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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 e [edtiveness 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: SteerVIiT 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. ) 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
o [skeerability for representation quality, SteerViT preserves both. By modulating a
gating factor (Eg. ), SteerVIiT achieves a new Pareto frontier.

1 Introduction

Pretrained Vision Transformers (ViTs) such as DINOv2 [30], MAE [11], and
SigLIP provide a generic representation of an image 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 prominent object in
the image, likely due to the well-known photographer bias and object-centric
vision datasets . 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. 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
s . N [~ N N . . N ( Y
I Vision Encoder Multimodal LLM OV Localization 1 SteerViT
(e.g., DINOv2, CLIP) (e.g., Qwen-VL, InternVL) (e.g., Gr-DINO, SAM3) (Our Method with any pretrained ViT)
Image Image Prompt Prompt Image
\ / Patch Embedding
Image
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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. |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. . 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] (see Sec. .
While Multimodal 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 controllability, 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 VIiT 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. .

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. , personalized object discrimination (Sec. , 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 e [cieht
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. [I] and compare their architectures in Fig. 3] Unimodal
self-supervised encoders (DINOv2 [30], MAE [11]) learn rich visual features but
are query-agnostic. Cross-modal encoders (CLIP [32], SigLIP [43]) 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 [edtively with text while preserving its representation quality.
The closest attempt, FLAIR [41], 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. .
Concurrent works condition visual features on text but target narrow pipelines.
TIE [37] injects query tokens into the image encoder to reduce visual tokens in
MLLMs, optimizing for document understanding. ELIP [44] prepends text in
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the VIiT to improve text-to-image retrieval re-ranking. TEVI [27] 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
e

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

3.1 Architecture

As illustrated in Fig. [} our SteerViT consists
of four components:

SteerViT Training

OThe cute dog in
the center eating
a Belgian waffleO

\ RoBERTa*/ [ Patch Embedding 3% |
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patch tokens Z, 2 RN 9v and optionally a
[CLS] token (dy 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 [30] as |_ N EE )
our backbone, we show that our approach also
improves steerability of SigLIP and MAE.
B. Text encoder. We adopt a frozen,

Fig.4: Steering any ViT us-
ing text conditioning. Our
method adds lightweight vision -

pretrained text encoder (RoBERTa-Large [25])
to produce token-level embeddings Z; 2
RY d¢ for a given input conditioning prompt
Xt, where L is a variable number of text to-
kens and d; is the text embedding dimension.

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.

C. Multimodal adapter. Each text embedding Z t' is ‘>-normalized and
fed through a trainable two-layer MLP that projects the sequence into a visual-
aligned embedding space H; 2 Rt 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

z9 at layer * are queries and the adapted text tokens H ; are keys and values:

>
29 =cAa@ & ;H,) = softmax %% V:; Q=Z9OWq; K=H Wk ; V =HWy:
k

€y
The output is integrated into the residual stream through a tanh gate with a
layer-specific learnable scalar -, initialized to zero:

z&D =70 +tanh( ) 20 )
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Since tanh(0) = 0, the model is identical to the frozen VIiT at initialization.

Despite the zero-initialization, the gate still receives a learning signal since
‘+1) G

% = sech?( ) 28, and secf(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 patchified to match the ViT’s n n grid. A linear
classifier head maps each patch representation Z| 2 RY to a mask probability p;
through softmax. We adopt the soft cross-entropy loss to train our model:

P
L= Lvilogp; 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 span-
ning diverse visual domains and textual expression styles, comprising 162k unigue
images and 2.28M image-text pairs. Specifically, we use RefCOCO/+/g [17,42],
Visual Genome [19], LVIS [10], and Mapillary Vistas [29]. Details in Sec.

