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Attention alre ady knOWS Wh at matters Self-distilled ViTs localise objects in their own attention — static PEFT never reads it

Re ad the attention, QHCOde it Once’ g ate every layer A shared attention encoder, layer-specific readouts and a gated bottleneck residual — the backbone stays frozen
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DAGA (Ours) Baseline DAGA (Ours) Baseline DAGA (Ours) Baseline Fig. 3 — DAGA architecture (paper Fig. 4, panels a—b; panel c is the residual above).
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WHAT IS LEARNED A - encode once B - read out C - gate the residual
Per image, per gated block: one shared final-block attention — one 64-channel channel gate (128-d) + 14x14 map, per  zero-init bottleneck = exact i1dentity at
| Hﬁf encoder, four read-outs — never a per-dataset €"coding, cached layer step 0
'X'{J:E“ R r I/ll e. | | |
L gl —— = 1.20 M learned - 86 M frozen - four gated layers. Read it as two steps. The frozen backbone’s final-block attention is encoded once by a shared CNN; four layer heads turn it
= EE g 3 into the channel gate G, and the 14 x 14 map S, and a zero-init bottleneck applies the gated residual.
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DAGA (Ours)
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Backbone DINOv3 ViT-B/16, frozen (86 M) Adapter 1.20 M (1.4 %), r= 107, one gate per gated block Placementblocks {1, 2, 10, 11} Protocol per-method LR sweep, n = 3 seeds

Fig. 2 — Follow the query (paper Fig. 2): patch features vs a frozen CLIP text embedding of the object name; each pair, left = DAGA, right = frozen baseline.

Wh at the g ates buy DINOv3 ViT-B/16 frozen (86 M), 224 px - every row re-run by us under one protocol with a per-method LR sweep - n = 3 seeds on IN-1K and dense

What the gate learns

Learned spatial scale 3 per task family

Honest scope
Where the method does not apply

Dense & fine-grained
Same 1.20 M adapter - default placement, ADE20K matched

ImageNet-1K classification
Top-1, frozen ViT-B/16 - n = 3 seeds except * - bars span 78-86

Metric

Result

A vs its baseline

bt Train. Top-1 78-36 Task ImageNet ®0.12 Scope. Self-distilled ViTs only — on MAE, CLIP, DeiT, MoCo v3 the gain is < +0.2 without
Linear probe’ 0.1 M 80.90 ADE20K mloU 50.50 + 0.27 29 CEAR-100 - O efinement.
VPT-Deep 0.6 M 83.05 COCO AP 35.62+0.18 +2.1 Flowers 00.11 Classification | o
LoRA 0.3 M 83.45 CUB-200 top-1 89.46 +1.57 Depth. 3 =0.08, RMSE 0.432 vs Layer-FT 0.414 — semantic attention 1s a poor proxy for
AdaptFormer 12M 84.38 FGVC-Aircraft top-1 85.75 345 dli;tf L 10'0'13 geometry.

00d- :
Egg:ri_rll:e;l,nll:;i 8;? ﬁ 2228 I;(S)(}[{inde{oﬁl ed EIXIIS,E ’ 05463; o.+oOo§ ROxford 0.08 Published dense-PEFT still wins some cells: LoRand 51.9 mloU, DeAP 0.425 RMSE at 43 K
ViT-Adapter 1.5M 85.07 ImageNet-C mean acc 65.3 +0.7 RParis 0.08 parameters.
NOAH* 0.4 M 85.53 Over the frozen probe the adapter adds +12.1 mIoU / +3.1 AP; A is vs the best static PEFT, except COCO Det ®0.31 Not free. Two passes (34.1 GFLOPs, 0.55% throughput); the guidance pre-forward is un-
Adapter+ 1.0M 85.54 ImageNet-C vs frozen and ROxford-Med vs Layer-FT 86.0. Baselines: COCO vs AdaptFormer ADE20K ©0.45 mergeable.
Layer-FT - top 3 213 M 85.84 33.5, CUB/Aircraft vs ViT-Adapter, NYU 0.437. NYU Depth ©0.08 Dense
DAGA 1.20 M 85.90 e— 0.0 0.1 0.2 0.3 0.4 0.5 @ Seed noise. n = 3: £0.06 on IN-1K (£0.07 for Layer-FT) — a within-noise parity claim.

Learned spatial scale 3
Task family sets B: 0.08-0.13 global, 0.31-0.45 consumed-map, depth 0.08.

Parity with Layer-FT in seed noise (+0.06 vs £0.07) at 18% fewer parameters; +0.6 over the best-
tuned ViT-Adapter (85.3, matched sweep). * single seed.
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34. 1 GFLOPs 1 .20 M trainable
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Refine first, then adapt. CLIPSelf on CLIP — +2.7 / +5.3; self-distillation on MAE — +2.3 / +3.6.

m Where the gates aCtually move attentiOn Each trio, left to right: original - frozen baseline - DAGA

Detection - COCO
Original + GT

Segmentation - ADE20K

Frozen baseline

Classification - low resolution & fine-grained
DAGA
I

Original Frozen baseline Orlglnal

Frozen baseline Original Original

Alarm clock - off-road SUV. DAGA concentrates on the object itself, not the background. Urban street - bicycle parking. Sharper, better-localised boxes from the same frozen backbone — +3.1 AP over the frozen probe.
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The backbone already knows where to look. DAGA lets its own attention steer the adapter.

1.4% trainable - Layer-FT parity - largest gains where self-distillation makes attention object-centric — and we state where i1t does not work.




