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Abstract. Pretrained Vision Transformers (ViTs) such as DINOv2 and
MAE provide generic image features that can be applied to a variety
of downstream tasks such as retrieval, classification, and segmentation.
However, such representations tend to focus on the most salient visual
cues in the image, with no way to direct them toward less prominent
concepts of interest. In contrast, Multimodal LLMs can be guided with
textual prompts, but the resulting representations tend to be language-
centric and lose their effectiveness for generic visual tasks. To address
this, we introduce Steerable Visual Representations, a new class of vi-
sual representations, whose global and local features can be steered with
natural language. While most vision-language models (e.g., CLIP) fuse
text with visual features after encoding (late fusion), we inject text di-
rectly into the layers of the visual encoder (early fusion) via lightweight
cross-attention. We introduce benchmarks for measuring representational
steerability, and demonstrate that our steerable visual features can focus
on any desired object in an image while preserving the underlying rep-
resentation quality. Our method also matches or outperforms dedicated
approaches on anomaly detection and personalized object discrimination,
exhibiting zero-shot generalization to out-of-distribution tasks.

Project Website: jonaruthardt.github.io/project/SteerViT
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Fig. 1: Steering visual representations with language. While DINOv2 primarily
encodes the salient object, producing a “cat” representation, SteerViT can be steered
with text to shift its attention (middle) and global feature semantics (right) towards
the queried visual concept (e.g., “bookshelf” or “remote control”).
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Fig. 2: SteerViT produces high-quality visual representations that can be
steered by text. Left: Traditional (non-steerable) representations like DINOv2 tend
to focus on the dominant object in an image and retrieve images with the same object.
SteerViT can adapt to a text prompt, enabling retrieval of images even with small
objects of interest. Right: We compare SteerViT to prior work in terms of its ability to
adapt to text (measured by text-guided image retrieval (cf. Sec.[f.1)) and the quality
of the visual representation (measured by the accuracy of linear probing for the CLS
feature and semantic segmentation for patch features). While models typically trade
off steerability for representation quality, SteerViT preserves both. By modulating a
gating factor (Eq. )7 SteerViT achieves a new Pareto frontier.

1 Introduction

Pretrained Vision Transformers (ViTs) such as DINOv2 [25], MAE [9], and
SigLIP [35] provide a generic representation of an image that can be applied
to a variety of downstream tasks such as retrieval, classification, and segmenta-
tion. However, such representations tend to focus on the most prominent object
in the image, likely due to the well-known photographer bias and object-centric
vision datasets |30]. Consider the indoor scene from Fig. [I} DINOv2 encodes the
image focusing on the dominant salient object (“cat”), neglecting smaller or less
prominent objects like the “remote control” or “bookshelf”.

Given the lack of other input, focusing on the dominant object is reasonable.
However, tasks such as fine-grained localization may require greater considera-
tion of less prominent visual concepts. We argue that generic visual representa-
tions that can be steered using task-specific priors have significant utility.

In this work, we seek to steer pretrained vision transformers with natural
language. We posit two desiderata that steerable representations should satisfy:

— Steerability: The representation should adapt to the input text. In partic-
ular, it should be steerable in what it encodes (so that it captures objects
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Table 1: Only SteerViT satisfies both desiderata. 3= satisfied, 7 = not, © =
partial. Trainable MM Params reflects multimodal training; unimodal ViTs train solely
on images. V-L Fusion notes where modalities interact relative to vision encoder layers.

Method Text Feature V-L Trainable
Family Steerable Quality Fusion MM Params
Unimodal ViT (DINOv2) 7 3 7 0
Cross-modal (CLIP) 7 3 Late 200M
OV Localize (SAM3) 3 7 Late 200M-1B
MLLM (Qwen3-VL) © © Late, in LLM 1B
SteerViT (Ours) 3 3 Early, in ViT 21M
(" Vision Encoder | [+ Multimodal LLM |[ ¢ OV Localization ){ + SteerViT )
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Fig. 3: Taxonomy of visual encoding. Standard vision encoders produce query-
agnostic visual features. MLLMs and OV Localization models late fuse text after the
visual encoder, modeling vision-language interactions inside the LLM or task-aligned
encoder. SteerViT, instead, directly steers the internal features of a frozen ViT using
text prompts (early fusion) via lightweight cross-attention layers.

irrespective of saliency; Sec. and how it organizes the embedding space
(so that clusters can be defined by specific attributes such as supercategories
or object parts; Sec. .

— Representation quality: The steered representation should support di-
verse visual tasks, such as retrieval, classification, and segmentation (Sec. .

