samples. In this
manner, these challenging instructions are more likely to be
selected due to their enhanced unique values.

3.4. Representative Value in Inter-cluster Space
Empirically, evaluating samples solely with their informa-
tiveness and uniqueness within clusters may introduce out-
lier noisy or mislabeled data. These samples, despite higher
uniqueness, have weaker associations with other clusters,
limiting their ability to represent the overall dataset. There-
fore, we introduce an inter-cluster representative coeffi-
cient to measure relationships across clusters, ensuring that
selected samples capture representative features from the
overall dataset, thereby avoiding the selection of noisy data:

τ ci =
1

K − 1

K∑
k ̸=c

exp(sim(pk,pc)) (5)

where pc is the average sample feature in the target cluster
C that contains sample si, {pk}Kk ̸=c is the average sample
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feature of other clusters and K is the number of clusters
in each task. We use the feature of the last token to repre-
sent the sample feature as it aggregates all visual and tex-
tual features by cross-attention. Here, sim(·, ·) is the cosine
similarity and exp(·) is used to amplify the effect of clus-
ters. Based on this coefficient, we then assign the weighted
representative value to the instruction si as follows:

V Rep
i = τ ci · V Inf

i∑
k∈C V Inf

k

(6)

In this way, the representative value uses the association co-
efficient to ensure that selected samples align with the over-
all distribution. When the value is high, it indicates that the
selected samples can effectively represent other samples, re-
ducing the impact of noisy data and enhancing the overall
representativeness in conjunction with uniqueness. More
implementation details are shown in Appendix C.1.

3.5. Adaptively Collaborative Data Selection
Although we obtain multi-scale values from three comple-
mentary perspectives, combining them to select ideal sam-
ples is challenging since these multi-modal samples exhibit
varying instruction rounds. Multi-IF [18] points out that
multi-turn instructions prioritize informative value due to
their weak interrelationships while single-turn ones empha-
size unique and representative value due to their limited in-
formation. Inspired by this, we introduce an influence fac-
tor based on the number of response rounds of each multi-
modal instruction for adaptively collaborative data selection
to enable adaptive, collaborative data selection, enhancing
the synergy among these three values as follows:

Vi =
ri

ri + 2
· V Inf

i +
1

ri + 2
· (V Uni

i + V Rep
i ) (7)

where ri denotes the conversation round of each multi-
modal instruction. We employ a 1:1 ratio to simplify the
balance between uniqueness and representativeness values,
as their trade-off remains stable. With this synergistic value
for data selection, we can identify informative and unique
instructions while adequately representative (c.f., Fig. 4).
We also show detailed demonstration of DataTailor address-
ing each of three principles in Sec. 4.4 and Appendix D.1.

In addition, we observe that standardizing the data se-
lection proportion across all tasks limits selection diversity
due to differences in task difficulty. Since spectral analysis
shows that samples with the higher largest singular value
exhibit less directional diversity for generalization, they re-
quire more selected data to improve the model’s training
robustness. Thus, we propose adaptive data selection pro-
portion kp for each task Sp based on largest singular values,
which is computed as follows:

kp =
x2
p · |Sp|∑
q x

2
q · |Sq|

· k, xp = avg(
σmax∑Li

j=1 σj

) (8)

High valueLow value

Figure 4. Visualization of the collaboration among informative-
ness, uniqueness, and representativeness for data selection, where
each bar represents a subset defined by a specific value interval.

where xq is the average ratio of the largest singular value
σmax to the sum of all singular values for all samples in the
task Sq , |Sq| is the number of samples in the task, and k is
the whole data selection proportion. Through collaborative
value assessment with task-adaptive proportions, DataTai-
lor promotes more diversity during MLLM data selection.
More details and analyses are shown in Appendix B.2.

4. Experiments

We first evaluate DataTailor on the standard data selection
of MLLM on various benchmarks (§ 4.2). Additionally, we
examine its transferability to other datasets (§ 4.3) and con-
duct an in-depth analysis (§ 4.4) for further evaluation.

