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3. Our Method: Ceptor Framework 4. Experiments

:Text prompt detectors excel at high- abstrac:tlonI |V|sual -prompt detectors excel at low-abstraction! Spatial Enhancer VLM Infuser Prompt-Oriented Decoder 4.1 Comparisons with State-of-the-Arts
' semanti fail on low- raction . 'n neralization: ' s ici Cui i i i - LVIS-  LVIS-
:se antics, but fail on low-abstraction objects: objects but show poor generalizatio | A > | Inggz - %fnfégéeen: Cn;:ZTypfs Zﬁﬁ?fn N Sl I I - cc‘>lglo mLu\.lal.im m:-r:ﬂ/sa ~ I ST - Cc\),§|o mini?/al minivsa ~
: long-tail categories; | .. point/box lack explicit category semantics; : ¥ Visual-I Text
| e : Cross-Attention T-Rex2 Swin-T  73M 56.6, 59.3 64.4 Grounding DINO  Swin-T  5.4M 484 274 181
'. domain-specific entities; ::' cropped regions lose contextual information; | T-Rex2 Swin-L  7.3M 58.5>8-562.5>+7-670.1>+126 OV-DINO Swin-T  2.4M  50.2  40.1 345
[ pr— : Prompt Zoo Multi-Route \/ Ceptor PEcoreS 3.2M 65.1 66.9 77.0 LLMDet Swin-T  1.1M 55.6* 44.7 37.3
' hard-to-describe instances: ::' non-unified prompts lead to inefficient training; FFN FFN Ceptor PEcoreL 35M 719 728 813 T-Rex2 Swin-T ~ 7.3M  45.8\,. ,42.8\,,337.4\ .3,
------------------------------------- S, isual- Ceptor PEcoreS 3.2M 51.77 43.17 40.
—_— Adapter + I - — FFN F, \ Visual-G -
Coordimates l P I s i 1@1 T-Rex2 Swin-T ~ 7.3M 388, 374, 299 LLMDet Swin-L  1IM - 511 451
Our Ceptor: Inspired by Human Visual Perception — FFN Align 1| Box T-Rex2 Swin-L  7.3M  46.5\ 47.6\ 454 T-Rex2 Swin-L  7.3M  52.2 +2_654.9>_0,9 49.2\ . .
: . . . . . ] — Head YOLOE-11-S — 1.4M - [8326.3 |*1722.5 |*71  Ceptor PEcoreL 3.5M 54.8/ 54.0/ 54.7
The human perceptual system seamlessly integrates multi-cues, including language instructions and ,‘] —» FFN *' YOLOE-11-L _ 1.4M - 33.7/ 28.1 Hybrid |
visual examplars, to identify objects across all abstraction levels. ' “'; —| IE —> J',—> Adapter —» F_ |+ Instruct > Vs Ceptor PEcoreS 3.2M 47.3/ 39.1 37.0 T-Rex2 Swin-T ~ 7.3M 425\ . - =
; =1 f - FFN v Ceptor PEcoreL 3.5M 54.0 47.8 47.2 Ceptor PEcoreS 3.2M 50.5/ 44.1 40.9
\ Image RO hEY eglons H + Instruct > Prompt-Cross-Attention Ceptor consistently outperforms T-Rex2 across two visual prompt Ceptor achieves stronger open-vocabulary detection with text prompts,
"Looking for a Features ! . ¥ l types, with comparable parameters and less than half training data. and outperforms T-Rex2 by +8.0 AP on COCO using hybrid prompts.
' , J \ﬂ 1,J_ "
PR A cropped X 5
| Eemamstely WAl ﬁ Predictions 1 3 T g“& ] . th‘s of a "—> TE |— I" —>| Adapter —» T |+ Instruct —> Contrastive ¥ MUH'*ROUTe*FFN v Method Backbone FPS Mem. Compared to Grounding DINO (Swin-T), Ceptor (PEcore-S) achieves:
— P | (dog. zebra. cap-} Learning FFN FFN FFN  FFN Grounding DINO  Swin-T 11.0 5539 v Faster Speed: 12.4 FPS vs. 11.0 FPS
” &1 7 Embedding Oy o e Ceptor PEcore S 12.4 3684 v' Lower Memory: 3684 MB vs. 5539 MB
j Image Standard ViT ] , Instructi
é Embedding [Derise] V G Embedding I/I Prompt Instruct erri\fb::iiii:); — I/I Route ===p VG Route == [ Route =—p T Route Shared Route 4. 2 Ab I ati o n Stu d i e S
Built on Deformable DETR with four core modules: VLM Infuser (transfers VLM generalization), Model B B Ceptor achieves the highest performance across all prompt types;
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(a, b) Ceptor uses a VLM as both image backbone and prompt generator. (c) The image encoder (IE) space is denser and more ViT features, and then perform Multi-Scale Rol

generalizable than a plain ViT, and than the text encoder (TE) space, which is sparse because language is discrete. and each level image features; Efficient Encoder only | . L
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Inspired by human visual perception, Ceptor adopts a unified VLM serving as both vision extractor .cr;)ss-sc;a.le fusion m°d|“|e to strengthen category ' 3 3 Harmonization Strategies __
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. 3.2 Prompt Zoo : embeddlngs act as auxiliary prompts.
v Human-Inspired Detect-Anything Model: propose a unified and universal open-set detector Single mode, single prompt type per forward pass. ] ' 3.4 Prompt-Oriented Decoder
capable of handling diverse prompts, inspired by human visual perception mechanisms; ,Allgnment Mechanism enforces feature alignment
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v VLM Feature Infusion Strategy: transfer pre-trained VLM generalization into open-set i i | Frozen IE, N=16 crop regions, 'matching and frozen IE visuaI embeddings ( V, ) of the
detection, ensuring intrinsic alignment between image and text prompt features; oxon the current image = PRE registered per class itrue classes.
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v Pyramid Rol Extractor & Prompt Harmonization: design a Pyramid Rol Extractor to enrich
semantic, contextual, and spatial representations, paired with Harmonization Strategies for joint Frozen TE, average 80 text ean of Vo and T
G

multi-route optimization. prompt embeddings T Tselsels bbbl 1 oisto mialoU T allgn ralig
P | Contranstlve Loss Allgnment

— o — — e e e e e e e e s | — e s o o o o =y

|
|
|
| =1 7=1
|
|