When considering prior art, we find that no existing approach simultaneously
satisfies these desiderata (see Tab. . Most vision-language architectures first
encode images independently and only later fuse the modalities (see Fig. . As
a result, text typically cannot influence the visual encoding process at inference
time and can only operate on the vision encoder’s fixed outputs. This stands in
contrast to human vision, where prior textual priming can change how people
parse images, often through top-down, task-guided attention [5]. While Multi-
modal LLMs (MLLMSs) come closest to steerable vision-language representations,
fusion in early layers of the language model typically yields language-dominant
multimodal representations with diminished visual fidelity and limited control-
lability, as illustrated in Fig. 2]

With Steerable Visual Representations (SteerViT), we invert the MLLM
paradigm and condition a visual encoder on language input, producing a vision-
centric multimodal representation. Specifically, we interleave lightweight train-
able cross-attention layers [1] within frozen ViT blocks that attend to text
prompts. This allows the visual encoding process to be heavily influenced or
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steered by text. We adopt referential image segmentation as the training ob-
jective to encourage vision-language alignment.

Our method achieves a Pareto improvement over prior approaches (Fid.|2),
producing visual features that are steerable with text while preserving their
underlying representation quality. This is accomplished by freezing both the
visual and text encoders and adding only 21M trainable parameters via cross-
attention, two orders of magnitude fewer than MLLMs (see Tab.@).

Analogous to how prompting adapts (M)LLMs to novel tasks without retrain-
ing, language can adapt our steerable visual representations to novel domains
without ne-tuning. Across diverse tasks spanning text-guided image retrieval
(Sec[4.1), personalized object discrimination (Se¢. 4]4), and industrial anomaly
detection (Sec.[4.6), SteerViT, without task-speci c training, matches or out-
performs strong baselines, including DINOv2, SAMS, billion-scale MLLMs and
even some dedicated methods. These results suggest that conditioning vision on
language rather than language on vision could be a new paradigm for e cient
multimodal vision understanding.

In summary, we make the following contributions:

1. We introduce Steerable Visual Representations (SteerViT), a framework that
equips any pretrained visual encoder with text-steerable representations via

a simple grounding pretext task, adding only 21M parameters into the ViT.

2. We show that SteerViT achieves a Pareto improvement over prior approaches,
steering visual features with text while preserving feature quality.
3. We demonstrate that text prompts enable zero-shot generalization, allowing

SteerViT to transfer to new domains (e.g., personalized object discrimination

or industrial anomaly detection) without task-speci ¢ training.

2 Related Work

Visual representation families. We summarize popular approaches against

our desiderata in Tab.[] and compare their architectures in Fig[8. Unimodal
self-supervised encoders (DINOv2 [25], MAE [9]) learn rich visual features but
are query-agnostic. Cross-modal encoders (CLIF [26], SigLIR [35]) use text to
provide training supervision; the visual encoder still cannot be steered with text.
MLLMs come closest with moderate steerability and visual quality, but their
features reside in language space and require billions of parameters. SteerViT
inverts this paradigm: we condition vision on language, add only 21M trainable
parameters to a frozen ViT, while yielding stronger visual features (Fig[2).
Text-conditioned visual features. To our knowledge, no prior work steers

a visual encoder e ectively with text while preserving its representation quality.
The closest attempt, FLAIR [33], applies text-conditioned attention pooling over
a frozen SigLIP encoder (late fusion), resulting in suboptimal steerability and
underperforming unimodal encoders on standard vision benchmarks (FigﬂZ).
Concurrent works condition visual features on text but target narrow pipelines.
TIE [29] injects query tokens into the image encoder to reduce visual tokens in
MLLMs, optimizing for document understanding. ELIP [36] prepends text in
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the VIT to improve text-to-image retrieval re-ranking. TEVI [22] edits CLIP's
nal image features via caption-conditional SAE masking to suppress irrelevant
information. In contrast, SteerViT is a general framework for producing steerable
visual representations that transfer across a wide variety of tasks.

3 SteerViT: Steering Vision Transformers with Text

We describe the architectural modi cations
and post-training to obtain steerable repre-
sentations from a pretrained ViT.

3.1 Architecture

As illustrated in Fig. 4, our SteerViT consists
of four components:

A. Visual encoder. Foranimage X 2
RHW3 " a ViT produces a sequence of N
patch tokens Z, 2 RNY v and optionally a
[CLS] token (d, is the embedding dimension).

