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o _ _ _ Synthetic Set (Controlled Combinations) Real Set (Hard by Design) Our framework boosts retrieval: synthetic all mMAP up to 83.3, real all mAP up to 65.6; AlS drops to
* Existing multimodal embeddings are predominantly global Obiect G 6 134 295 uni ect inet 0.55. We consistently outperform VLM2Vec and global encoders, proving text-guided extraction
and entangled Attribute: object, background, style ;ec.t.Quer:/d rf:,ulols' o _Crzps ACTOSS u_mjue Ot Jetc ns ances.d .~ unlocks latent attribute structure across Qwen, InternVL, and Gemma backbones.
. . . 192 attribute-conditioned test instances OSTHIVES: TECNTICal OBJECT INSTANEE across varied contexts, poses, and Ighting. — gealing helps—InternVL3 rises from 45.6 to 77.6 synthetic mAP—yet ultra-large models can pay an
. Hard Negatives: Distractor objects that co- din th | scene. ' '
-srthelg)mlli)rfn (i:!tliﬁergrr]]te?t:'ra”ianuetz |(”2;[?ie%?lezt;n??o?l';%'{:l:cllgi,nangn q — ) o Sijlves e Orpjsitjsec S EoTOREHIEE N(Zg:;fma o alignment tax, trading rigid descriptions for dialogue. Mid-scale VLMs often hit the sweet spot.
y- | 0 J : | J Cal o0 Femon car 3 \ Method Backb ARE-Bench Syntheti ARE-Bench Real
attribute-level reasoning. STYLE £¢io ackbone Q STCh. ByIuEHe QRRL-DEncH Jea
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« We study Queryable Attribute Representation Extraction Hhote obj sty bg all obj bg all

(QARE): given an image I and attribute a,
compute E (I, a) that is sensitive to the queried attribute and SN
invariant to others. Patng e Bl

(1) Post-Trained, Queryable
VLM2VecV1 [8] Qwen2-VL-7B 89 296 11.6 16.7 0.97 350.8 36.6 36.2 0.96
VLM2VecV2 [22] Qwen2-VL-2B 79 27.0 11.2 154 0.82 46.2 44.8 45.5 0.81

(2) Zero-Shot, Non-Queryable

» Goal: precise, controllable attribute-specific embeddings. : CLIP 94 131 88 45 10 322 232 277 10

D e R Vision Encoder | SIELIP 100 11.0 10.1 44 1.0 334 242 288 1.0

Streot DINOv2 13.5 6.8 10.0 4.2 1.0 319 235 27.7 1.0

DINOv3 121 7.1 11.2 4.1 1.0 30.8 223 26.6 1.0

v BACKGROUND
(8) Zero-Shot, Queryable (Ours)

Entangled Global Embedding Attribute-Specific Embedding Background Query Groups: 2,758 crops across 243 background scenes. Qwen2-VL-2B 87 205 37.1 221  0.63 494 431 46.2  0.69

(QARE) Evaluation Protocol Positives: Exact same scene with different foreground objects. Qwen2-VL-7B 69.7 739 91.7 784  0.68 66.8 619 64.3  0.59
vosos [ Xwmoveo Hard Negatives: Different scenes containing similar-looking objects. "Qwen2.5-VL-3B 387 456 015 586 0.8 627 586 607 072

| Q mAP (Mean Average Precision) Query Positive Negative Qwen2.5-VL-7TB  83.9 56.9 90.1 77.0 0.73 65.50 63.7 64.6 0.70

| “object” Qwen2.5-VL-32B  79.0 552 91.7 753 081 638 620 629  0.73
Attribute-conditioned retrieval. Rank by cosine similarity of TF-QARE ‘InternVL3-1B  47.8 235 656 456 0.74 59.7 592 59.4 080

E(I,a). Robust to varying numbers of positives. InternVL3-2B 46.9 58.0 90.2 65.0 0.75 57.6 55.0 56.3 0.75

InternVL3-8B 780 56.8 91.7 75.5 0.55 64.2 61.9 63.1 0.55
_InternVL3-14B  85.8 554 91.7 776 078 67.1 64.1 656 0.78

Gemma3-4B 95.6 704 83.9 70.0 0.88 56.2 589 57.6 0.87
Gemmad-12B 829 T75.4 91.7 83.3 0.88 63.0 62.6 62.8 0.88
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Average similarity among different attributes of the same
image. Lower AIS means stronger disentanglement and
query specificity.

Where It Work Best? SCYAELCEWEVE

o

Good QARE models: high mAP and low AIS.

Layer ablations reveal penultimate decoder
layer give peak separation (Qwen2-VL-7B).

Training-free extraction from frozen VLMs
outperforms fine-tuned and global baselines.

X Mixed attributes v Matches target attribute
X Hard negatives collapse v Ignores other factors TF QARE (Trai n i ng Free Extraction) Q Frozen VLMs encodes rich attribute-specific signals.
: - - Syn. mAP
v : L :
X Poor control Strong separation layer  obj. sty be all @) Prompt-guided extraction is a simple and powerful
£l alternative to fine-tuning.
_ Eta) 28 (-1) 623 711 9.7 75.0
Attribute-Focused Frozen VLM Pool Reply-Token Attribute-Specific hich 27 (2) 69.7 73.9 91.7 78.4
- ~ Image Query (e.g., Qwen2 5-VL) Generated Reply Hidden States Embedding 1 o (:3) 69.5 72.8 91'7 78.0 ) 4 Training-free extraction is effective but
@ Task: Given image I and attribute a, compute E (I, a) that is m DDD = e 2L (8) 449 555 885 63.0 insufficient for complete disentanglement.
sensitive to a and invariant to others. -, 1§3((‘2_10%)_ _22;_ _ 32_'3_ _Z_‘z'—g _ _gg'g : Future Direction: Efficient VLMs fine-tuning for
N J early (24) 549 430 824 60.1 sharpening attribute disentanglement without

v Training-free extraction from a frozen VLM. Vv Attribute-focused prompts isolate object, background, or style. forgetting pretrained multimodal knowledge



