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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

SteerViT

DINOv2
Input Image

CLS Attention

“cat”

“bookshelf”

“remote control”

image-only

Prompt

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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  Steerable Visual Representations
  Goal: control what vision features encode
  Eval: retrieving images w/ prompted objects 
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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. 4.1)) 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. (2)), 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. 1: 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. ✓= satisfied, ✗ = not, G# =
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) ✗ ✓ ✗ 0
Cross-modal (CLIP) ✗ ✓ Late ∼200M
OV Localize (SAM3) ✓ ✗ Late ∼200M–1B
MLLM (Qwen3-VL) G# G# Late, in LLM ≥1B
SteerViT (Ours) ✓ ✓ Early, in ViT 21M

● Vision Encoder ◆ Multimodal LLM ★ SteerViT⬟ OV Localization
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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. 4.1) and how it organizes the embedding space
(so that clusters can be defined by specific attributes such as supercategories
or object parts; Sec. 4.5).

– Representation quality: The steered representation should support di-
verse visual tasks, such as retrieval, classification, and segmentation (Sec. 4.3).

When considering prior art, we find that no existing approach simultaneously
satisfies these desiderata (see Tab. 1). Most vision-language architectures first
encode images independently and only later fuse the modalities (see Fig. 3). 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 (MLLMs) 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 (Fig. 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. 1).

Analogous to how prompting adapts (M)LLMs to novel tasks without retrain-
ing, language can adapt our steerable visual representations to novel domains
without fine-tuning. Across diverse tasks spanning text-guided image retrieval
(Sec. 4.1), personalized object discrimination (Sec. 4.4), and industrial anomaly
detection (Sec. 4.6), SteerViT, without task-specific training, matches or out-
performs strong baselines, including DINOv2, SAM3, 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 efficient
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-specific training.

2 Related Work

Visual representation families. We summarize popular approaches against
our desiderata in Tab. 1 and compare their architectures in Fig. 3. Unimodal
self-supervised encoders (DINOv2 [25], MAE [9]) learn rich visual features but
are query-agnostic. Cross-modal encoders (CLIP [26], SigLIP [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 effectively 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 (Fig. 2).
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
final 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
SteerViT Training

MLP

Patch Embedding

“The cute dog in 
the center eating 
a Belgian waffle”

Classification Head

RoBERTa

Patch-level 
SoftCE Loss

…

…

…
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Fig. 4: Steering any ViT us-
ing text conditioning. Our
method adds lightweight vision -
to- language cross-attention lay-
ers within pretrained ViT blocks
and applies a patch-level segmen-
tation proxy objective to fuse
prompt cues into patch tokens.

We describe the architectural modifications
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. For an image Xv ∈
RH×W×3, a ViT produces a sequence of N
patch tokens Zv ∈ RN×dv and optionally a
[CLS] token (dv is the embedding dimension).
All original ViT 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
improves steerability of SigLIP and MAE.

B. Text encoder. We adopt a frozen,
pretrained text encoder (RoBERTa-Large [20])
to produce token-level embeddings Zt ∈
RL×dt for a given input conditioning prompt
Xt, where L is a variable number of text to-
kens and dt is the text embedding dimension.

C. Multimodal adapter. Each text embedding Zi
t is ℓ2-normalized and

fed through a trainable two-layer MLP that projects the sequence into a visual-
aligned embedding space Ht ∈ RL×dv .

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
Z

(ℓ)
v at layer ℓ are queries and the adapted text tokens Ht are keys and values:

Ẑ(ℓ)
v = CA(Z(ℓ)

v , Ht) = softmax
(
QK⊤
√
dk

)
V, Q = Z(ℓ)

v WQ, K = HtWK , V = HtWV .

(1)
The output is integrated into the residual stream through a tanh gate with a

layer-specific learnable scalar αℓ, initialized to zero:

Z(ℓ+1)
v = Z(ℓ)

v + tanh(αℓ) · Ẑ(ℓ)
v . (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
∂Z(ℓ+1)

v

∂αℓ
= sech2(αℓ) · Ẑ(ℓ)

v , and sech2(0) = 1. Thus, αℓ 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 Xv

and a prompt Xt referring to a target object or entity, the model predicts which
patches correspond to the referred region.

