
Towards Text-Guided Attribute-Disentangled Multimodal
Representation Learning

Yibing Wei1∗, Sudeep Katakol2, Manuel Brack2, Jinhong Lin1, Haoyue Bai1,
Yu-Teng Li2, Richard Zhang2, Eli Shechtman2, Hareesh Ravi2, Ajinkya Kale2

1University of Wisconsin-Madison 2Adobe

Abstract

While powerful, existing multimodal embeddings are pre-
dominantly global, entangling distinct visual factors such
as object, style, and background into a single holistic
representation. This entanglement fundamentally limits
attribute-level control for downstream tasks like fine-
grained retrieval or controllable editing. Even embed-
dings distilled from powerful VLMs, such as VLM2Vec,
still struggle to isolate specific attributes on demand.
To address this, we introduce Queryable Attribute Rep-
resentation Extraction (QARE), a new task focused
on generating embeddings that are sensitive only to a
queried attribute. To enable rigorous evaluation, we
present QARE-Bench, the first benchmark designed
for QARE, featuring both synthetic compositions and
challenging real-world data. We further propose TF-
QARE, a simple yet remarkably effective training-free
method that extracts attribute-specific features from
frozen VLMs by pooling the hidden states of reply tokens
generated in response to a structured prompt. Strikingly,
our experiments show that this zero-shot approach is
not merely competitive; it substantially outperforms fine-
tuned methods like VLM2Vec across a range of VLM
backbones on our benchmark.

1. Introduction
Multimodal embeddings, which capture semantic corre-
spondences between vision and language, support many
core applications such as cross-modal retrieval [7, 10,
11, 15, 25, 32, 35], medical reporting [6, 24], control-
lable content creation [2, 5, 11, 13, 26, 27, 37], and
robotic perception [20, 38]. With the rise of powerful
vision–language models (VLMs), recent work further de-
rives general-purpose multimodal embeddings directly
from frozen VLMs [3, 8, 22].
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However, many tasks require attribute-level control:
retrieving images that match a specific style but not con-
tent, or separately reasoning about object appearance
versus background. Existing embeddings are predomi-
nantly global. They entangle object, background, and
style cues in a single holistic representation, making it
difficult to isolate the visual factor specified by a user
query. Even VLM-based embedding extractors—most
notably VLM2Vec [8], which fine-tunes VLMs to learn
general-purpose embeddings—still output a global fea-
ture that entangles multiple visual factors, lacking the
ability to isolate attribute-specific representations con-
ditioned on demand (see Fig. 1).

To address this limitation, we introduce the prob-
lem of Queryable Attribute Representation Extraction
(QARE): given an image I and an attribute a, the goal
is to produce an embedding E(I, a) that (i) is sensitive
to the specified attribute (and not just the image as
a whole), and (ii) is invariant to all other components
of the image that are unrelated to the attribute. Such
queryable representations would enable more control-
lable retrieval, editing, and reasoning over individual
factors of variation. Although many datasets evaluate
general multimodal alignment or text-conditioned edit-
ing [8, 16–18, 30, 33], they do not measure whether a
method can (i) disentangle intrinsic visual factors in
the feature space, or (ii) extract attribute-specific em-
beddings conditioned on a query. Existing evaluations
therefore cannot reveal whether a representation is truly
queryable or simply globally entangled.

To fill this gap, we introduce QARE-Bench, the
first benchmark designed explicitly for QARE. It con-
sists of: (i) a synthetic set spanning three orthogonal
attributes—object, style, background—constructed im-
ages, and (ii) a real-image set containing 6,184 object
crops and 2,758 background crops, grouped into 325
and 243 query groups, respectively, with challenging
positives and hard negatives. Our evaluation protocol
measures both attribute-conditioned retrieval (mAP)
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Figure 1. Overview of QARE: From Entangled Global Embeddings to Queryable Attribute-Specific
Representations. The left side illustrates the limitation of VLM2Vec [8] (✗): it fails to follow attribute prompts,
producing nearly identical retrieval results for an image paired with different attribute queries. The retrieved
neighbors show that its embeddings primarily capture overall appearance rather than the requested attribute,
preventing true attribute-specific representation. Conversely, our method (✓) produces separate attribute-specific
representations that support precise query-conditioned retrieval. Prompt texts are simplified here for clarity.

and query specificity via intra-image dissimilarity, pro-
viding a rigorous testbed for assessing attribute-level
embeddings.

