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HIGHLIGHTS ENCODING IMAGES AS GENERAL REGION PROPOSALS EXPERIMENTS
e Handling a broad range of vision / vision-language tasks without finetuning What image representation is suitable for both localization and non-localization tasks? Comparison of Uni-Perceiver v2 with existing generalist models
o First generalist model that Supports both localization and non-localization tasks with Competitive performance ® Non—Overlapping patCheS with fixed sizes is not flexible en()ugh for modeling objects of var ymg sizes and Shapes Image Object Instance Image Text Image
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© AChieving Competitive performanCe Compared with Commonly_reCognized task_speCifiC Strong baselines e A sequence of regional proposals is extracted from the image, and Complemented with global repr esentations Acc mAP mAP B@4 CIDEr R@l R@1 R@1 R@1
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\- / . e The regional representations are encoded from the Comparison of Uni-Perceiver v2 with generalist models and commonly-recognized strong task-specific models
. . . . . :‘ qsem qbox /E i g . .
/ Foundation _l:_izﬁi: (eecﬁ:lc I;li(:IrthnuC:i,n E;EIT-3, CoCa) \ / Our Gengelfgll\'/lrgjlfkdg; Lc—:t?;cnelver v2 \ N 11 ---------------- : i Zzgagéﬁéfa?izgg‘f;g;g?; segmentation mask of Task Specific Fine-tuned Models Wl Uni-Perceiver v2 " Previous SoTA Generalist models
Image - O p— — i Image COCO Instance COCO COCO COCO Flickr30k Flickr30k
Image = E4s — Das — Classification |Mmage — et ~ Image-Text 'mag.e C|ass'f'°a.t'°“ — C i qi?rop()sal — qj{em + B(q}’ox) + ./\/l(q;.naSk) Classification Detection Segmentation Image Caption Text Retrieval Image Retrieval Text Retrieval Image Retrieval
Text —b ElTet > Retrieval mage —»  E ~ Object Detection —’ . . i 977 87.3 £19 €24 cqc 270 oF 2 34.9
Image — Ecllet —> Ddet — Dotbjet(.:t Dgeneral — Instance Segmentation l‘\_fl_li _________ fI_K: _______________ . /: . | | 53.6 | 35§ 36.5 S0 75.0 58.5 299 893 89.3 . 79.5 79.6 |
Sreenen | 7 o Image-Text Retrieval : '
mage — Beap N\ Image Text — & - Transformer-based region proposal network
I Instance Deap — Captioning Image Captioning
image — Egeg —> Dseg — Segmentation  lext _’ngap 4 :
TASK-BALANCED GRADIENT NORMALIZATION FOR MULTI-TASK LEARNING

wptotal = Niask X #Pg1 + Nipg X #Pyr + (#Pp + #Pp,  + #Pp  + y \ #Ptotal = #Pp1 + #Ppr + #Pp o /

Mixed Sampling Unmixed Sampling
Foundation models are costly to adapt to downstream tasks
 Enough data needs to be collected and labeled for training on each downstream task S N
3 =)
e Task modules (e.g., detection heads) need to be designed and trained S : S
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How to build a generalist model capable of handling different tasks without finetuning? 2! 3, Ablation of task collaboration and interference Ablation of different pre-trained image encoders
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Requiring flexible image representation, unified task formulation, and effective multi-task training training iteration training iteration _ COCO |ImageNet-1k COCO COCO Pretrained | Pretrained | COCO |ImageNet-1k| COCO | COCO
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e Stabilizing the multi-task joint training with unmixed sampling strategy



