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Data Selection Matters: Towards Robust Instruction Tuning of Large Multimodal Models

Ø  Visual instruction selection aligns LMMs with human intent efficiently.

Ø  However, existing methods inherit dataset biases (e.g., position bias, 

spurious correlations), causing biased model behaviors.

Ø  These biases lead to drops in robustness under simple perturbations 

(e.g., shuffling option order, changing option symbols). 

Ø  Text-only catastrophic forgetting exacerbates this vulnerability.

Ø ARDS: A gradient-free, robustness-aware data selection framework for 

enhancing the robustness and data efficiency of visual instruction tuning.

Ø Conversation Vector: Represents multi-turn samples using attention-

score weighted aggregation. 

Ø Worst-case Evaluation Subgroups: Built via clustering and task-

specific perturbations to identify high-quality training samples.

Ø Robust Training Mixture: Curated with a small model, showing strong 

cross-model transferability and improving robustness for a larger model. 
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Table 1. Information Proxy indicates the representation used to compute the information measure. 
Objective means the selection goal emphasized when ranking samples. Task-Aware Selection 
denotes methods explicitly target a specific task. Downstream-Data-free marks no downstream-
task samples are required.

Table 2. Transferability across large multimodal architectures and training settings.

Table 1. Zero-shot robust accuracies (%, ↑) against spurious correlation and position bias.

▲ Generalization to More Challenging OOD Tasks

▲ Strong Cross-Model Generalization Across Visual Instruction Tuning and Post-training Settings

▲ Achieve Largest Robustness Gains with Curated Robust Training Mixture

Table 4. Results comparing conversation vector variants.

Table 5. Results comparing different components for worst-case evaluation subgroups.

▲ Generalization to More Challenging OOD Tasks

Figure 2. Robust accuracy across data scales

Table 3. Results on visual mathematical reasoning benchmarks.
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▼ Ablation Study 

Figure 1. ARDS Pipeline. (1) Extract token embeddings for multi-turn conversations and aggregate key information using attention 
scores. (2) Perform hierarchical clustering in the embedding space and apply perturbations to identify samples most vulnerable to 
biased behaviors. (3) Measure distance to worst-case subgroups and select top-ranked samples to build the robust training mixture.
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