4.1. Experimental Setup
Multi-modal Instruction Data & Backbone. As ideal data
selections should be adaptable to diverse MLLM instruc-
tion datasets, we integrate DataTailor with two widely-used
datasets to conduct experiments for its effectiveness eval-
uation: 1) MiniGPT4-Instruction [61] includes about 3.5K
instances refined by ChatGPT from detailed descriptions.
2) LLaVA-1.5-mix-665k [33] is a wider collection with
665K instructions, which encompass a wide range of task
categories, including dialogue-based Q&A pairs, multiple-
choice short Q&A, detailed descriptions, and text-only rea-
soning tasks. For the general setting, we conduct experi-
ments on MiniGPT-4-7B and LLaVA-v1.5-7B.
Benchmarks. We assess our methods using a mix of
MLLM-specific benchmarks and more general downstream
tasks. Aligned with SOTA MLLM methods, we include
MLLM benchmarks for comprehensiveness: MME [12] is
used to evaluate MLLM’s ability of perception and cogni-
tion; SEED-Bench [24] involves multi-modal tasks across
12 perspectives with the assistance of GPT-4; POPE [29]
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Methods Valid Data MLLM Benchmarks VQA Benchmarks Captioning
MME-P ↑ MME-C ↑ SEED-I ↑ POPE ↑ MM-Vet ↑ LLaVA-Wild ↑ MMMU(val) ↑ VizWiz ↑ SciQA ↑ GQA ↑ VQA-v2↑ TextVQA ↑ NoCaps (val) ↑ Rel.

MiniGPT4-Instruction MiniGPT4-7B

MiniGPT4-7B 3.4k 717.4 259.6 23.8 68.3 19.0 25.1 23.4 36.0 36.3 32.2 32.1 21.4 111.5 100.0%
Random 0.2k 698.4 227.7 25.1 69.7 17.2 27.9 19.1 18.3 34.0 19.2 33.2 17.2 105.1 89.1%
Length 0.2k 683.4 209.6 26.7 69.8 18.3 26.7 17.4 29.9 35.6 32.5 33.7 17.4 106.5 94.7%
EL2N [40] 0.2k 668.6 207.6 26.5 72.0 17.4 27.3 23.1 41.9 36.1 32.9 36.3 23.7 108.3 102.2%
IFD [28] 0.2k 678.6 213.8 29.1 47.4 18.9 28.4 20.6 42.7 38.1 28.3 36.0 23.4 106.6 99.8%
InsTag [36] 0.2k 715.6 237.9 26.8 70.4 15.8 28.1 21.7 40.0 38.1 30.1 34.5 22.2 105.9 100.8%
LESS [51] 0.2k 698.5 191.4 22.4 71.8 19.8 25.8 22.2 38.4 35.4 26.0 34.4 16.6 109.7 95.4%
InstructionGPT-4 [47] 0.2k 716.9 229.6 17.4 71.6 21.3 25.3 14.9 29.9 35.1 26.8 34.8 22.1 106.8 93.3%
SELF-FILTER [49] 0.5k 438.7 128.6 21.7 71.4 19.4 24.3 20.4 41.3 35.7 30.4 35.0 22.0 105.6 92.8%
TIVE [35] 0.2k 707.0 200.9 23.6 72.3 17.5 25.8 18.2 31.4 33.8 26.4 35.1 17.5 108.9 92.7%
DataTailor (Ours) 0.2k 720.6 263.9 27.3 69.8 21.4 28.4 23.6 40.8 37.7 30.7 34.7 21.0 106.9 104.6%