The ground-truth yi is the fraction of foreground pixels of a pixel-wise binary
segmentation mask that is patchified to match the ViT’s n × n grid. A linear
classifier head maps each patch representation Zi

v ∈ Rd to a mask probability pi
through softmax. We adopt the soft cross-entropy loss to train our model:

L = −
∑n×n

i=1 yi log pi , (3)

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 unique images
and 2.28M image-text pairs. Specifically, 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 differ 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-specified 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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Fig. 5: COnditional REtrieval (CORE) benchmark. Left: While DINOv2 fea-
tures form scene-level clusters, appropriate prompting of SteerViT yields object-
specific clusters. Right: Substantial differences in steerability between model families
exist, with OV localization methods and SteerViT offering 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 five objects contextually fitting 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 Ω in scene S (e.g., a fruit bowl
in a kitchen), the goal is to retrieve other images of S that also contain Ω. This
quantifies how well a model can steer its global features away from shared scene-
level similarities (e.g., all images depict a kitchen) toward a specified non-salient
object (e.g., the fruit bowl). Both query and gallery images are encoded while
conditioned on the same brief description of Ω. 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, confirming 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 different text prompts. This confirms
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, confirming 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 offers 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 inefficient 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 effect
on CLIP and SigLIP performance, confirming 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 benefits. Although MLLMs offer moderate steerability, they
bear significant 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 final self-attention block
highlight how global attention is redirected to regions specified by text prompt.
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Fig. 6: Text enables targeted attention. Attention maps on a four-image mo-
saic demonstrate that text conditioning with SteerViT redirects self-attention to the
queried concept whereas DINOv2 attends to the most prominent objects. Note that
the [CLS] token of SteerViT was not directly optimized for targeted attention and
remains frozen in its original state.

Qualitative analysis. As revealed by Fig. 6, DINOv2’s attention map fo-
cuses primarily on the prominent “pony” and “airplane” entities, confirming the
saliency bias hypothesized in Sec. 1. In contrast, SteerViT conditioned on “per-
son” routes attention to the barely visible person in the top-left. When prompted
with “potted plant”, it distributes attention among the class instances in the
bottom-right image. Additional qualitative examples are in the Supplement.
Quantitative evaluation. We quantify this effect by measuring the area un-
der the precision-recall curve (PR-AUC) of the attention heatmaps and the
ground-truth segmentation masks for each object type appearing in the mosaic
instance. DINOv2 cannot be actively steered and primarily focuses on prominent
objects, resulting in a low PR-AUC of 14.3%. SteerViT can be steered with text
to focus on objects of interest, achieving a substantially higher score of 50.2%.

Finding 1. SteerViT steers its visual features with text towards queried
concepts, whereas standard encoders collapse to prominent visual cues.

4.3 Preserving Visual Representation Quality while Steering

While previous sections revealed steerability for SteerViT and OV localization,
this is only useful if it preserves the downstream transfer, an important property
of good visual representations. A naïve solution that overwrites visual features
with text yields perfect steerability but destroys the underlying representation.

To assess this trade-off, we contrast CORE performance (cf. Sec. 4.1) with
vision-centric downstream tasks intended to measure representational quality.
In addition to training linear probes on global features across three fine-grained
classification datasets (ImageWoof [11], Waterbirds [27], StanfordCars [15]), bi-
nary object-of-interest segmentation on ADE20k [37] gauges the dense encoding
performance. Here, promptable models are conditioned on the superclass (e.g.,
“dog” for ImageWoof) and the ADE20k class name, respectively. For Fig. 2 and 7,
both scores are averaged. Additional details are in the Supplement.
Steerability ↔ Representation quality trade-off. Fig. 2 (right) maps
models along these two axes, revealing three regimes: (1) Open-vocabulary lo-
calization methods (SAM3 and GroundingDINO) achieve high steerability but
produce localization-specific features that score poorly on generic vision tasks.
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Fig. 8: Text controls feature granularity. Left: The quality of personalized rep-
resentations produced by SteerViT improves drastically with more detailed prompts
for text conditioning (TC), even surpassing a supervised fine-tuned DINOv2 . Right:
Retrieval improves when SteerViT is given more detailed descriptions.