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 diled in how, and whether, they incorporate text into vi-
sual features (see Sec. for feature-extraction details): (1) Unimodal vision
encoders: DINOv2 [30] and MAE [11] produce query-agnostic features with no
text conditioning. (2) Cross-modal encoders: CLIP [32] and SigLIP [43]; jwe
fuse visual and text embeddings via post-hoc element-wise addition (late fusion).
(3) MLLMs: InternVL3 [47],|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 [15]. (4) Open-vocabulary (OV) localization: SAM3 [6] and Ground-
ingDINO [24]; 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 DINOv2 fea-
tures form scene-level clusters, appropriate prompting of SteerViT yields object-
specific 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 [40] and inpaint five objects contextually fitting each scene
into each image using the FLUX.2 image editing model [21] (e.g., a fruit bowl in
a kitchen; a backpack in the park; see [B.1.1] for details). We frame the problem
as one-vs-all retrieval: given a query image containing an inpainted object in
scene S (e.g., a fruit bowl in a kitchen), the goal is to retrieve other images of S
that also contain . 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 . 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
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. . MAE barely exceeds random chance (20%) and
DINOvV2, 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. [5al illustrates this on “kitchen” scenes for three objects via UMAP [28].
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 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 o[erk 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 inel@ient 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. .
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 condition
each model on a random (incorrect) object class (Tab. @ Doing this has no
eedt on CLIP and SigLIP performance, confirming their features are uncondi-
tionally 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 o[en 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 [39], reaching 25.4% R@1 versus 9.6% for
DINOv2 and 18.7% for the task-specialized baseline (details in Sec. [B.1.2).

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 [8] 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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Input Image DINOV2 Attention SteerViT (‘person’) SteerViT (‘pottedplant’)

-~

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. [T} 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 Fig. [15]
Quantitative evaluation. We quantify this e [edt 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. DINOvV2 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 naive solution that overwrites visual features
with text yields perfect steerability but destroys the underlying representation.
To assess this trade-o [We contrast CORE performance (cf. Sec. 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 [13], Waterbirds [34], StanfordCars [18]), bi-
nary object-of-interest segmentation on ADE20k [45] 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. and
both scores are averaged. Additional details are in supplement [D.3]
Steerability $ Representation quality trade-ol]l Fig. 2 (right[| maps
models along these two axes, revealing three regimes: (1) Open-vocabulary lo-
calization methods (SAM3 and GroundingDINQO) achieve high steerability but
produce localization-specific features that score poorly on generic vision tasks.
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Query Image Top-1 Top-2 Top-3
“the mug" 0.950 0.949 0.948

Classification Retrieval
296 DINOV2 (Zero-Shot) 67.0
SteerViT (Zero-Shot) “the white mug” 0.968 0963 0.960
27.9 TC: Supercategory 503 |
44.0 TC: Object Names 683 |
158.1 TC: Description 773
' ' ‘the white enamel mug with
black dots and a black rim" 0.981 0.970 0.966
480 DINOV2 (Fine-Tuned) 79.6
60 40 20 0 0 2 s 15
PR-AUC NDCG

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 (DINOvV2, 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.

Cross-attention gate as a continuous con- , , ,
trol knob. The tanh-gated cross-attention E?; 100+ StesrtggBLNouvé :
mechanism (Eq. ) provides an implicit con- ¢ 06 o4
trol knob for text conditioning strength. At in- £ 80f See™AF ]
ference, we can scale the learned gating param- § o8 oz
eters . by a factor ! 2 [0;1] to smoothly & eot 06 1
interpolate between the unaltered ViT sub- § w0l ’ ]
space and a fully text-conditioned state. Plot- & MAE 404 Sigﬁp')Novz
ting this trajectory (Fig. [} Fig. [7) reveals a * 20} ® <0z ]

clear Pareto frontier with an optimal operat- 40 60, _50
ing point at a scaling factor of 1=0:6 for DI- Representation Quality
NOv2 and SigLIP, where both slightly exceed Fig.7: Post-hoc modulation.
the original ViT’s representation quality while Scaling CA gates - at inference
unlocking high steerability. Most strikingly, for for continuous interpolation be-
MAE, representation quality monotonically im- tween vanilla ViT and SteerViT
proves as ! increases, rising from 40 at 1=0:0 to  Properties. A factor of 0:6 pro-
50 points at !=0:6. Text conditioning enriches V:Jd;? ﬂt]rea d?g?-?elr :ele_rla;)_”;t:(;
MAE'S features with semantic structure, mak- glNg/Z-based models?