All original VIiT parameters remain frozen

throughout training and new capacity re-

sults exclusively through the interleaved cross-

attention layers described below. While most

experiments adopt DINOv2 ViT-B/14 [25] as

our backbone, we _show that our approach also Fig.4: Steering any ViT us-
improves steerability of SigLIP and MAE. ing text conditioning. Our

B. Text encoder. 'We adopt a frozen,  method adds lightweight vision -
pretrained text encoder (RoBERTa-Large [20]) . language cross-attention lay-
to produce token-level embeddings Z 2 g5 within pretrained ViT blocks
R ¢ for a given input conditioning prompt  and applies a patch-level segmen-
Xy, where L is a variable number of text to- tation proxy objective to fuse
kens and d is the text embedding dimension. prompt cues into patch tokens.

C. Multimodal adapter. Each text embedding Z | is “>-normalized and
fed through a trainable two-layer MLP that projects the sequence into a visual-
aligned embedding space H2 R-9 v,

D. Gated cross-attention layers. To fuse textual conditioning into the
ViT's residual stream, we invert the gated cross-attention (CA) formulation from
Flamingo [1] by allowing hidden vision states to attend to language tokens (CA
is language ! vision in [1]). We insert CA layers into every other Transformer
encoder block (e.g., 6 CA layers for 12 ViT-B blocks). The visual patch tokens

O at layer * are queries and the adapted text tokens H are keys and values:

20 =caE O :Hy) = softmax %de Vi Q=Z8Wo; K=H (Wk; V =H Wy:
k

@
The output is integrated into the residual stream through a tanh gate with a
layer-speci c learnable scalar -, initialized to zero:

z{ =z +tanh( +) 20 (2)
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Since tanh(0) = 0, the model is identical to the frozen ViT at initialization.
Despite the zero-initialization, the gate still receives a learning signal since

@gl = sech?( -) 2{, and sec(0) = 1. Thus, - can move away from
zero during optimization, gradually activating the conditioning pathway and

allowing the model to incorporate language-based clues.

3.2 Training Objective

In order to encourage the vision encoder to leverage and incorporate language
clues, we design a pretext task requiring consideration of the prompt to be solved.
We select referential segmentation for this purpose, where, given an image X
and a prompt X; referring to a target object or entity, the model predicts which
patches correspond to the referred region.

The ground-truth y; is the fraction of foreground pixels of a pixel-wise binary
segmentation mask that is patchi ed to match the ViT's n n grid. A linear
classi er head maps each patch representation Z2 R¢ to a mask probability p;
through softmax. We adopt the soft cross-entropy loss to train our model:

P
L= " yilogp ; ©)

as it encourages the CA layers to route textual information into the correspond-
ing visual patch tokens, producing steered representations. Performing segmen-
tation on a patch- rather than pixel-level reduces the training complexity and
forgoes the need for pixel-level decoders.

3.3 Training Data

We train on a mixture of referential segmentation and grounding datasets with
diverse visual domains and textual expressions, comprising 162k unigque images
and 2.28M image-text pairs. Speci cally, we use RefCOCO/+/g [14, 34], Visual
Genome [16], LVIS [8], and Mapillary Vistas [24]. Details in the Supplement.

4 Experiments

In this section, we empirically validate properties of our learned steerable repre-
sentations and show applications to diverse downstream tasks.

Baselines. We compare SteerViT (w/ DINOv2 ViT-B/14) against multiple
model families that di er in how, and whether, they incorporate text into visual
features (see Supplement for feature-extraction details): (1) Unimodal vision
encoders: DINOv2 [25] and MAE [9] produce query-agnostic features with no
text conditioning. (2) Cross-modal encoders: CLIP [26] and SigLIP [35]; we
fuse visual and text embeddings via post-hoc element-wise addition (late fusion).
(3) MLLMs: InternVL3 [39], Qwen3-VL [3] and LFM-2.5-VL [2]; we extract
prompt-speci ed vision features by following the last-token summary pooling of
E5-V [13]. (4) Open-vocabulary (OV) localization: SAM3 [6] and Ground-
ingDINO [19]; we use and evaluate the intermediate multimodal state. Where
supported, models process images at 336 336 resolution.
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(a) Feature distribution across three (b) Non-salient object retrieval performance on CORE across
object types in the kitchen scene. model families.
Fig. 5: COnditional REtrieval (CORE) benchmark. Left: While DINOvV2 fea-

tures form scene-level clusters, appropriate prompting of SteerViT yields object-
speci ¢ clusters. Right: Substantial di erences in steerability between model families
exist, with OV localization methods and SteerViT o ering the greatest adaptability.

4.1 COnditional REtrieval: Steering Global Semantics with Text

We propose CORE (COnditional REtrieval), a text-conditioned image retrieval
benchmark to measure how well a model steers its global features with text.

