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Visual Instruction Tuning for Aligning LMMs
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Question: what is written in 
the photo?

Answer: In the photo, there is 
written "Llava" which is 
presumably an abbreviation for a 
location or other identifier.

Question: Describe the 
image Answer: The image features a logo 

for "Computer Vision in the Wild," 
which is likely an educational or 
research program focused on 
computer vision and its 
applications in a wild setting. …

Supervised fine-tuning (SFT) the 
model with (Question, Answer) pairs

ØVisual instruction tuning refers to enable an LMM to understand and act upon visual instructions



Data Selection for Visual Instruction Tuning
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Definition & Goal of Data Selection

Large visual 
instruction tuning

set

Information 
Measure

Subset

1

1

2

3

Estimate the training data information 
importance based on quality or diversity

2 Select a subset of data according 
to the importance score

3 Train the model on the built subset

Eval Task

Lightweight

Efficiency

Comparable to or 
outperform full-data
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Training corpus 𝒟

p Error L2-Norm score: ∥ p(x) − y ∥!
p Prediction perplexity: exp(−𝔼[log p(x)])

Singe Score Metric

• 𝑝 · : reference model prediction
• y: ground truth

Methods
Information Proxy Objective

Score-based Feature-
based

Gradient-
based Quality Diversity

EL2N (Paul et al., 2021) ✓ - - ✓ -

Perplexity (Marion et al., 2023) ✓ - - ✓ -

SemDeDup (Abbas et al., 2023) - ✓ - - ✓

COINCIDE (Lee et al., 2024) - ✓ - - ✓

LESS (Xia et al., 2024) - - ✓ ✓ -

🔍

🔍 🔍
Easy to overlook the 
diversity of data!

Main Categories
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Training corpus 𝒟

1. Clustering the feature embedding
2. Reduce redundancy
• Remove semantically duplicated data 
• Prioritize selection from lower cluster density 

Clustering

Methods
Information Proxy Objective

Score-based Feature-
based

Gradient-
based Quality Diversity

EL2N (Paul et al., 2021) ✓ - - ✓ -

Perplexity (Marion et al., 2023) ✓ - - ✓ -

SemDeDup (Abbas et al., 2023) - ✓ - - ✓

COINCIDE (Lee et al., 2024) - ✓ - - ✓

LESS (Xia et al., 2024) - - ✓ ✓ -

Main Categories

Require a good feature 
representation space!

🔍

🔍
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Training corpus 𝒟"#

Influence Function

• 𝒛: training sample from 𝒟"#
• 𝒛$: sample from target task from 𝒟"%
• ‾𝜂&: learning rate at the i-th epoch
• N: number of epoch
• Γ̃: gradient calculated by Adam

Inf'()* 𝒛, 𝒛$ ≜ ∑&+,- ‾𝜂&cosine ∇ℓ 𝒛$; 𝜽& , Γ 𝒛, 𝜽&

Test corpus 𝒟"%

🔍

🔍

Methods
Information Proxy Objective

Score-based Feature-
based

Gradient-
based Quality Diversity

EL2N (Paul et al., 2021) ✓ - - ✓ -

Perplexity (Marion et al., 2023) ✓ - - ✓ -

SemDeDup (Abbas et al., 2023) - ✓ - - ✓

COINCIDE (Lee et al., 2024) - ✓ - - ✓

LESS (Xia et al., 2024) - - ✓ ✓ -

Main Categories

Computationally expensive!
Requirement of Downstream Data!



Dataset Biases
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Ø The results highlight a significant decline in accuracy under simple input perturbations, and text-only catastrophic forgetting further 
amplifies the vulnerability. 

Ø We hypothesis such vulnerabilities are often attributed to dataset biases that inadvertently encourage shortcut learning or spurious 
correlations.

This motivates us to 
explore alternative data 
selection objectives, 
aiming to design 
carefully curated 
training mixtures that 
go beyond efficiency, 
quality, and diversity.

Visual-Instruction-Tuned 
LMM

Q: Which type of force from the baby’s 
hand opens the cabinet door?
(A) pull (B) push

Q: Which type of force from the baby’s 
hand opens the cabinet door?
(W) push (Q) pull

permutation + 
symbol attack

Answer: The answer is A.

Answer: The answer is W.

