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Abstract

We infroduce DAMM, a detection tfransformer using multi-modal queries
(appearance, polygonal positional, learnable) and a dual-stream at-
tenfion decoder with adapftive per-layer fusion. A polygon-awdadre head
improves localization of irregular and small objects, increasing robust-
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ness to occlusion and motion blur. DAMM sets a new state of the art | Grounding. B
on Cityscapes with 38.5 AP (vs. 35.5 for Grounding DINO (8)) and also Dino [ Prompts | e
surpasses prior methods on UAVDT/UA-DETRAC with 32.5/32.8 AP (vs. L
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27.0/27.3 Grounding DINO; 28.3/28.8 OV-DEIR (7)).
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Intfroduction

Traffic and aerial imagery pose challenges for object detection: occlu-
sion, blur, irregular small objects, and limited spatial grounding. DAMM
addresses these via a dual-stream atffenftion decoder and mulfi-modal
queries (appearance from Grounding DINO, positional from SAM, learn-
able).

Contributions

o Multi-modal queries: fuse appearance (Grounding DINO), posi-
tional priors (SAM), and learnable tokens.
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Figure 1: DAMM architecture: multi-modal queries feed a dual-stream
decoder with adapftive fusion and polygon-awadre heads.

e Dual-stream cross-attention: separate semantic and spatial de-
coder streams.

Ablation: Query Types (Cityscapes, Table 6)

o Adaptive per-layer fusion:; learnable gating merges outputs per
layer.

Setting G-DINO (app.) SAM (pos.) RQ (learn.) AP

e Polygonal embeddings: improve localization of irregular and small RQ only v 34.1
objects G-DINO + RQ v v 36.8
Jects. SAM + RQ v v 37.2

All (G-DINO + SAM + RQ) v v v 38.5

Conclusion

Overview: DAMM extends deformable-DEIR (1, 8) with three query
sfreams: appearance (Grounding DINO (9)), polygonal-positional (SAM
(4)), and learnable random queries.

Pipeline (see Figure 1):

Design: Multi-mnodal queries + dual-stream fusion of appearance/position.
Effect: Polygon-aware heads improve localization for small/irregular and oc-

cluded objects.
Result: Consistent gains over strong baselines on Cityscapes, UAVDI, UA-DETRAC,

VisDrone.
Code: https://github.com/DET-LIP/DAMM

e Extract multi-scale encoder features.

e Build query banks {Q.pp, @pos, Qran }-

e Dual-stream decoder (semantic & spatial).
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UAVDT UA-DETRAC
Method
AP  AP50 AP/5 AP  AP50 AP/5
Grounding DINO (5) 27.0 40.5 27.2 27.3 41.2 27.2 CRSNG
OV-DETR (/) 78.3 35,7 224 288 3/.3 7230