(2) MLLMs perform reasonably on classification but falter on dense prediction
tasks and require billions of parameters for moderate steerability. (3) Query-
agnostic encoders (DINOv2, SigLIP) produce rich transferable features but
cannot be steered. SteerViT bridges this gap, achieving high steerability while
fully preserving the representation quality of the underlying ViT.
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Fig. 7: Post-hoc modulation.
Scaling CA gates αℓ at inference
for continuous interpolation be-
tween vanilla ViT and SteerViT
properties. A factor of 0.6 pro-
vides the optimal steerability-
quality trade-off for SigLIP- and
DINOv2-based models.

Cross-attention gate as a continuous con-
trol knob. The tanh-gated cross-attention
mechanism (Eq. (2)) provides an implicit con-
trol knob for text conditioning strength. At in-
ference, we can scale the learned gating param-
eters αℓ by a factor ω ∈ [0, 1] to smoothly
interpolate between the unaltered ViT sub-
space and a fully text-conditioned state. Plot-
ting this trajectory (Fig. 2, Fig. 7) reveals a
clear Pareto frontier with an optimal operat-
ing point at a scaling factor of ω=0.6 for DI-
NOv2 and SigLIP, where both slightly exceed
the original ViT’s representation quality while
unlocking high steerability. Most strikingly, for
MAE, representation quality monotonically im-
proves as ω increases, rising from 40 at ω=0.0 to
50 points at ω=0.6. Text conditioning enriches
MAE’s features with semantic structure, mak-
ing them more transferable.

Finding 2. SteerViT produces the first family of visual representations
that can be steered with text without sacrificing the representation quality
of the underlying vision encoder.
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4.4 Text Specificity Guides Semantic Granularity

Next, we explore the role of text in forming high-fidelity visual representations.
For this, we choose Personal Object Discrimination Suite (PODS) [28], a bench-
mark evaluating the formation of instance-aware feature spaces via the ability
of models to recognize particular objects (e.g., your mug vs. all other mugs).
Given a small set of reference images, PODS computes cosine similarities on
frozen global features and performs: (i) one-vs-all instance classification as well
as (ii) similarity-based retrieval over a set of test images. Following [28], we
report PR-AUC for classification and NDCG for retrieval.
From coarse to fine-grained steering. We vary the amount of detail pro-
vided to SteerViT via the text prompt from coarse supercategories (e.g., “mug”,
“shoe”), object names (e.g., “white ECCV mug”), to comprehensive MLLM-
generated descriptions of each instance’s visual appearance. As shown in Fig. 8,
the semantics of the steered representations are sensitive to the prompt speci-
ficity. When conditioning is too coarse, the model overlooks fine-grained cues
necessary for discriminating instances within an object category, yielding slightly
worse performance than vanilla DINOv2 (27.9% vs. 29.6% PR-AUC). Enriching
the prompt with instance-level descriptions substantially boosts performance to
58.1% PR-AUC, surpassing custom DINOv2 variants fine-tuned on synthetic
task-specific data (48.0% PR-AUC) and nearly closing the gap between zero-
shot and fine-tuned DINOv2 on retrieval (77.3% vs. 79.6% NDCG). This result
is particularly noteworthy given that DINOv2 fine-tuning is object-specific, re-
quiring a separate model per object class: 100 models in this setting compared to
a single SteerViT model. These results demonstrate that SteerViT does not sim-
ply add information to the visual encoder but precisely controls the granularity
of its visual features through the level of detail in the text prompt.

Finding 3. The level of detail in text conditioning directly controls the
granularity of the steerable visual representations.

4.5 Visualizing and Analyzing the Steered Embedding Space

The results on PODS (Sec. 4.4) indicate that query specificity dictates the level
of semantic abstraction of steerable visual representations. Next, we explore how
text conditioning shapes the embedding space topology of SteerViT using two
complementary modes: steering along the semantic hierarchy and steering by
compositional attributes.