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) [36], 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 [36], 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.
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. 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 [8]. Encoded features are reduced to 2D using UMAP [28].
Steering Along the Semantic Hierarchy. As shown in Fig. 9(1),@INOV2
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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(€} @) 3) 4)
. animal .
animal (not bird) inanimate
O bird

non-animal non-animal animate

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. @](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 MVVTec 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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Method PRO
MaskCLIP [46] 40.5
CLIPseg [26] 34.6

SAMS3 [6] 54.5
WiInCLIP [14] 64.6
DIVAD [12] 73.3
FADE [22] 84.5
SteerViT 82.1
Fig. 10: Anomaly segmentation heatmap pro- Table 2: ZS anomaly
duced by SteerViT. Language-conditioning enables segmentation (MVTec).
robust zero-shot generalization to this OOD task. Dedicated methods in gray.

details are provided in Sec. B3] Tab. [2] shows SteerViT matching dedicated
methods despite the extreme OOD setting. These results reinforce the pattern
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 7).

Early Tanh MLP FG-CLS ADE CORE PODS
Fusion Gate Proj. " " "

We ablate three key architec-
tural and training decisions in
SteerViT to isolate the con-
tribution of each. More abla-
tions are in Sec. Unless oth-
erwise noted, experiments use
the DINOv2 ViT-B/14 back-
bone and the RoBERTa-Large 83:5 553 946 471
language model and are trained 7 867 545 952 564
at 336 resolution with a batch 7 in Early Fusion means late fusion. 7 in Tanh
size of 12 for 500k iterations Gate means ungated cross-attention. 7 in MLP

(84 H100 GPU-hours) on the Proj. means sin.g!e linear layer. Vanilla DINOv2
full data mixture (Sec. [3.3), us- (t0P, gray) is vision-only.

ing AdamW with a cosine schedule that warms up to 310 # over 5k steps,
decays to 310 ° by 40k steps, and remains constant thereafter. We test fine-
grained classification probe accuracy (FG-CLS; Sec. , 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.

89:0 53:7 43:7 296
87:7 554 96.0 58.1

3
3 91.8 55.5 93:3 366
3

W wa W
WNw w
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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. . 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.
Generalization Across Pretrained Back- Table 4: Steering dilerent
bones. To validate that our approach gen- ViT pretraining approaches.
eralizes beyond DINOV2, we apply SteerViT SteerViT consistently outperforms
to two additional ViTs: SigLIP [43] and late fusion, with the largest gains
MAE [11]. Tab. [ compares vanilla, late fu- ©On weaker backbones.
sion, and early fusion (SteerViT) variants.  gackbone CORE"™

Overall, DINOv2 produces the strongest Base Late EEENIN
steerable representations, consistent with its DINOv2  43.7 93.3 el
richer self-supervised features. SigLIP and i/llil\_EIP gi'g Zj'g 31'3
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 (Fig. , where SteerViT representations diverge earlier
from their base ViTs for MAE and SigLIP, suggesting that language injection is
beneficial when the underlying 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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Steerable Visual Representations
Supplementary Material

In the following, we discuss the inspiration of our work from human image
perception (Sec. , additional qualitative and quantitative results on CORE,
GeneClIS, MOSAIC, and anomaly segmentation (Sec. [B), additional ablations
(Sec. , and details of experimental setup such as training dataset and feature
extraction process (Sec. @

A Motivation: Parallels to Human Image Perception

Fig.[I)illustrates how human gaze patterns over the same image shift depending
on a task-relevant textual prompt [5], providing inspiration from neuroscience
for SteerViT’s early fusion of language into the visual encoding process.

Fig. 11: Human gaze patterns. Eye movement patterns di[ed when observers are
instructed to locate a person looking out of a window in the tower (green) versus when
no contextual instruction is provided (red). Adapted from [5].

B Additional Qualitative and Quantitative Results

This section provides further details about the employed evaluations, provides
gualitative examples and reports additional results.
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Table 5: Overview of scene and object types used in CORE benchmark.
Each of the three indoor and outdoor environments is paired with five corresponding
objects, that are inpainted into images of that scene using an image editing model. The
prompts provide contextual guidance, indicating the object the model should focus on.