We further introduce a surprisingly effective training-
free method for QARE: extracting attribute-specific
embeddings by pooling VLM hidden states from only
the reply tokens generated in response to a structured
attribute query. This exploits the implicit attribute
structure already present in modern VLMs, requiring
no fine-tuning or auxiliary training. Our method TF-
QARE delivers significantly stronger attribute-level
retrieval and query sensitivity than both post-trained
and global embedding baselines, across all tested VLM
backbones on QARE-Bench.

Our main contributions are summarized as follows:
• New Task: Queryable Attribute Represen-

tation Extraction (QARE). We identify a core
limitation of current multimodal embeddings and for-
mulate QARE to explicitly evaluate query sensitivity
and attribute invariance.

• A Benchmark for Attribute-Level Evaluation.
We introduce QARE-Bench, the first dataset de-
signed for QARE, covering object, background, and
style with both synthetic compositions and challeng-
ing real-image groups.

• A Simple and Training-Free Method. We pro-
pose a zero-shot approach that isolates attribute-
specific embeddings from frozen VLMs using reply-
conditioned token features, requiring no fine-tuning.

• Strong and Consistent Empirical Gains. Our
method substantially outperforms post-trained and
global embedding baselines across all attributes and
VLM backbones.

2. Related Work
Multimodal embeddings Early multimodal em-
bedding models, such as VisualBERT [14], learned
joint vision–language spaces via cross-modal atten-
tion. Dual-encoder methods like CLIP, ALIGN, LiT,
and SigLIP [7, 25, 35, 36] scaled this paradigm using
large image–text corpora, achieving strong global re-
trieval features. Models such as BLIP-2 [12] further
explored modular alignment between frozen vision en-
coders and LLMs. Recent work shifts from training
from scratch to extracting embeddings from pretrained
VLMs. VLM2Vec [8] fine-tunes VLMs with contrastive
learning to obtain competitive global multimodal em-
beddings. However, existing approaches largely produce
entangled features that cannot be conditioned on spe-
cific semantic attributes, limiting applications such as
attribute-specific editing or retrieval. Beyond general
multimodal methods, prior work in fine-grained fash-
ion analysis has explored attribute-specific embeddings
[9, 21, 31], but these methods are restricted to the
fashion domain and rely on task-specific training. In
contrast, our approach provides training-free, general-
purpose attribute querying across diverse objects, back-
grounds, and visual styles.

Vision-Language Models (VLMs). Modern
VLMs, such as Qwen-VL [1], InternVL [40], and
Gemma 3 [4], achieve remarkable multimodal reasoning
via instruction tuning on massive corpora. However,
these models are optimized for autoregressive text
generation rather than producing structured, disentan-
gled semantic embeddings. Consequently, extracting
explicit feature representations from them is underex-
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plored. Our TF-QARE exploits the richness of VLM
representations, reformulating their hidden activations
into queryable, attribute-specific embeddings.

Benchmarks for Feature Disentanglement. Cur-
rent evaluation protocols do not adequately assess
attribute-level isolation. General benchmarks like
MMEB [8] focus on global tasks such as classifica-
tion or holistic matching. Meanwhile, Composed Im-
age Retrieval (CIR) benchmarks (e.g., Fashion-IQ [34],
CIRR [19], GeneCIS [29]) measure a model’s ability to
modify a reference image based on text, rather than
to query and isolate its intrinsic attributes. There
is no standard for evaluating how well a model sepa-
rates visual factors like color, texture, or object identity
within a single image’s embedding. We address this
with QARE-Bench, a dedicated benchmark designed
to rigorously evaluate attribute-level grounding and dis-
entanglement directly in the feature space, independent
of image modification or text generation metrics.

3. QARE Benchmark
Here, we define the Queryable Attribute Representation
Extraction (QARE) task and introduce the QARE-
Bench benchmark. In addition, we establish the evalu-
ation protocol based on multi-target retrieval metrics,
providing a standardized framework for future research.