Here, we select 500 images containing exactly one out of eight curated classes
from PASCAL-VOC [7]. Encoded features are reduced to 2D using UMAP [23].
Steering Along the Semantic Hierarchy. As shown in Fig. 9(1), DINOv2
embeddings cluster rigidly by object class. Conditioned on “animal” (2), two
macro-clusters emerge for SteerViT, containing all animal and non-animal classes,
respectively. Crucially, fine-grained structure is preserved (e.g., dogs and cats
remain closer than birds), confirming that text controls clustering granularity
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non-animal

animal animal 
(not bird)

bird non-animal animate

inanimate

(2) (3)(1) (4)

Fig. 9: SteerViT steers embedding topology via text. We show sub-sampled
UMAP projections of 500 images across eight PASCAL-VOC classes. (1) DINOv2
clusters by object class. (2) Conditioning SteerViT on “animal” merges animal classes
into one cluster while separating non-animals. (3) Conditioning on “bird” increases bird
vs. non-bird separability while preserving the animal/non-animal macro-structure. (4)
Conditioning on “eye” groups all animate classes (including “person”, clustered with
inanimate classes previously) together, demonstrating compositional attribute steering.

without destroying object-level semantics. When conditioned on “bird” (3) sepa-
rability between bird and non-bird images increases while preserving the higher-
level animal versus non-animal macro-separation. This confirms that text can
steer clustering at multiple levels of the semantic hierarchy, an emergent behav-
ior not actively encouraged during training.
Steering by Compositional Attributes. Beyond semantic categories, text
conditioning enables arbitrary grouping criteria, e.g., by shared object parts,
defining a grouping principle orthogonal to semantic categories. Conditioning on
“eye” (Fig. 9(4)) produces two macro clusters: animate classes that possess eyes
versus inanimate objects that do not. Notably, person images, which were farther
from animals under previous conditioning, now cluster together with them as
the shared attribute “has eyes” overrides the semantic category boundary. This
demonstrates that we can steer representations by compositional properties, not
just taxonomy.

Finding 4. SteerViT can reorganize its embedding space using text,
controlling both the level of semantic abstraction and clustering criteria.

4.6 Text Facilitates Domain Transfer

The previous sections showed that SteerViT uses text to steer global features and
route attention to queried objects, while preserving the representation quality
of the underlying ViT. We now ask: Does this language-conditioned flexibility
translate into generalization to novel downstream tasks and unseen domains?

Besides generalization to novel tasks like PODS (shown in Sec. 4.4), we show-
case SteerViT’s adaptability to extreme out-of-distribution settings by perform-
ing anomaly segmentation (AS) on the industrial MVTec AD [4] dataset. Here,
models are conditioned on prompts “the anomaly in the <object>” and anomaly
maps are derived by upsampling the heatmaps produced by the learned linear
segmentation head (Fig. 10). We compare SteerViT to other segmentation mod-
els and dedicated zero-shot AS methods using Per-Region-Overlap (PRO). More
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Fig. 10: Anomaly segmentation heatmap pro-
duced by SteerViT. Language-conditioning enables
robust zero-shot generalization to this OOD task.

Method PRO
MaskCLIP [38] 40.5
CLIPseg [21] 34.6
SAM3 [6] 54.5

WinCLIP [12] 64.6
DIVAD [10] 73.3
FADE [18] 84.5

SteerViT 82.1

Table 2: ZS anomaly
segmentation (MVTec).
Dedicated methods in gray.

details are provided in the Supplement. Tab. 2 shows SteerViT matching dedi-
cated methods despite the extreme OOD setting. These results reinforce the pat-
tern of text-driven steering unlocking capabilities already present in the frozen
ViT and transferring them to domains beyond the training distribution.

Finding 5. SteerViT can use natural language to transfer rich unimodal
vision encoders to OOD domains without task-specific training.

4.7 Analysis of SteerViT

Table 3: We separately ablate SteerViT’s three
principal design choices (marked ✗).
Early Tanh MLP FG-CLS ADE CORE PODS
Fusion Gate Proj. ↑ ↑ ↑ ↑

– – – 89.0 53.7 43.7 29.6
✓ ✓ ✓ 87.7 55.4 96.0 58.1

✗ ✓ ✓ 91.8 55.5 93.3 36.6
✓ ✗ ✓ 83.5 55.3 94.6 47.1
✓ ✓ ✗ 86.7 54.5 95.2 56.4

✗ in Early Fusion means late fusion. ✗ in Tanh
Gate means ungated cross-attention. ✗ in MLP
Proj. means single linear layer. Vanilla DINOv2
(top, gray) is vision-only.