Indoor

Kitchen Living Room Bathroom

the black blender with a the small black TV remote. the small yellow rubber
transparent glass cup. the small bouquet of red duck.

the fruit bowl with fresh roses in a white and gray the wet mop with a red
red apples. vase. handle.

the green glass bottle of
olive oil.

the dark green kitchen
towel.

the gray plate with a slice
of pepperoni pizza.

the stack of multiple
books.

the black and white soccer
ball.

the bottle of red wine.

the stack of white toilet
paper rolls on the floor.

the small pink carpet on
the floor.

the hanging winter coat.

Outdoor

Street Suburb Park

the apple tree with ripe the coiled green garden the baby stroller.
apples. hose. the orange traffic cone.

the small metal trash can.

the blue curbside mailbox.

the small birdhouse on a

the American flag. the bicycle leaning against post.

the zebra walking on the something. the dark blue hiking
street. the orange basketball. backpack.

the puddle with water on the red fire hydrant. the colorful kite lying on
the street. the grass.

B.1 Assessing Representational Steerability

B.1.1 Controlled Prompt-Conditional Retrieval on CORE

For our COnditional REtrieval (CORE) benchmark introduced in Sec. we
select 100 base images for each of six scenes (three indoor and three outdoor en-
vironments) from SUN397 [40]. For each image, we create five separate instances
by inpainting a scene-relevant background object (e.g., an “olive oil bottle” in
“kitchen™) using FLUX.2 [dev] [21], resulting in a total of 500 images per scene.
The selected scenes, the corresponding five objects added to each scene and the
text-conditioning prompts are reported in Tab. [5|

To test the ability of visual encoders to steer their global representations in
order to retrieve images relevant to a specified prompt, we frame the problem
as one-vs-all retrieval. For each image X, containing object , the objective
is to retrieve other instances including . Here, all images (query and gallery
instances) are encoded with the same object-specific prompt X, (cf. Tab. . For
a given query image, the gallery is comprised of 495 variations with non-identical
base images of the same scene. The steerability score is calculated using top-1
retrieval accuracy and averaged across query images and object types.

We report detailed quantitative results on a per-scene basis in Table [g]

SteerViT (green) consistently outperforms query-agnostic ViTs (blue), MLLMs
(red), and OV localization models (yellow) across all indoor and outdoor scenes,
surpassing the underlying DINOv2 by an average of 52.5 points. When con-
ditioned on a randomly chosen incorrect object (7), SteerViT’s accuracy drops
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Table 6: Per-scene performance on the CORE benchmark. SteerViT performs
consistently best across all indoor and outdoor scenes when using the correct prompt
(X). When text-conditioning on an object other than the one to retrieve (7; incorrect
prompt), performance drops significantly.

Method Bathroom Kitchen Liv. Room Park Suburb  Street

X 7 X 7 X 7 X 7 X 7 X 7
MAE 22:0 n/a 20:.0 n/a 19:4 n/a 256 n/a 21:7 n/a 22:4 n/a
DINOvV2 54:8 n/a 38:.0 n/a 30:8 n/a 56:7 n/a 34:3 n/a 47:6 n/a
SigLIP 61:2 61:6 31:0 29:4 35:2 35:0 31:6 32:6 30:3 30:9 40:4 39:8
CLIP 64:2 64:2 37:6 37:6 47:6 47:6 44:6 44:2 26:3 26:3 44:8 44:8
FLAIR 95:6 69:0 79:6 42:2 82:0 48:.0 74:4 55:8 84:6 54:3 71:4 42:2