LLaVA-1.5-mix-665k LLaVA-7B

LLaVA-v1.5-7B (LoRA) 665k 1476.9 267.9 67.4 86.4 30.9 67.9 32.8 47.8 70.0 63.0 79.1 58.2 106.5 100.0%
Random 50k 1387.5 287.5 59.7 85.7 29.5 64.5 32.2 42.3 70.0 55.0 73.7 53.1 107.7 95.3%
Length 50k 1357.0 265.7 47.0 82.6 29.7 67.6 33.9 49.2 60.9 55.5 70.7 45.2 88.2 91.0%
EL2N [40] 50k 1077.3 252.5 59.3 80.8 21.1 40.1 33.6 44.4 71.0 41.7 61.0 41.7 86.9 82.3%
GradN [40] 50k 1275.4 303.6 58.3 75.7 24.8 68.2 32.4 37.8 70.9 44.9 64.0 46.0 101.9 89.3%
IFD [28] 50k 1113.4 301.8 55.1 76.7 27.6 63.1 33.0 48.7 48.2 41.9 64.2 43.6 106.8 87.3%
InsTag [36] 50k 1317.1 345.0 57.4 82.1 29.6 68.1 34.0 47.4 69.3 52.5 63.2 53.3 108.3 96.4%
LESS [51] 50k 1344.8 281.8 61.2 79.4 28.3 65.5 33.0 44.4 71.0 53.4 71.8 52.0 106.2 94.3%
SELF-FILTER [49] 25k 955.7 262.5 47.5 76.0 26.6 60.3 30.6 40.8 59.4 3.6 2.1 5.6 82.3 65.8%
TIVE [35] 50k 1334.8 248.6 62.2 85.9 30.2 67.9 33.1 45.1 71.4 56.2 73.8 51.1 96.0 94.6%
COINCIDE [22] 133k 1495.6 - - 86.1 - 67.3 - 46.8 69.2 59.8 76.5 55.6 - 98.0%
ICONS [50] 133k 1485.7 - - 87.5 29.7 66.1 - 50.1 70.8 60.7 76.3 55.6 - 98.8%
DataTailor (Ours) 50k 1461.2 362.5 61.7 82.1 30.4 69.3 33.9 46.3 70.9 57.7 75.0 53.1 107.2 100.1%
DataTailor (Ours) 100k 1476.2 319.3 63.6 85.3 31.8 71.1 33.2 49.5 71.0 60.5 76.7 55.7 108.7 101.3%

Table 1. Comprehensive comparison between DataTailor and other baselines for multi-modal data selection on MLLM and downstream
general benchmarks. Our results are shown in the gray block. Due to limited resources, we all use the LoRA model for fair comparisons.

mainly evaluates the MLLM’s hallucination problems;
MM-Vet [58] and LLaVA-Wild [34] assess the model’s
open-ended conversational capabilities; The MMMU [59]
consists of more challenging scientific problems to assess
reasoning ability. For general VQA tasks, VizWiz [16] and
ScienceQA [43] contain unseen visual queries and multiple-
choice questions to evaluate the zero-shot generalization of
MLLMs. VQA-v2 [4] and GQA [20] access the model’s
visual perception abilities with open-ended questions while
TextVQA [44] focuses on text-rich questions. For caption-
ing, we transfer MLLMs to the NoCaps [1] validation set.
We also show the amount of valid data selected to demon-
strate the effectiveness of data selection. Note that Rel. in
all tables represents the relative boost on all benchmarks
Baselines. We use the following baselines: 1) Traditional
data selection: it includes traditional random selection;
length-based selection; GradN [40] and EL2N [40] use the
L2-norm of the gradient and the error vector for selection,
respectively. 2) LLM data selection: it directly transfers
the selection methods from LLMs to MLLMs, including
data-specific methods [6], human-reward methods [36], and
gradient-based method [51]. 3) MLLM-specialized selec-
tion: it involves methods specifically designed for data se-
lection in MLLM, including InstructionGPT-4 [47], SELF-
FILTER [49], TIVE [35], COINCIDE [22], ICONS [50].

4.2. Main Results on Multi-modal Data Selection

We report the results of our DataTailor and other diverse
data selection methods for the MiniGPT4 and LLaVA
shown in Table 1. Based on the observation of experimental
results, we have summarized the following conclusions:

Multi-modal instruction data suffers from serious re-
dundancy, resulting in overall poor data quality. We can
observe that in most benchmarks, even randomly selecting a

small amount of instruction data does not result in a perfor-
mance drop. Moreover, in some cases, simply selecting part
of the data outperforms utilizing the entire dataset (33.2 v.s.
32.1 of VQA-v2 on MiniGPT-4), suggesting that excessive
low-quality data hinder several MLLMs’ capabilities on the
contrary. Qualitatively, as shown in Fig. 1, most methods
achieve 80% performance with less than 20% of the data.
This confirms our analysis of the data redundancy in multi-
modal datasets and the necessity of data selection.

