ColDO: Efficient Data Selection for Visual Instruction Tuning via
Coupled Importance-Diversity Optimization
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Data Pool Visual instruction tuning for LVLM

Fine-tune Large Vision- Large Vision- @ High computional cost
with full data > Language Model ) Language Model

@Hard to deployment

\ Pre-trained LVLM LVLM with Human

Image-text pairs Instruction Following Ability

Select
Use selected data for Visual Instruction tuning
Low computional cost
Fine-tune Large Vision- Large Vision-
with data subset . Language Model = Language Moderl © Perserve performance
\ Pre-trained LVLM LVLM with Human

Unselected pairs Instruction Following Ability
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Previous state-of-the-art method:

Training Stage: Train the MLLM to evaluate the importance Selection Stage: Select data with diversity adjustment

Optimize Importance

/ ¢ 8 ) Importance Optimize DiV@V‘Sl'ty‘.._,)
MLLM Selection |~ ) Selected
...... algorithm - Data

Training

Selecting N2,
@Full Data Full Data
Our framework:
Training Stage: Train a ColDO Scorer with % random data Selection Stage: Select data via ColDO Scorer
Cobo LT Coupled Optimization \
> >eorer e I t « Gt : ColDO Selected
 ® . ! (%)
...... ) : ‘ mpor L —}:- _\!-,:—b p g : Scorer Data
MUM N ’ Scoring &
% data Full Data Selecting
Co-training

Data Importance: Whether data sample is valuable and informative (e.g., detailed caption, high resolution)

Data Diversity: Whether subset is diverse (including various tasks and domains)



Method (framework)
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Importance Loss

For per sample:

Higher CE loss — More challenging
—|More Important
\

Lr= Z;m:l Z:;l Wik |CE(Yik, Yir),
/

Lower — Higher

Diversity Loss
For per batch:

Lp = Var({w1,ws,...,Wn}),
_ 1 T
w; = TL—Z Zk:l Wik ,

Balanced weight distribution
across clusters



Method (loss function)
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Maximum Likelihood Estimation by homoscedastic uncertainty

logp(y,w | 8,0r,0p) =Y logp(yun | zix.0,01) + Y logp(w; | .0p).

?

For importance objective:
w.

ik
pP(Wir | ik, 0,07, w;,) = Softmax ?fg(a:ik) :
i
we use Taylor expansion:
1
—Z. log p(yix | zik,0,01) = — L1 +logoy.
i,k o

For diversity objective:

p(@ilf,0p) = N (@i; p, o).
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Coupled Optimization:
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- 2 ——Lp +logor +logop.
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MLLM Training Data Cost: the proportion of data used to train the selection model relative to model fine-tuning.

Table 1: Overall performance and efficiency comparison of selection approaches across various
multimodal evaluation benchmarks, with the best measures in bold and the second-best underlined.

Method VQAv2 GQA VizWiz SQA-I TextVQA POPE MME MMBench LLaVA- Rel. (%) MLLM Training  Total
en cn Bench Data Cost (%) FLOPs
Full Data 79.1 63.0 47.8 68.4 58.2 86.4 1476.9 66.1 589 67.9 100 ~ 10.2E
Model-free Methods
RANDOM 75.9 59.3 43.6 68.6 55.3 85.9 1461.0 603 533 64.5 95.1 %, ~
CLIP-SCORE [29] 73.4 51.4 43.0 65.0 54.7 85.3 1331.6 552 520 66.2 91.2 % %
EL2N [32] 76.2 58.7 43.7 65.5 53.0 84.3 14395 532 474 64.9 92.0 " ~
PERPLEXITY |33 75.8 30 47.8 65.1 52.8 82.6 13414 52.0 458 68.3 91.6 % e
SEMDEDUP |30] 74.2 54.5 46.9 65.8 355 84.7 1376.9 522 485 70.0 92.6 B e
D2-PRUNING [31] 73.0 58.4 41.9 69.3 51.8 85.7 13912 65.7 57.6 63.9 94.8 %, ~
SELE-SUP [30] 74.9 59.5 46.0 67.8 49.3 83.5 13359 614 53.8 63.3 934 ~ %,
Model-involved Methods
SELF-FILTER [20! 73.7 58.3 53.2 61.4 52.9 83.8 1306.2 488 453 64.9 90.9 100 31.2E
TIVE* ¢ [17] 76.0 58.4 44.6 69.8 53.3 85.7 14484 66.9 58.7 63.4 96.7 100+8 11.7E
ICONS* ¢ [19] 77.0 60.4 45.5 70.4 54.5 86.1 14477 64.6 54.0 66.9 97.1 100+5+2.2 12.6E
COINCIDE [21] 76.5 59.8 46.8 69.2 55.6 86.1 14956 63.1 545 67.3 97.4 100 4.9E
CoIDO (Ours) 772 60.4 47.1 69.4 55.6 85.4 1450.2 63.8 56.7 70.1 98.2 20 4.2E

COIDO outperforms all competitors in terms of both efficiency (lowest training FLOPs) and aggregated accuracy



Experiments (ablation and parameter study)
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Table 2: Ablations of optimization methods (the best in bold and the second-best underlined).

Loss Function VQAv2 GQA Vizwiz SQA-I TextVQA POPE MME MMBench(en) MMBench(cn) LLAVA-B Rel. (%)
Ey 77.9 48.9 44.6 59.7 52.5 86.2 1393.5 51.1 44.9 64.9 89.0
Lr+Lp 74.5 55.8 46.4 67.3 52.6 83.5 1339.7 57.0 50.9 62.3 92.0
AL+ (1= MN)Lp 76.1 59.4 46.8 68.7 54.4 85.2 1465.6 60.5 54.0 64.6 95.9
Ours 172 60.4 471 69.4 55.6 85.4 1450.2 63.8 56.7 70.1 98.2
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Figure 3: Ablations of different
CoIDO Scorer architectures.

Figure 4: Comparison of differ-

ent training data ratios p%.

Figure 5: Performance vs. selec-
tion ratios .
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Table 3: Performance of CoIDO on the Vision-Flan dataset (20% data selection). ¥ ColDO scorer
trained on LLaVA-665K and applied to Vision-Flan (out-of-domain transfer).
Model / Setting VQAv2 GQA VizWiz SQA POPE TextVQA MME MMBench(en) MMBench(cn) LLaVA-B Rel. (%)

Full Fine-tune 745 471 528 618 464 85.7 1480.6 40.2 46.2 38.2 100.0
Random 74.6 443 500 598 409 81.3 1407.1 49.2 48.3 33.6 97.8
ColDO 757 451 535 623 453 82.8 1452.9 52.0 46.8 37.6 102.1
CoIDO! 757 468 533 662  42.1 85.5 1486.1 51.4 47.3 40.8 103.7

Generalizability: the ability of the proposed data selection frame work to be directly applied to other models or datasets.

Transferability: whether a ColDO scorer trained on one domain can be reused to select informative data in another,
out-of-domain corpus.
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