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TL;DR Representation Biases in VFM Experiments
Different VFMs excel at different tasks — what if . DINOv2 SAK (Ours) SAK (0.83,1L11)
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during distillation, optimizing their power for S o
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superior performance across all domains
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eliminating the teacher biases and strengths,
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Model Semseg Parsing Saliency Normal Boundary — T e = Percentage of downstream data
mloU* mloU* maxF?1 mErr] odsF?T _ _ : _ : _
Oracle of teachers | 81.18 (DINOv2) 74.38 (DINOv2)  81.48 (CLIP) 16.21 (SAM) 75.89 (SAM) | | | | | | Model — up Semseg  Depth  Normal Boundary Ao
Student w/o biases | 80.18 (| 1.23%) 69.13 (| 7.06%) 82.72 (1 1.52%) 16.00 (+ 1.30%) 71.16(] 6.23%) ode ackbone am - loUt  RMSE]  mErr) odsF?1 o
Single-task baseline ViT-L 1259M  54.19 0.5560 19.22 78.09 0.00
: Multi-task baseline VIiT-L 346M 52.42 0.5413 19.29 76.50 -0.76
| "7 7 InvPT (Ye & Xu,2022) ~ |~ VIT-L ~ ~ 402M 5356 0.5183  19.04 7810 164
i i f - AR a InvPT++ (Ye & Xu, 2024) VITL  ~402M 5385  0.5096  18.67 78.10 2.65
VEM TaskPrompter (Ye & Xu, 2023b) ViT-L 392M 55.30 0.5152 18.47 78.20 3.36
Can We preserve the represen ta tlon blases O - : <: % Teacher 2 . ’ TaskExpert (Ye & Xu, 2023a) ViT-L 400M+ 55.35 0.5157 18.54 78.40 3.33
" . Y z 2 L. % o BFCI (Zhang et al., 2023b) VIT.L  400M+ 5551 04930  18.47 78.22 4.46
mUItlpIe VFMS durlng dlStllla tlon to malelze ; EB Addition L Distillation 3D-aware (Li et al., 2024a) ViT-L 409M 54.87 0.5006 18.55 78.30 3.74
. 5 | | Loss - . . TSP (Wang et al., 2024b) ViT-L 402M 5539 04961  18.44 77.50 4.07
multi-task performance: : | s VFM @ " __ MLORE (Yangetal, 2024d) | VITL __55M _ 5596 _ 05076 _ 1833 7843 426
| — Multi-level < > RADIO (Ranzinger et al., 2024b) ViT-L 362M 59.32 04698  17.46 79.41 8.95
. —> Representation . | TeacherN SAK (Ours) VILL  394M 6318 04313 1625 7943 14.05
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