3.1. Problem Formulation
We introduce Queryable Attribute Representation Ex-
traction (QARE), the task of producing a multimodal
embedding of isolated visual attributes. From a given
image and attribute, the produced embedding should
be disentangled from all other image components.

Formally, let I ∈ I be an image and let a ∈ A denote
an attribute (e.g., A = {object, style, background}).
The objective of QARE is to build an encoder function
E : I × A → Rd that maps an image-attribute pair to
a d-dimensional embedding vector va = E(I, a) that
represents only the specified attribute. An ideal QARE
encoder E should thus satisfy two critical properties:

1. Sensitivity. The encoder must be sensitive to
the specified attribute. For a given image I, query-
ing different attributes must yield distinct represen-
tations. For instance, the embedding for an image’s
salient object, vobject = E(I, object), should signifi-
cantly differ from the embedding of the background,
vbackground = E(I, background).

2. Invariance. The representation of a specific at-
tribute should be invariant to all other changes in the

Figure 2. QARE-Bench Synthetic Set. The syn-
thetic set is created by combinatorially composing in-
stances from three orthogonal attribute categories: Ob-
ject (4 types), Style (3 types), and Background (4
types). The figure illustrates the attribute axes and
shows representative examples.

image. For example, consider two images, I1 and I2,
that depict the same object but with different styles
and backgrounds. A successful QARE encoder should
produce highly similar object embeddings:

E(I1, object) ≈ E(I2, object). (1)

Conversely, if two images I1 and I3 contain different
objects, their object embeddings should be dissimilar,
i.e., E(I1, object) ̸≈ E(I3, object), even if they share
the same style or background.

3.2. QARE-Bench
The QARE-Bench benchmark is specifically designed
to instantiate and measure these properties, providing
a concrete framework for evaluating progress in QARE.
Following established frameworks for embedding mod-
els, we adopt a retrieval-based evaluation. Each test
instance for an attribute a consists of a query image
I exhibiting a, with a corresponding set of positives
that share a, and a set of hard negatives that do not.
QARE-Bench consists of two complementary sets: a
synthetic set with a perfectly factorial design for con-
trolled analysis, and a real-world set with challenging,
authentic visual scenarios.

Synthetic Set The synthetic set is intended as a pre-
cise diagnostic tool designed to probe the core capabili-
ties of models for (QARE) in a controlled environment.
This set is a carefully constructed collection of gener-
ated images and exhibits all permutations of objects,
styles, and backgrounds illustrated in Fig. 2.
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(a) ‘Object’ examples from QARE-Bench Real.
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(b) ‘Background’ examples from QARE-Bench Real.

Figure 3. Examples from the QARE-Bench Real Set. Each row illustrates a query group. (a) For object
queries, positives contain the identical object instance in varied contexts, while negatives feature different objects,
testing for fine-grained identification. (b) The same principle applies, where positives show the target object across
diverse scenes, forcing models to learn an invariant representation.

This 4 × 3 × 4 design results in 48 unique images,
where each represents a distinct combination of one ob-
ject, one style, and one background. Each image yields
three test instances (one per attribute), resulting in
48×3 = 192 total test instances, each having a rich pos-
itive and negative set associated with it. For instance,
for a query image of a ‘cat’ with ‘object’ attribute as
the condition, positives are all (I, object) tuples where
I depicts a cat. Conversely, negatives are all images
that don’t contain cats, including hard negative images
with cats when conditioned on other attributes, i.e.,
style, or background. This factorial design eliminates
confounding correlations in real data, yielding truly
independent attributes and an unambiguous testbed for
attribute disentanglement.
Real Set. The real set is built from original, high-
resolution photos and extends the evaluation to com-
plex real-world scenarios. This set focuses on object
and background attributes. As visualized in Fig. 4,
we collect images that capture each object in various
compositions with other distractor objects in multiple,
distinct real-world scenes. From these images, we cre-
ate a test set where each instance consists of one query
image, 2–30 positive images, and 2–71 hard negative
images.
Object. To ensure query images are unambiguous, we
select crops containing a single, clear primary object.
Using an open-vocabulary object detector (Detic [39]),

we identify all distractor objects and extract the largest
crop that isolates the target object while excluding
distractors. Positives are crops that capture the iden-
tical target object instance, photographed across diverse
backgrounds, contexts, poses, and lighting conditions.
Our two types of negatives are (i) crops from a photo-
graph taken with a fixed camera position after removing
the query object, and (ii) crops of other “distractor” ob-
jects that co-occurred in the same original scene.
Background. We choose queries as crops from an im-
age, which may contain one or more foreground objects.
Positives are crops from the exact same scene under
two conditions: (1) different foreground objects but an
identical viewpoint and lighting and (2) varied shooting
angles and lighting. Negative crops feature different
backgrounds containing one or more foreground ob-
jects in the query crop. We locate images of different
scenes containing the same object and extract crops
that maintain similar relative object positions.

