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Motivation: VLMs fail in capture fine-grained details
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Motivation: MLLMSs fail in understanding fine-grained images
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Why VLMs cannot see tiny items/tfeatures?

* The caption Is too short to describe detalls in the image.
* The VIT do not have fine-grained perception ability.



Method: VITRIX-CLIPIN
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Method: VITR

Stage 1: Text Encoder Distillation

Long Caption:

A serene beach scene unfolds with a stack
of smooth, polished stones meticulously
balanced on top of each other, symbaolizing
balance and tranquility. The stones, varying
in size and color, create a harmonious and
meditative focal point. The pebbly shore is

scattered with an array of multicolored
stones, adding texture and depth to the
foreground. In the background, the calm
sea stretches out to meet the horizon,
where the sun is setting, casting a warm,
golden glow across the sky and reflecting
on the water's surface.
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Performance-General CLIP Benchmark

Table 1: Evaluation of zero-shot performance on various image benchmarks.

CLS Short Caption Retrieval Long Caption Retrieval
Method Backbone | Res | IN-1K Flickr COCO ShareGPT4V DCI

Top-1 | Avg I-T T—I I-T T—I|Avg I-T T—=I I-T T-—I
OpenAICLIP [30] | ViT-L/14 | 224 | 755 |[60.7 852 649 563 365|643 842 837 453 440
Ours ViT-L/14 224 | 763 (729 929 794 68.9 505 768 923 919 61.7 62.0
OpenAICLIP [30] | ViT-L/14 | 336 | 76.6 |[625 874 673 580 37.1 (610 865 836 372 364
EVA-CLIP [37] ViT-L/14 | 336 | 80.4 |69.8 89.2 779 642 479 69.0 915 894 472 478
Long-CLIP [55] ViT-L/14 | 336 | 73.5 |68.8 90.0 762 628 463 720 958 956 442 525
FineCLIP [15] ViT-L/14 | 336 | 60.8 - - - - - |60.6 734 827 40.1 46.2
FG-CLIP [50] ViT-L/14 | 336 | 76.1 |73.8 93.7 815 68.9 509 818 974 968 66.7 66.1
Ours ViT-L/14 336 | 77.0 | 73.1 938 793 68.2 51.1 764 935 916 584 619
DEN-H [8] ViT-H/14 ‘224 834 | 748 928 80.1 723 539 |79.8 925 903 68.7 675
Ours ViT-H/14 224 | 834 756 93.0 808 73.6 548 |81.5 938 924 70.5 69.1
DEN-H [8] ViT-H/14 ‘378 84.4 (759 940 820 719 556 823 939 925 716 710
Ours ViT-H/14 | 378 | 84.1 ‘ 768 94.6 822 74.0 564 835 954 939 727 719
SigLIP2 [40] VIT-S0/14 ‘ 224 | 83.2 ‘ 764 946 843 71.5 551 620 764 762 454 50.0
Ours VIiT-SO/14 224 | 834 | 788 949 851 762 589 (673 815 80.7 525 544
SigLIP2 [40] VIT-S0O/16 ‘ 384 | 84.1 |77.1 959 853 712 560 |59.1 70.7 728 434 496
Ours VIiT-SO/16 384 | 83.7 ‘ 796 964 856 76.5 598 (640 77.7 764 500 51.7




Performance-MMVP-VILM

Table 2: Performance of CLIP based models on various visual patterns of MM VP-VLM benchmark.
Symbols for visual ’Eattems as ([39]) are inherited: @: Orientation and Direction, Q.: Presence of
Specific Features, g&: State and Condition, 1s: Quantity and Count, , ®. positional and Relational
Context, @: Color and Appearance, &% Structural and Physical Characteristics, A: Texts, &3
Viewpoint and Perspective.

