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v For reducing vision redundancy within the vision language
connector, we adopt Token Merging, initially designed to

Our Solutions: Token Merging Transformer (TomeFormer) in EVLGen-image and EVLGen-video
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Transformer Encoder —> Transformer Decoder
g] rioto i t 1 e EVLGen-image employs a streamlined, single-stage training mechanism with a unified loss.
e Visual tokens (in grey) are progressively aggregated based on their inherent similarities [4] at each layer of the TomeFormer EVLGen-video: For more spatial redundancy, temporal contextualize can
TIf 17 architecture. pool multiple frames, then add back to each original frame.
T°"e"E;be"‘““g e The final set of merged tokens (in orange) serves as semantically rich but computationally efficient soft prompts, guiding the
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SimVLM [1]: Training from scratch with 500 TPUs, 1.8B
Image-text pairs.

LLM to generate a corresponding caption for the input image.

Visualization of Merged Tokens in TomeFormer
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Experimental Results

M # pre-train  # trainable  # stage-1  # stage-2 VQAV2 GQA OK-VQA COCO Clock
odels . )
o NELI -, image-text  params steps steps val test-dev test val time
“T“° dngs e f"f'd [f] VL-T5 9.2M 224M . - 13.5 6.3 5.8 . -
| Multimodal FewVLM 9.2M 740M - - 47.7 29.3 16.5 - -
cross P Text Decoder Frozen 3M 40M - - 29.6 - 59 - -
VLKD 3M 406M - - 42.6 - 13.3 - -
attentional pooling cls-token BLIP-2 104MT 110M +1 _ R0k/25 ok* X X X X X
Image Unimodal @ BLIP-2 104M 110M+ 250k 80k 44.6 30.6 26.0 137.7 234 hrs
Encoder Text Decoder ';3 EVLgen 104M 55M - 90k 45.9 30.6 25.8 134.0 47 hrs
! {1 Y N Y N N EVLGe,  11M! 110M - 150k 46.3 30.0 23.0 135.1 80 hrs
AUOOROS00000 & setgsmmgh & 5 G5 EVLGen 104M 110M - 150k 46.9 30.8 24.8 137.0 80 hrs
EVLgen 104M 110M - 250k 48.4 30.9 27.2 139.1 133 hrs

“two dogs running in a field” } pairs

4

text

CoCa [2]: Training from scratch with 2048 TPUs, billion-
scale data, 5 days.

[

BLIP-2 [3]: Leveraging the pre-trained ViT and LLM, but still
requires 10 days on 8x A100.

Training cost is the challenge!
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Comparison of methods on zero-shot VQA and MSCOCO captioning (CIDEr) tasks without additional fine-
tuning. Both BLIP-2 and EVLGen use OPT-2.7b as the LLM decoder. x : BLIP-2 without extensive stage-1 pre-

training will collapse.

Comparison of different models’
performance on zero-shot
NoCaps and Flickr30K Captioning.

Comparison of different models’
performance on MSR-VTT video
captioning.
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Trade-off between MSCOCO
captioning scores (depicted in red)
and GPU training time (depicted in
blue) as a function of the number of
tokens merged (r) in TomeFormer.