In total, this curation yields 325 unique objects and
243 background query groups, with a total of 6,184 and
2,758 crops, respectively. This set spans diverse scenes
and resolutions, with challenging positives and hard
negatives by design. Fig. 3 provides visual examples of
the query groups. For each query, the positives represent
the ground-truth match for the target attribute, while
the hard negatives are specifically selected to create
challenging scenarios for disentanglement.
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Figure 4. QARE-Bench Real Set Image Source.
Each target object instance was photographed across
multiple distinct scenes. Within each scene, the object
was arranged in various compositions, often alongside
other distractor objects. Crucially, we also captured
corresponding images of the scene with the target object
removed, enabling the creation of verifiably accurate
positive and negative examples.

3.3. Evaluation Protocol
To comprehensively assess the capabilities of QARE
models, we design a two-part evaluation protocol that
directly measures the sensitivity and invariance proper-
ties defined in Section 3.1.

1. Attribute-Conditioned Retrieval. This proto-
col directly tests whether an embedding for a specific
attribute (e.g., an object) remains constant when other
attributes (e.g., style, background) vary.

Given a query image Iq and attribute query
aq, a model computes the attribute-specific embed-
ding E(Iq, aq). All images Ir in a retrieval set
R are then ranked based on the cosine similarity
cos

(
E(Iq, aq), E(Ir, aq)

)
.

For quantifying performance, we use Mean Average
Precision (mAP) based on positives and negatives
defined in each set. Let Rq be the set of all relevant
items for a query q, with size tq = |Rq|, and let relq(k) ∈
{0, 1} be an indicator function that is 1 if the item at
rank k is relevant, i.e. a positive sample. The Average
Precision (AP) for a single query is defined as:

AP(q) = 1
tq

|R|∑
k=1

Pq(k) · relq(k), (2)

where Pq(k) is the precision at rank k. The final mAP
score is the mean of AP scores over all queries.

The mAP metric provides a single, robust score that
accounts for both precision and the rank of retrieved
items. Crucially, in our benchmark, the number of
positive samples (tq) can vary significantly from one
query to another. Metrics like Recall@K, when averaged
globally, can be skewed by this variance. In contrast,
mAP is inherently normalized by the number of ground-
truth positives for each query via the AP calculation.

2. Intra-Image Similarity. When evaluating speci-
ficity, we assess if embeddings for different attributes
derived from the same image are distinct. For exam-
ple, similar embeddings for "object" and "background"
queries indicate insufficient disentanglement.

For each image I in the test set, we extract the embed-
dings for its set of core attributes A = {a1, a2, . . . , am}
(in our case, ‘object‘, ‘style‘, ‘background‘). We then
compute the average pairwise cosine similarity among
these embeddings:

S(I) = 1(|A|
2

) ∑
1≤i<j≤|A|

sim(E(I, ai), E(I, aj)). (3)

Our reported metric is the Average Intra-Image Sim-
ilarity, which is S(I) averaged over all images in the
test set. A low score indicates strong query specificity
and effective disentanglement, as the attribute repre-
sentations lie in different directions in the embedding
space. Conversely, a high score suggests that attribute
information is entangled, and the model produces a
generic, query-agnostic image representation.

4. Methods
We introduce TF-QARE (Training-Free QARE), a
simple yet effective approach that leverages a frozen
pre-trained VLM as a zero-shot encoder to generate
prompt-guided, attribute-disentangled embeddings.