For LLM data selection approaches ( i.e., IFD [28],
InsTag [36], and LESS [51]), the performances across
several benchmarks overall remain unsatisfactory. Al-
though these baselines explicitly distinguish tasks and fea-
tures, they still underperform DataTailor by 12.8%, 3.7%,
and 5.8% on overall relative performance due to their rough
information modeling and disregard for sample relation-
ships. Moreover, all LLM data selection methods demon-
strate severe shortcomings in representativeness, which
leads to a decline in the performance of general VQA
tasks (average 49.6 in TextVQA and 49.3 in GQA). In con-
trast, we observe that DataTailor obtains overall improve-
ment on various tasks. For an intuitive illustration, we vi-
sually compare the metrics of three principles of DataTai-
lor and those LLM data selection methods, as shown in
Figure 1(b). Similarly, those LLM data selection meth-
ods exhibit deficiencies in at least one dimension, whereas
DataTailor consistently achieves promising results. This re-
sult demonstrates DataTailor’s capability to effectively pro-
mote these principles for multi-modal data selection, rather
than roughly selecting samples based on individual values.

Our DataTailor can be flexibly applied to different
MLLMs. We incorporate our DataTailor into the two most
popular MLLMs for evaluation. Despite the diversity in
data and model structures, our DataTailor consistently im-
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Methods Feature Backbone MME↑ SEED-I ↑ MMMU(val)↑ SciQA ↑ Rel.
mPLUG-264k [54]

Full Data (100%) - 1243.4 34.3 26.9 41.1 100.0%
Random (5%) - 1183.2 33.9 26.6 40.6 97.9%
TIVE [35] (5%) LLaVA-vicuna-7B 1177.1 34.0 26.9 40.2 97.9%

DataTailor (5%) LLaVA-vicuna-7B 1260.0 34.5 27.8 41.9 101.8%
mPLUG-OWL-7B 1217.2 34.3 28.0 41.3 100.6%

Bunny-695k [17]
Full Data (100%) - 1778.1 70.7 38.7 70.9 100.0%
Random (5%) - 1578.8 64.4 36.7 70.1 93.4%
TIVE [35] (5%) LLaVA-vicuna-7B 1542.4 61.7 34.7 68.4 90.0%

DataTailor (5%) LLaVA-vicuna-7B 1582.8 65.3 37.1 75.8 96.0%
Bunny-Phi-3B 1599.8 63.3 37.3 74.4 95.2%

Table 2. Transferability analysis of multi-modal data selection.

proves relative performance of data selection across all
benchmarks compared to random selection (e.g., +15.5%
on MiniGPT4-7B and +4.8% on LLaVA-v1.5-7B). Notably,
despite comprising only 7.5% data, DataTailor consistently
outperforms full fine-tuning on the challenging MMMU
benchmark (23.6 v.s. 23.4 on MiniGPT4-7B and 33.9
v.s. 32.8 on LLaVA-7B). These results indicate that our
proposed method consistently addresses data redundancy
across different datasets and architectures.

Compared with MLLM-specialized selection meth-
ods, DataTailor exceeds SOTA for overall benchmarks.
Specifically, DataTailor achieves an average of 100.1% rel-
ative performance, outperforming TIVE [35] (94.6%) and
the latest ICONS [50] (98.8%). Notably, when increas-
ing data selection ratio to 15%, DataTailor surpasses the
performance of the full tuning of LLaVA-v1.5-7B (103.0%
for MLLM benchmarks and 101.3% for total benchmarks).
This indicates that a small amount of high-quality data is
more crucial than a large volume of low-quality data for en-
hancing MLLMs, which truly exemplifies “Less is More”.

4.3. Transferability of Multi-modal Data Selection
Previous MLLM-specialized methods [35, 51] relied on
the same MLLMs as in the training phase for data se-
lection. The transferability analysis aims to investigate
whether multi-modal data selected by surrogate models can
be efficiently transferred into the target MLLM. Here, we
use LLaVA-v1.5-7B as the surrogate model to select valu-
able data for the target MLLMs mPLUG-Owl-7B [54] and
Bunny-3B [17], whose corresponding target datasets are
mPLUG-264k and Bunny-695k, respectively. Moreover,
we explore DataTailor’s robustness among other feature
backbones with different structures and parameters. Table 2
presents the results of our DataTailor and other baselines

We observe that, (a) despite inconsistencies between the
data selection model and the target MLLMs, DataTailor still
consistently achieves over 95% relative performance of full
fine-tuning with only 5% data (101.8% in mPLUG-264k
and 96.0% in Bunny-695k). This demonstrates the powerful
transferability of DataTailor and its potential for surrogate
data selection. In contrast, TIVE [35] performs similarly
to or worse than random selection (e.g., 90.0% v.s. 93.4%
in Bunny-695k) though it outperforms it in Tab. 1. This
discrepancy may stem from TIVE’s strong correlation with

Methods Principled Values Benchmarks
V Inf
i V Uni

i V Rep
i MME ↑ MMMU(val) ↑ SciQA ↑ Rel.