(a) 

(b)

model biased behavior

(b) Robustness on a multimodal task (left) and on a pure-text task (right) under symbol and permutation attacks 

Visual-Instruction-Tuned 
LMM

Q: Which type of force from the baby’s 
hand opens the cabinet door?
(A) pull (B) push

Q: Which type of force from the baby’s 
hand opens the cabinet door?
(W) push (Q) pull

permutation + 
symbol attack

Answer: The answer is A.

Answer: The answer is W.

(a) 

(b)

model biased behavior

(a) Model biased behaviors



Data Selection for Robustness
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We want to propose a data selection method to:

ü Curate a robust training mixture

ü Gradient-free

ü Do not require a well-trained reference model

ü Do not require few-shot examples in downstream tasks



The Proposed ARDS
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Step1 Step2 Step3



The Proposed ARDS

!𝐇 = ∑!"#$%#𝐀$,! ⋅ 𝐇!
𝑟' = 𝐇$; !𝐇

• for	an	input	with	L	tokens
• 𝐇.: token embeddings 
• 𝐀: attention-score matrix

Conversation Vector Database

Ø Introduce the attention-score weighted mechanism to 

aggregate the conversation vector from the token-level 

embeddings based on their relevance
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Step1 Step2 Step3



𝒮( = top) 𝐱 ∈ 𝒞(: ℓ(𝐱) − ℓ 𝐱*

Worst-case Evaluation Subgroups

• 𝒞/: m-th subgroup
• ℓ: cross-entropy loss
• 𝐱$: corrupted conversation

The Proposed ARDS

Ø ClusterM subgroups over the built conversation vector database

Ø Inject task-aware perturbations designed to improve robustness 

against specific attacks (i.e., symbol attack, permutation attack)

Ø Retrieve top0 conversations with the largest loss difference

12

Step1 Step2 Step3



𝑑&𝒮! =
1
𝐵∑2∈𝒮!cos 𝑟"#& ; 𝑟𝒮!

2

ℐ 𝑥& =
∑/+,4 exp ℓ𝒮! ⋅ 𝑑&𝒮!
∑/$+,4 exp ℓ𝒮!$

Robust Training Mixture
Ø Quantify the importance of each training sample

Ø Weight each similarity by the subgroup’s difficulty using 

a SoftMax normalization

Ø Select training conversations with the highest scores to 

build the final robust training mixture

The Proposed ARDS

• cos: cosine similarity
• ℓ𝒮!: average loss
• ℐ: information score

13

Step1 Step2 Step3



Experiment Results

Ø With only 30% of the original data, our 
method ARDS  consistently holds the 
advantage to boost robustness 
comparing with baseline methods

Ø The robust training mixture created with 
a smaller model (LLaVA-1.5-7B) can be 
transferred effectively to a larger 
model (LLaVA-1.5-13B)

Zero-shot robust accuracies of LLaVA-1.5-7B  against  SA: symbol attacks;  PA: permutation attacks

Ø ARDS improves robustness against 
visual spurious correlation
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Cross-Architecture-Scale Transferability

Zero-shot robust accuracies of LLaVA-1.5-7B



Experiment Results
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Robust Accuracies (↑) across different sizes of training data

Ø Randomly removing training samples does not 

necessarily improve robustness

Ø Our method outperform baselines across data scales

Ø Why 30%? best trade-off between data efficiency and 

both clean and robust performance.



Analysis
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Ø Effectiveness of component to build 
the worst-case evaluation subgroups

• First row: randomly sample the same number of samples
• Second row: retrieve top-MB samples from the training dataset with the largest loss difference

Conversation Vector Variants

Ø Attention-weighted conversation vector 
consistently preserves more significant and 
useful semantics

Different Components for Worst-case Evaluation Subgroups

Transferability across large multimodal architectures

Ø The robust data mixture curated with Vicuna-
based LLaVA-1.5 (7B) transfers effectively to 
other architectures across visual instruction 
tuning and post-training settings.

Different Score Aggregation Strategies

Ø Incorporating subgroup difficulty helps select 
training samples that more effectively target 
model-biased behaviors.



Take Away

17

1. This paper introduces robustness as a new and important data selection objective for visual instruction tuning.

2. Our proposed ARDS is a simple yet effective gradient-free and robustness-aware data selection approach, curating a robust 

training mixture to enhance model robustness against underlying dataset biases. 
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