VLM as a Zero-Shot QARE Encoder. We ar-
gue that general-purpose VLM training on tasks like
detailed captioning and visual question answering
produces well-grounded latent representations. Our
method, TF-QARE, is based on the premise that key
visual attributes are implicitly disentangled in existing
VLM activations. Consequently, we need a method to
identify and isolate relevant features. Given an image I
and a structured text prompt q (detailed below) target-
ing an attribute (e.g., object, background, or style), the
VLM generates a textual reply R. We then extract the
attribute embedding zq from the VLM’s hidden states.
The final embedding zq is produced by applying average
pooling over the normalized hidden state vectors corre-
sponding only to the generated reply tokens R. This
ensures that the resulting representation is conditioned
on both the image and the specific attribute query, ef-
fectively isolating the target attribute’s features. We
compare average and weighted pooling in Table 2 and
adopt average pooling by default.

Attribute-Focused Prompting. We design struc-
tured prompts that compel the model to focus exclu-
sively on a single attribute of the given image while

1887



Image
Encoder

LLM Transformer Layers

……

Attribute-focused 
Prompt

object | background | style

Tokenizer

Generated Reply

Detokenizer

Hidden States

QARE
Embedding

Norm & Pool
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Example Replies

Object:
Main object is a car, a classic white coupe with
round headlights and a slightly weathered body.

Style:
Visual style is impressionistic, characterized by
loose, textured brushstrokes and vibrant, blended
colors that capture the essence of the scene rather
than its precise details.

Background:
Background is a beach, with a sandy shore, gentle
waves, and green grasses in the foreground under a
clear blue sky.

(b) Attribute-specific replies (object, style, background)
for the image in (a).

Figure 5. Overview of TF-QARE with attribute-focused prompting. (a) We treat a frozen VLM as a
zero-shot QARE encoder: given an image and an attribute-focused prompt (object/background/style), the VLM
generates a reply and we pool the normalized hidden states of the reply tokens to obtain an attribute embedding.
(b) Example attribute-specific replies from Qwen2-VL-7B for the image in (a), illustrating how different prompts
isolate object, style, and background information

Prompt for Object Attribute Extraction

Describe ONLY the main object in the image using a
two-part structured format.
FORMAT MUST MATCH EXACTLY:
Main object is [main summary], [detailed
description].

Rules:
- [main summary]: 1–3 words describing the
object’s category, color, and general appearance.
- [detailed description]: 15–30 words expanding
on shape, material, surface, parts, or posture.
- Focus on ONE main foreground object only; ignore
background, scene, or style.
- Write up to TWO sentences; no lists, no line
breaks, no quotes.

Figure 6. Attribute-focused prompt format (object).

suppressing irrelevant details. Each prompt combines
three components: a direct command that specifies the
target attribute, a strict output format that enforces
predictable structure, and a set of negative constraints
that exclude other attributes. Fig. 6 shows the prompt
designed for the object attribute. Prompts for the style
and background attributes follow the same structure
and are provided in the supplementary material. This
combination of positive and negative constraints forces
the VLM to generate text that is highly specific to the

queried attribute. As shown in Fig. 5b, this results in
distinct, disentangled descriptions for the same input
image when different attribute prompts are used.

5. Experiments
In this section, we comprehensively evaluate our TF-
QARE framework on the QARE-Bench. We report
comparisons across VLM architectures and scales, ana-
lyze performance against post-trained queryable models
and zero-shot global visual encoders, and provide abla-
tions on the selection of optimal VLM layers.

5.1. Comparison Results
Across VLMs and Scales. We first evaluated our
TF-QARE approach across diverse VLM backbones
and scales (see Panel (3) of Table 1). We observe a
general trend where performance improves with model
scale. For instance, InternVL3’s mAP on the synthetic
set increases from 45.6 (1B) to 77.6 (14B). This scaling
suggests that larger VLMs possess richer latent represen-
tations. Notably, this scaling is not strictly monotonic;
the Qwen2.5-VL-32B model underperforms its 7B coun-
terpart (75.3 vs. 77.0 mAP). We attribute this to a
potential "alignment tax," where the instruction-tuning
of ultra-large models prioritizes complex reasoning and
dialogue over the strict adherence to the rigid, descrip-
tive format required by our prompts. This suggests
mid-scale models can offer a better trade-off for this spe-
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Method Backbone QARE-Bench Synthetic QARE-Bench Real

mAP (↑) AIS (↓) mAP (↑) AIS (↓)
obj sty bg all obj bg all

(1) Post-Trained, Queryable
VLM2VecV1 [8] Qwen2-VL-7B 8.9 29.6 11.6 16.7 0.97 35.8 36.6 36.2 0.96
VLM2VecV2 [22] Qwen2-VL-2B 7.9 27.0 11.2 15.4 0.82 46.2 44.8 45.5 0.81