InternVVL3-1B 61:8 54:4 35:6 28:4 43:.0 32:6 50:2 42:3 42:9 33:1 48:6 45:6
InternVVL3-2B 89:4 70:2 70:2 42:2 60:6 36:4 75:8 57:.7 81:1 50:3 78:8 57:2
Qwen3-VL-2B 81:6 57:6 48:8 30:8 63:8 33:6 66:5 46:1 64:0 34:3 64:8 45:4
LFM2.5-VVL-1.6B 85:0 73:8 56:4 42:.0 64:6 49:0 66:5 48:8 72:0 51:4 73:4 64:0
GroundingDINO 89:4 30:2 89:6 24:8 91:.0 25:2 86:5 33:5 93:1 29:7 81:6 28:6
SAM3 97:8 35:6 95:4 27:0 91:4 26:6 94:.0 33:.0 95:4 21:7 85:6 26:0
SteerViT 99:2 44:4 98:6 43:6 96:6 49:4 93:.0 58:1 97:7 56:0 90:8 34:4

drastically, whereas cross-modal encoders (CLIP and SigLIP) see negligible changes.
This confirms that text actively shapes the visual representation in SteerViT,
unlike cross-modal encoders where no cross-modal interaction influencing the
nature of the vision features occurs.

Figure [I2] illustrates qualitatively how retrievals di [ef for a prompt-agnostic
generic vision model like DINOv2 (blue) and our prompt-aware SteerViT (green)
for one indoor and outdoor scene each. Whereas DINOv2 mostly encodes scene-
level appearance and retrieves visually similar images, SteerViT focuses on the
objects specified in the prompt and retrieves images containing those. Despite
many of the inpainted objects being very small and in the background, the global
features incorporate them su [ciehtly to allow for highly accurate retrievals.

B.1.2 Steerability transfers to real-world conditional retrieval.

To assess whether the behavior observed on

_CORE transfers l?gyond our controlled inpaint- mark. SteerViT _outperforms
ing setup, we additionally evaluate on the Focus 5 nov2 and specialized meth-
Object split of GeneCIS [39], a zero-shot bench- 4 4s in challenging real-world con-
mark for conditional image retrieval in real im-  djtional similarity benchmark.
ages. Unlike CORE, which explicitly controls Focus Object "
object presence and scene context, GeneCIS re- Method R@1 R@2 R@3
quires identifying the image that best matches DINOv2 96 195 28.4
the reference scene while also containing the SteerViT 25.4 39.1 49.9
queried object. The retrieval gallery contains Specialized 18.7 30.3 37.4
distractors that either share the scene but omit
the object or contain the object in a dilerknt scene. Despite this more chal-
lenging setting, SteerViT transfers well in zero-shot evaluation, reaching 25.4%
R@1, compared to 9.6% for DINOv2 and 18.7% for the benchmark’s specialized

Table 7: GeneCIlS bench-
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Fig. 12: Qualitative image retrieval results on the CORE benchmark. White
circles highlight the inpainted object. /m border indicates whether the im-
age contains the queried object of interest. DINOV2 retrieves images mostly based
on global scene similarity with little regard for the object of interest. In contrast,
SteerViT eledtively considers the task prompt and ranks images with the correct
object highest, despite their inconspicuous background placement and small size.

baseline (cf. Tab. [7). Fig. [13] shows the demanding nature of the task and pro-
vides qualitative examples comparing DINOvV2 rankings with those of SteerViT.
These results complement CORE and show that language-based representational
steering remains e [edtive beyond a controlled synthetic benchmark.

B.1.3 Layer-wise Elécts of Text Conditioning

To further analyze how text conditioning reshapes the global image represen-
tation, we measure the divergence (1 cos(Z 0. z0 )) between intermediate
representations produced by SteerViT (Z,) and its underlying vanilla ViT (Z,)
after each transformer block ‘. Divergence is averaged across all COCO valida-
tion images conditioned on a randomly selected object present in the scene.

As illustrated in Fig. [I4] divergence is already non-zero in the early-to-mid
layers, indicating that the text signal is incorporated throughout the encoding
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Fig. 13: Qualitative image retrieval results on the GeneCIlS Focus Object
split. Green red border indicates whether images contain the object of interest and
match the scene context of the query. DINOv2 is biased towards scene similarities
whereas SteerViT additionally considers the presence of the target object.

process. It grows most strongly in later blocks, consistent with the view that
earlier ViT layers primarily encode lower-level visual structure while later layers
capture higher-level semantics [9]. However, the divergence profile is backbone-
dependent. SteerDINOvV2 remains close to its base model until the final blocks
and then departs sharply. SteerMAE diverges slowly and gradually throughout
while SteerSigLIP diverges strongly in intermediate layers but converges back
toward the original SigLIP space in the final blocks.