1 Full Data - - - 1744.8 32.8 70.0 100.0%
2 Random % % % 1675.0 32.2 70.0 95.3%
3 +V Inf

i ! % % 1759.3 34.9 70.2 98.0%
4 +V Uni

i % ! % 1716.2 33.5 69.8 97.3%
5 +V Rep

i % % ! 1771.4 33.8 68.5 97.5%
6 DataTailor ! ! ! 1823.7 33.9 70.9 100.1%
7 w/o adaptive collaboration ! ! ! 1770.2 34.0 70.2 98.8%
8 w/o adaptive proportion ! ! ! 1753.4 33.3 70.1 97.7%
9 w/o adaptive collaboration & proportion ! ! ! 1730.0 32.4 69.3 97.2%

Table 3. Ablation study of each module in DataDailor. All exper-
iments are with 7.5 % selection proportion on LLaVA-mix-665k
and Rel. denotes the average boost on all 13 benchmarks.

training gradients of the specific model. (b) The stable per-
formance transition (nearly 1%) indicates that DataTailor
emphasizes the inherent value of samples rather than rely-
ing on the model features as in previous feature-based base-
lines, which highlights its transferability for data selection.

4.4. In-depth Analysis
Analysis of Instruction Selection Factors. To investigate
our DataTailor deeply, we study the ablation variants of dif-
ferent factors in Table 3. Specifically, we analyze their inde-
pendence using the following ablation strategy: 1) +V Inf

i :
we only use the informative value. 2) +V Uni

i : we only in-
clude the unique value. 3) +V Rep

i : we only consider the
representative value. 4) w/o adaptive collaboration & pro-
portion: we gradually remove adaptive weights for collabo-
ration and adaptive proportions for selection. Note that we
adopt adaptive proportion in all Row 2-5 for fair compari-
son. The results of Row 3 indicate that informative value is
the most crucial principle. Also, Row 4 and 5 suggest the
importance of unique and representative values, as unique
values support MLLMs’ discriminative capabilities, while
representative values enhance their generative capabilities.
Furthermore, decreasing performance in rows 7-9 suggests
that the adaptively collaborative strategy effectively ensures
diversity between tasks in multi-modal data selection.
Instantiation of Three Principles. To explore DataTai-
lor addressing three principles for data selection, we clarify
three principles based on the following insights: (a) infor-
mativeness is crucial for generalization when initializing
MLLMs; (b) uniqueness is guaranteed to promote MLLMs
after partial training by novel contributions; (c) represen-
tativeness improves relevant samples’ performance during
training. Specifically, we instantiate three settings to eval-
uate each of them essentially: (a) the improvement with
1% data added to initial MLLMs reflects informativeness;
(b) the improvement with extra 1% data added to MLLMs
based on 15% random data training reflects uniqueness; (c)
the average reduced loss of relevant samples with 1% data
added reflects representativeness. We normalize each met-
ric and compare it to three types of baselines in Fig. 1(b).
The selected data from baselines show limitations in at least
one principle. In contrast, DataTailor effectively selects
valuable data for all three aspects of MLLM. Please refer
to Appendix D.1 for more details of instantiation analysis.
Robustness Analysis of DataTailor. (a) Model scale ro-
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Methods MMMU(val) LLaVA-Wild SciQA GQA Rel.
LLaVA-v1.5-13B

Full Data (100%) 35.2 69.5 72.6 63.3 100.0%
Random (15%) 33.0 67.3 71.8 60.7 96.3%
DataTailor (15%) 36.4 75.0 73.9 61.2 102.4%

Table 4. Model scale robustness analysis of DataTailor.