(2) Zero-Shot, Non-Queryable

Vision Encoder

CLIP 9.4 13.1 8.8 4.5 1.0 32.2 23.2 27.7 1.0
SigLIP 10.0 11.0 10.1 4.4 1.0 33.4 24.2 28.8 1.0
DINOv2 13.5 6.8 10.0 4.2 1.0 31.9 23.5 27.7 1.0
DINOv3 12.1 7.1 11.2 4.1 1.0 30.8 22.3 26.6 1.0

(3) Zero-Shot, Queryable (Ours)

TF-QARE

Qwen2-VL-2B 8.7 20.5 37.1 22.1 0.63 49.4 43.1 46.2 0.69
Qwen2-VL-7B 69.7 73.9 91.7 78.4 0.68 66.8 61.9 64.3 0.59
Qwen2.5-VL-3B 38.7 45.6 91.5 58.6 0.78 62.7 58.6 60.7 0.72
Qwen2.5-VL-7B 83.9 56.9 90.1 77.0 0.73 65.5 63.7 64.6 0.70
Qwen2.5-VL-32B 79.0 55.2 91.7 75.3 0.81 63.8 62.0 62.9 0.73
InternVL3-1B 47.8 23.5 65.6 45.6 0.74 59.7 59.2 59.4 0.80
InternVL3-2B 46.9 58.0 90.2 65.0 0.75 57.6 55.0 56.3 0.75
InternVL3-8B 78.0 56.8 91.7 75.5 0.55 64.2 61.9 63.1 0.55
InternVL3-14B 85.8 55.4 91.7 77.6 0.78 67.1 64.1 65.6 0.78
Gemma3-4B 55.6 70.4 83.9 70.0 0.88 56.2 58.9 57.6 0.87
Gemma3-12B 82.9 75.4 91.7 83.3 0.88 63.0 62.6 62.8 0.88

Table 1. Comparison of different methods on the QARE benchmark. We evaluate three distinct families
of methods: (1) VLM2Vec variants that fine-tune VLMs to produce queryable embeddings; (2) Standard visual
encoders that output a single, entangled global embedding; and (3) Our proposed training-free approach TF-QARE
directly extracts disentangled attribute features from frozen VLMs and consistently achieves substantial gains,
demonstrating the effectiveness of prompt-guided, attribute-aware embedding extraction.. Higher mAP (↑) and
lower AIS (↓) indicate better performance, and the gray row highlights our default model.

cific task. Despite this nuance, the overarching results
strongly validate TF-QARE as a powerful strategy for
unlocking features from large VLMs.

Compared with post-trained methods. Panel
(1) of Table 1 compares our TF-QARE with post-
trained, queryable embeddings from VLM2VecV1 [8]
and VLM2VecV2 [22]. VLM2Vec fine-tunes a frozen
VLM on a large collection of multimodal tasks (clas-
sification, retrieval, VQA, etc.) to produce a single
generic embedding per input, and V2 further extends
this to more modalities such as video and long docu-
ments. On QARE, however, both V1 and V2 perform
poorly: they achieve low attribute mAP and high AIS,
indicating that object, background, and style remain
strongly entangled. This is unsurprising, since the fine-
tuning objective optimizes a global task-level represen-

tation without explicit pressure to preserve separate
attribute factors. Though trained on more data and
modalities, V2 still fails to improve QARE scores. This
indicates that simply scaling generic fine-tuning does
not guarantee attribute-disentangled embeddings. Di-
rectly querying frozen VLMs in a zero-shot manner,
as in QARE, can more effectively expose and exploit
the latent attribute structure already encoded in these
models (see Section 6 for further discussion).