Method | Backbone | Res ‘ O Q £ 15 ¢ @ & A ”m ‘ Avg
OpenAlI CLIP [30] | ViT-L/14 | 224 | 6.7 13.3 200 200 133 533 200 6.7 133|185
Ours ViT-L/14 | 224 | 6.7 33.3 533 200 133 60.0 33.3 26.7 26.7 | 304
OpenAlI CLIP [30] | ViT-L/14 | 336 | 0.0 20.0 400 20.0 6.7 200 333 6.7 40.0]200
DIVA [44] ViT-L/14 | 336 | 26.7 20.0 33.3 13.3 133 46.7 26.7 6.7 40.0]252
Ours ViT-L/14 | 336 | 13.3 13.3 46.7 13.3 13.3 53.3 333 20.0 283 26.1

DFN [8] ViT-H/14 | 224 | 20.0 26.7 733 26.7 26.7 66.7 46.7 20.0 53.3|399
Ours ViT-H/14 | 224 | 20.0 26.7 73.3 26.7 33.3 66.7 46.7 26.7 53.3 |41.5

DFN [8] ViT-H/14 | 378 | 13.3 20.0 53.3 333 26.7 66.7 40.0 20.0 40.0]|34.8
Ours ViT-H/14 | 378 | 13.3 20.0 60.0 33.3 26.7 66.7 40.0 20.0 46.7 | 363

SigLIP2 [40] ViT-SO/14 | 224 | 13.3 20.0 60.0 26.7 6.7 80.0 53.3 20.0 40.0 | 35.6
Ours ViT-SO/14 | 224 | 133 133 60.0 26.7 20.0 80.0 46.7 13.3 53.3 | 36.3
SigLIP2 [40] ViT-SO/16 | 384 | 13.3 20.0 46.7 40.0 20.0 73.3 533 6.7 46.7|356
Ours ViT-SO/16 | 384 | 13.3 20.0 60.0 33.3 26.7 66.7 40.0 20.0 46.7 | 36.3




Performance-Compositional Reasoning

Table 3: Evaluation on compositional reasoning benchmarks.

Method | Backbone | Res | ARO | MMVP | Winoground | SugarCrepe | SPEC

| | |Avg relation al‘l:ribute| |Avg text image gmupl |A1rg T->1 I->T
OpenAICLIP [30] | VIT-L/14 |[224 589 59.3 58.5 18.5 | 159 283 105 8.8 75.6 | 32.3 332 313
Ours ViT-L/14 | 224|644 64.3 64.4 304 17.1 28,0 13.8 95 77.5 36.3 37.6 35.0
OpenAI CLIP [30] | ViT-L/14 |336 |61.0 60.1 61.9 20.0 | 154 283 105 175 74.8 | 32.1 32.8 31.1
Ours ViT-L/14 | 336 |60.7 58.1 63.2 26.1 18.1 33.0 118 9.5 77.2 35.2 351 35.2
SigLIP2 [40] ViT-S0/14 | 224 149.7  49.0 50.4 356 | 69 90 93 2.5 49.5 | 273 274 272
Ours ViT-SO/14 | 224 | 50.7 49.5 51.9 36.3 85 143 175 3.8 50.5 30.5 30.6 304
SigLIP2 [40] ViT-S0O/16 | 384 | 489 473 50.5 35.6 | 67 93 85 2.3 50.9 | 275 27.6 275
Ours ViT-S0/16 | 384 | 50.5 50.9 50.0 363 70 135 55 2.0 51.7 30.5 30.2 30.8




Performance-General MLLM Benchmark

Table 4. Performance gains achieved by our enhanced CLIP visual backbone for MLLM. All methods
use OpenAl ViT-L/14 at 336x336 resolution as pretrained backbone.

Method ViT LLM | MMVP POPE MME | MMBench |0 ua wild
rand pop adv en c¢cn

OpenAlI CLIP [30] 2477 | 873 86.1 84.2 | 1510.7 | 643 58.3 65.4
LLaVA-1.5 [19] DIVA [44] Vicuna-7B | 31.3 | 87.9 87.0 84.6 | 1500.6 | 66.4 60.6 66.3
Ours 28.0 | 885 87.2 85.2|1709.0 | 729 70.3 68.5
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