Methods Redundancy Perturbation Noise Perturbation
POPE SciQA GQA POPE SciQA GQA

LLaVA-v1.5-7B
Full Data (100%) 84.7 68.2 56.1 83.0 65.3 51.2
Random (5%) 82.1 64.0 40.7 81.5 63.9 43.2
TIVE (5%) 81.1 54.1 42.5 80.9 62.4 45.4
DataTailor (5%) 81.4 65.9 46.9 84.2 63.7 48.5

Table 5. Dataset robustness analysis of DataTailor with redun-
dancy perturbation and noise perturbation.

bustness. In Table 4, we verify the robustness of DataTailor
with larger model scales. When keeping the same archi-
tecture and using LLaVA-v1.5-13B with higher parameters,
our method demonstrates enhanced performance with larger
scale MLLMs, especially +5.5 points on the LLaVA-Wild
benchmark. This shows the stability of DataTailor at model
scales. (b) Dataset robustness. In Table 5, we explore
the dataset robustness of DataTailor with two challenging
perturbations of candidate datasets: redundancy pertur-
bation and noise perturbation. Specifically, we construct
these perturbations with 50k redundant data and 50k noisy
data by resampling and wrong answer combination. Note
that we also sample 50k normal data from LLaVA-665k for
balance. With redundancy and noise perturbations, we no-
tice that DataTailor consistently demonstrates superior per-
formance with limited data, whereas TIVE experiences a
significant performance drop (65.9 v.s. 54.1 of SciQA on
redundancy disturbance and 48.5 v.s. 45.4 of GQA on noise
disturbance). It indicates DataTailor can bring out more
distinctive and representative samples to identify the truly
valuable samples from the redundant and noisy data for bet-
ter robustness, which is crucial for discrimination tasks.
Influence of Selection Proportion k% in DataTailor. As
shown in Figure 5 (a), when the selected data volume is rel-
atively small, the model’s performance improves as the data
scale increases. However, due to the limited valuable data,
further increasing the data volume introduces redundancy
and noise, which degrades data-sensitive visual recognition
performance (i.e. MM-Vet). This reveals the necessity of se-
lecting data to ensure efficiency and maintain performance.
Moreover, DataTailor quickly obtains over 100% overall
performance (100.1% with only 7.5% data) while TIVE ex-
hibits only limited performance while growing slowly, as
shown in Figure 5 (b). It indicates that DataTailor considers
the uniqueness of the selected samples to avoid repetition
and achieve continuous improvement.
Computation Cost Analysis. Since the overhead of data
selection is crucial for effective pruning methods, we an-
alyze the computational cost of DataTailor when selecting
7.5% data. We find that TIVE even exceeds the original
training cost, which has certain limitations. In contrast,

Warmup Data Selection (7.5%) Training
Complexity Actual Complexity Actual Complexity Actual

Full Model - - - - O(|D| · |S|) 100 H
TIVE [35] O(|D| · |Swarmup|) 8 H O(|D| · |S|) 100 H O(|D| · |S∗|) 7.5 H
DataTailor (Ours) - - O(|S|) 15 H O(|D| · |S∗|) 7.5 H

Table 6. Asymptotic complexity and wall-clock runtime (mea-
sured with 4*3090 for LLaVA-v1.5-7B experiments on LLaVA-
mix-665k dataset). |D| is the complexity of gradient computation.
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Figure 5. Ablation study of selection ratio k% in DataTailor.

(a) TIVE (b) DataTailor

Selected Data

Total Data

Selected Data

Total Data

Figure 6. Visualization using t-SNE on feature space.

DataTailor saves nearly 80% of the overall time while out-
performing the full model’s performance. This confirms the
efficiency of data selection with DataTailor for MLLMs.
Distribution of Selected Data. To give an intuitive per-
spective on the selected data, we employ t-SNE [46] on
the feature space of data chosen by DataTailor in Fig. 6.
Notably, DataTailor selects informative samples without re-
dundancy or deviation, while TIVE, despite high informa-
tiveness, focuses solely on gradient similarity, leading to re-
dundancy and outlier noise. This visualization confirms the
effectiveness of our method adhering to three principles.

5. Conclusion and Future Work
In this paper, we reveal the drawbacks of existing data se-
lection methods and identify three systematic principles of
informativeness, uniqueness, and representativeness as fun-
damental to optimizing multi-modal data selection. Build-
ing on this, we propose a unified framework, DataTailor, to
synergistically integrate these principles for value evalua-
tion and adaptively address the varying structure and com-
plexity of samples across diverse tasks, thereby mastering
collaborative multi-modal data selection. Comprehensive
experiments on the challenging MLLM and general VQA
benchmarks show that DataTailor significantly improves the
performance of MLLM data selection. In the future, we
aim to extend DataTailor to more challenging interleaved
datasets with extra modalities such as video and audio.
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