We ablate three key architec-
tural and training decisions in
SteerViT to isolate the contribu-
tion of each. More ablations are
in the Supplement. Unless oth-
erwise noted, experiments use
the DINOv2 ViT-B/14 back-
bone and the RoBERTa-Large
language model and are trained
at 3362 resolution with a batch
size of 12 for 500k iterations
(∼84 H100 GPU-hours) on the
full data mixture (Sec. 3.3), us-
ing AdamW with a cosine schedule that warms up to 3×10−4 over 5k steps,
decays to 3×10−5 by 40k steps, and remains constant thereafter. We test fine-
grained classification probe accuracy (FG-CLS; Sec. 4.3), referential segmenta-
tion performance (ADE; Sec. 4.3), steerability via CORE (Sec. 4.1), and PR-
AUC on PODS with descriptive prompts (Sec. 4.4).
Architecture Choices. SteerViT has three principal design choices: early
fusion of text within the ViT, tanh-gated CA layers, and MLP text projector.
Tab. 3 ablates each component.
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Early vs. late fusion. We interleave gated cross-attention within ViT layers
(early fusion). Late fusion (Tab. 3, row 3) adds text only after the final ViT
layer. While late fusion (row 3) also achieves high steerability (93.3) and higher
FG-CLS (91.8 vs. 87.7), it reduces PODS performance dramatically (36.6 vs.
58.1). This illustrates the importance of early fusion for fine-grained tasks as the
gap vanishes (26.5 vs. 27.9) when conditioning on coarse supercategory prompts.

Role of gating. Removing the zero-initialized tanh gate (row 4) reduces FG-
CLS, CORE, and PODS by 4.2, 1.4, and 11.0 points below SteerViT (row 2),
showing that ungated cross-attention disrupts frozen features.

Language projector. A two-layer MLP projects RoBERTa features to the ViT
space (Sec. 3.1). Replacing it with a linear projector (row 5) lowers FG-CLS by
1.0 and PODS by 1.7 points, indicating that the MLP better aligns modalities.

Table 4: Steering different
ViT pretraining approaches.
SteerViT consistently outperforms
late fusion, with the largest gains
on weaker backbones.

Backbone CORE ↑
Base Late SteerViT

DINOv2 43.7 93.3 96.0
SigLIP 38.3 75.4 91.3
MAE 21.8 41.0 74.9

Generalization Across Pretrained Back-
bones. To validate that our approach gen-
eralizes beyond DINOv2, we apply SteerViT
to two additional ViTs: SigLIP [35] and
MAE [9]. Tab. 4 compares vanilla, late fu-
sion, and early fusion (SteerViT) variants.

Overall, DINOv2 produces the strongest
steerable representations, consistent with its
richer self-supervised features. SigLIP and
MAE similarly benefit from text condition-
ing but start from weaker baselines. Early fusion consistently outperforms late
fusion across all three ViT families. The advantage is more pronounced for MAE
and SigLIP, where early fusion boosts steerability by 33.9 and 15.9 points, re-
spectively. These larger early-fusion gains compared to DINOv2 (2.7) align with
our layer-wise analysis in the Supplement, where SteerViT representations di-
verge earlier from their base ViTs for MAE and SigLIP, suggesting that language
injection is beneficial when the visual features are less semantically mature.

5 Conclusion

We introduce Steerable Visual Representations (SteerViT), a new class of vi-
sual representations that equip any pretrained visual encoder with the ability to
steer its features with natural language. SteerViT inverts the MLLM paradigm
by conditioning the visual encoder on language. By interleaving lightweight cross-
attention layers into frozen ViT blocks, our method steers both global and local
features with text while preserving the base ViT’s representation quality, achiev-
ing a Pareto improvement over prior approaches with only ∼21M trainable pa-
rameters. Across personalized object discrimination and industrial anomaly seg-
mentation, our method matches or surpasses dedicated methods without task-
specific training, generalizing across multiple ViT backbones. These results sug-
gest that text can serve as a lightweight, post-hoc steering mechanism that ex-
tends the capabilities of rich vision encoders to new domains without fine-tuning.
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