Compared with Global Visual Encoders. Panel
(2) of Table 1 compares QARE with zero-shot global
visual encoders such as CLIP [25], SigLIP [36], DI-
NOv2 [23], and DINOv3 [28]. Although these models
are trained for image–text alignment, they provide only
a single global embedding and lack any instruction-
tuned, queryable mechanism. As a result, they cannot
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isolate object-, background-, or style-specific informa-
tion, and all extracted features remain fully entangled.
This is reflected in both their low attribute mAP and
AIS scores fixed at 1.0, indicating that changing the
query does not alter the retrieved ranking at all. In con-
trast, QARE leverages prompt-guided extraction from
frozen VLMs to produce genuinely attribute-specific em-
beddings, leading to significantly stronger performance.

5.2. Ablation Study
To understand where attribute information is best en-
coded within a large VLM, we analyze how QARE
performs when extracting representations from differ-
ent decoder layers using backbone Qwen2-VL-7B. We
evaluate layers spanning early, middle, and high depths
of the decoder (see Table 2). High decoder layers gener-
ally yield stronger attribute separation than middle or
early layers, and the penultimate decoder layer yields
the best overall performance across object, style, and
background attributes. We therefore adopt this layer
as our default configuration in all main experiments.

Table 2. Ablations on layer selection. Backbone:
Qwen2-VL-7B.

Syn. mAP

layer obj. sty. bg. all

high
28 (-1) 62.3 71.1 91.7 75.0
27 (-2) 69.7 73.9 91.7 78.4
26 (-3) 69.5 72.8 91.7 78.0

middle 21 (-8) 44.9 55.5 88.5 63.0
13 (-16) 50.7 53.3 83.9 62.6

early 9 (-20) 53.5 46.7 81.5 60.5
5 (-24) 54.9 43.0 82.4 60.1

6. Discussion
A key result from our study is the question of dedi-
cated fine-tuning for disentangled VLM representations
compared to zero-shot representation extraction. Our
experiments highlight the challenges of training-based
approaches like VLM2Vec [8, 22] which consistently
underperform our zero-shot approach (see Table 1).

However, we argue that these results do not neces-
sarily uncover any fundamental issues with task-specific
VLM tuning. Instead, they paint a more nuanced pic-
ture of the efficacy of general-purpose training and
the availability of dedicated data. For one, VLMs are
trained on large amounts of general-purpose data and
tasks [1, 4, 40]. Consequently, the models’ internal
representations are likely to reasonably encode and dis-
entangle various concepts. Our experimental results

demonstrate that training-free extraction methods lead
to strong performance. Further, such approaches di-
rectly benefit from continuous improvements to avail-
able models with no additional overhead. Conversely,
the success of fine-tuning approaches largely depends on
the quality and quantity of the available data. Curating
a sufficiently large, dedicated dataset with disentangled
image attributes is challenging.

Limitations. QARE focuses on three primary vi-
sual attributes—object, background, and style—which
cover many common use cases but do not span
the full attribute space (e.g., geometry, material, or
lighting). Although extracting additional attribute-
specific embeddings is straightforward within our frame-
work—requiring only appropriate modifications to the
prompt—rigorous evaluation of such attributes would
require expanding the benchmark with corresponding
curated data. We leave these dataset extensions and
broader attribute coverage to future work.

7. Conclusion
In this work, we addressed a critical limitation of exist-
ing multimodal embeddings: their entangled, global na-
ture, which hinders fine-grained, attribute-level control.
To tackle this, we formalized the problem of Queryable
Attribute Representation Extraction (QARE) and intro-
duced QARE-Bench, the first benchmark designed to
rigorously evaluate attribute isolation and query sensi-
tivity. To solve the task, we proposed TF-QARE, a sim-
ple, effective, and training-free method that repurposes
frozen Vision-Language Models to extract attribute-
specific features via prompt-guided generation.

Across diverse backbones and attribute types, TF-
QARE consistently and substantially outperforms post-
trained models such as VLM2Vec, despite requiring no
finetuning or additional supervision. These results indi-
cate that modern VLMs already contain rich attribute-
relevant signals, and that structured prompting pro-
vides an effective mechanism for isolating them without
additional training.

We believe QARE opens new directions for building
attribute-controllable multimodal systems, with poten-
tial impact on fine-grained retrieval, content creation,
and robot perception. We hope our findings encourage
further exploration of prompt-guided representation ex-
traction as a lightweight yet powerful alternative to
large-scale finetuning.
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