We select 100 images each for three indoor and three outdoor scenes from
the SUN397 dataset [32] and inpaint ve objects contextually tting each scene
into each image using the FLUX.2 image editing model [17] (e.g., a fruit bowl in
a kitchen; a backpack in the park). We frame the problem as one-vs-all retrieval:
given a query image containing an inpainted object in scene S (e.qg., a fruit bowl
in a kitchen), the goal is to retrieve other images of S that also contain . This
quanti es how well a model can steer its global features away from shared scene-
level similarities (e.g., all images depict a kitchen) toward a speci ed non-salient
object (e.g., the fruit bowl). Both query and gallery images are encoded while
conditioned on the same brief description of . We measure the top-1 retrieval
accuracy over the remaining 495 samples of S with non-identical underlying
images (pre-editing). Details about the experimental setup and results on a per-
scene basis are reported in the Supplement.
Query-agnostic encoders collapse to salient concepts. Query-agnostic
encoders fail at conditional retrieval because their features collapse to the dom-
inant scene concept (Fig. 5). MAE barely exceeds random chance (20%) and
DINOv2, despite its object-centric representations, achieves only 44% acc@1.
Cross-modal visual encoders (CLIP, SigLIP) also perform poorly despite op-
erating in a shared vision-language space. In contrast, SteerViT achieves 96%
retrieval accuracy, con rming that text conditioning shifts the global represen-
tation from the scene level (kitchen) to the queried concept ( fruit bowl ).

Fig. 5a illustrates this on kitchen scenes for three objects via UMAP [23].
DINOv2 embeddings (top left) show no object separability, whereas our text-
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conditioned embeddings form clusters for di erent text prompts. This con rms
that SteerViT can reorganize its embedding space around the queried concept.
Late fusion does not enable steerability. Although CLIP and SigLIP op-

erate in a shared vision-language space, their visual features are extracted inde-
pendently of the query. Post-hoc element-wise addition of text yields a negligible
0.02% boost over their vision-only representations, con rming that late fusion
cannot steer frozen visual features. In contrast, by conditioning intermediate
representations on text (i.e., early fusion), SteerViT improves retrieval accuracy
from 43.7% (vanilla DINOv2) to 96.0%. While FLAIR's trained attention pool-
ing o ers greater steerability (81.3%) than typical cross-modal encoders, it still
falls short of SteerViT by 14.7 points.

MLLMs and OV models are steerable, but ine cient or specialized.

MLLMs can moderately steer their visual features but at substantial compu-
tational cost. SteerViT outperforms both InternVL3-1B and InternVL3-2B by
49 and 20 percentage points, respectively, while only adding 21M parameters
via cross-attention blocks compared to billion-parameter-scale LLMs (Tab. 1).
Open-vocabulary localization models (GroundingDINO, SAM3) are highly steer-
able, with SAM3 nearly matching SteerViT's retrieval accuracy. However, their
intermediate representations are optimized for localization and lack the general-
ity needed for downstream transfer, as discussed in Sec. 4.3.

Conditioning on a random class breaks retrieval. To verify that steer-

ability is genuinely text-driven rather than an artifact of training, we condi-
tion each model on a random (incorrect) object class. Doing this has no e ect
on CLIP and SigLIP performance, con rming their features are uncondition-
ally visual and not steerable. However, performance degrades drastically for
FLAIR and SteerViT (29:4 and 48:3 percentage points), indicating strong
text-dependence and corroborating that steerability is primarily prompt-driven.
OV models see similar large drops, consistent with their deep text integration.
MLLMs show only mild sensitivity, with InternVL3-1B declining by 7:6%.

In summary, SteerViT and OV localization models can reliably be steered through
text whereas standard ViTs collapse to salient concepts, with post-hoc late fu-
sion providing no bene ts. Although MLLMs o er moderate steerability, they
bear signi cant computational cost and diminished visual feature quality. Be-
yond CORE, SteerViT also transfers to conditional retrieval on unaltered natu-

ral images in the GeneCIS benchmark [31], reaching 25.4% R@1 versus 9.6% for
DINOv2 and 18.7% for the task-specialized baseline (details in the Supplement).

4.2 MOSAIC Localization: Text enables Targeted Attention

We examine how SteerViT routes and aggregates global representations via at-
tention to query-relevant tokens. For this, we construct a benchmark by stitching
together four images from PASCAL-VOC [7] into a single 2 2 mosaic, result-
ing in a total of 363 composite images with reduced saliency of each primary
subject. The [CLS]-to-patch attention scores in the nal self-attention block
highlight how global attention is redirected to regions speci ed by text prompt.
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