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Abstract. Multimodal embedding spaces in models like CLIP enable
powerful capabilities such as semantic similarity retrieval and cross-modal
zero-shot classification. These embeddings compress high-level seman-
tics into a single vector, which comes at the cost of primarily express-
ing a dominant semantics like main object while suppressing other im-
portant attributes such as camera angle or color tone. We propose a
text-conditioned transformation of visual embeddings that makes such
attributes explicitly accessible. Given a natural language description of
an attribute category (e.g., “color” or “art style”), a network generates an
affine transformation that emphasizes the specified attribute. Condition-
ing on text enables it to learn many attributes simultaneously, accessing
them at inference time through an intuitive interface. The network is
trained to align transformed embeddings with the frozen latent space,
enabling retrieval using existing large-scale embeddings without any re-
encoding. When applied to a full set, the same mechanism transforms the
latent space for attribute disentanglement tasks such as multi-clustering.
By operating directly in latent space, our method provides a unified
and efficient framework for controlling embedding spaces, demonstrating
state-of-the-art performance across both attribute-based retrieval and
multi-attribute organization tasks with near-zero inference cost.
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1 Introduction

Large-scale vision-language models like CLIP [42] and SigLIP [74] have become
ubiquitous in computer vision, learning powerful multimodal embeddings from
web-scale data. Such embeddings enable zero-shot task transfer, cross-modal
retrieval, and semantic similarity search, and are increasingly deployed in prac-
tice. However, their versatility comes from compressing diverse visual concepts—
objects, attributes, styles, and contexts—into a single high-dimensional space.
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Fig. 1: Overview of our text-conditioned generation of embedding-space transforma-
tions. (Left) We propose a hypernetwork that maps natural-language attribute descrip-
tions to a modi�cation function. Applying this transformation to a query embedding
produces an attribute-aware representation that emphasizes the requested property.
(Right) By controlling the embedding space with attribute transforms, the same mech-
anism enables both attribute-aware retrieval and attribute-speci�c clustering.

As a result, important attributes such as color, camera angle, or mood are en-
coded only implicitly, entangled with more dominant object-level semantics. This
entanglement limits the kinds of similarity queries that can be expressed. When
retrieving images from a reference image with CLIP, we can neither predict nor
control whether the similarity will be based on the main subject, style, or other
attributes. For example, suppose a reference image is a pastel-colored watercolor
painting of a Corgi as viewed from a low angle. In this case, CLIP can retrieve
images that look similar, but the speci�c properties are nebulous [53]. Will a
photograph of a Corgi against a plain background rank higher or lower than a
similarly styled painting of a Labrador viewed from a similar angle? Not only can
we not readily know the answer, but we also cannot easily specify our preference.

This limitation restricts the feasibility of attribute-aware retrieval, where
users search based on speci�c attributes rather than broad semantic categories.
For instance, given a large collection of photos, one user might want to retrieve
images with similar composition or lighting, while another might care more about
color or artistic style. Yet, because such attributes are entangled within the latent
space, a single query embedding cannot easily emphasize them. This challenge
extends beyond retrieval to other tasks such as multi-clustering, where di�erent
users may wish to group the same media collection by di�erent attributes. To-
gether, these limitations highlight the need for controllable transformations of
embedding spaces that adapt dynamically to user-speci�ed attributes.

Existing methods for attribute disentanglement often rely on one of two
major strategies: (1) �netuning the encoder to explicitly separate desired at-
tributes [10,60,72,73]; or (2) scaling up inference-time requirements by compos-
ing knowledge from large VLMs and LLMs [22,27,32]. The �rst approach enables
e�cient inference once trained, but demands costly �netuning and re-embedding.
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