B.2 MOSAIC Benchmark

The MOSAIC benchmark introduced in Sec. evaluates whether text con-
ditioning can steer the self-attention of the [CLS] token toward patch tokens
corresponding to a prompted object. We stitch four PASCAL-VOC [8] images
(padded to 1:1 aspect ratio) into a single 2 2 mosaic to prevent a single dominant
salient object. For a given text prompt specifying an object class, the ground-
truth is a binary segmentation mask over the mosaic’s patch grid, constructed
from instances of that class across all four sub-images.

Fig. [15] provides more qualitative examples of attention maps on such multi-
image mosaics. Again, we see a strong propensity of DINOv2 to focus on the most
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Fig. 14: Cosine divergence between SteerViT and base ViT intermediate
features. Text-conditioning progressively steers internal features across layers.

dominant object(s) within the collage. SteerViT selectively attends to the objects
or entities specified in the prompt (Fig. top). Despite being trained with
single-instance data (i.e., only one object corresponding to the prompt), we find
that our model can localize multiple instances of an object class across images
in the mosaic (Fig. SteerViT attends to all instances of “chair” in middle
row). We discuss this emergent multi-localization property of our method in
Sec.[C.T] SteerViT also considers described attributes and routes global attention
accordingly (e.g., “black sheep” vs. “white sheep” in Fig. [15| (bottom)).

B.3 Anomaly Segmentation

We perform zero-shot anomaly segmentation (AS) on the MVVTec AD [4] and
VisA [48] datasets. We derive the anomaly map by upsampling the continuous
heatmap produced by the learned linear segmentation head. For all text-steerable
methods, we use an ensemble of ten anomaly prompts (e.g., “the anomaly in
the <object>.") and average the resulting heatmaps across prompts. Follow-
ing standard practice in the AD literature [14], we measure the pixel-wise area
under the ROC curve (ROG ), the Per-Region-Overlap (PRO), and threshold-
optimal F; score (F{"®). Performance of existing training- and adaptation-free
AS baselines is reported as stated in the original publications.

SteerViT again matches dedicated methods on this extreme OOD setting. As
shown in Tab. [8] SteerViT reaches 82.1 PRO on MVTec AD, substantially out-
performing o [=the-shelf segmentation-based approaches (SAM3 at 54.5, CLIPseg
at 34.6) and closing much of the gap to specialist methods such as FADE (84.5).
On VisA, SteerViT surpasses FADE in ROCp (92.1 vs. 91.5) and PRO (82.0
vs. 79.3), indicating robust transfer to a harder, more diverse inspection setting.
Qualitative examples of SteerViT’s predictions on a subset of object types and
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Fig. 15: E [edtive prompt-based attention steering. DINOv2 focuses on domi-
nant image regions. Top: SteerViT can attend to specific objects of interest. Middle:
Despite single-instance training, it can consider multiple occurrences of the specified
concept. Bottom: specifying attributes (e.g., color) places focus on specific entities.

defect categories are provided in Fig. [I6] While the predicted heatmaps are es-
pecially accurate for texture-based inputs, the zero-shot setting makes it impos-
sible to accurately predict certain defects (e.g., flipped metal nut), as no training
on non-anomalous instances occurs and no visible defects (e.g., scratches) are
present.

B.4 Prompt Complexity

With the exception of the detailed object descriptions in PODS, the majority
of prompts during text-conditioned visual feature extraction are short in length
and simple in nature. Fig. [I7] shows how SteerViT deals with more complex
constructs beyond short object names. On the left, we show that nuanced lin-
guistic constructs such as negation can also be handled by the model. On the
right, we pre-filter the detailed referring expressions of the Ref-L4 [7] dataset to
instances with at least 30 words, gradually vary the length of the prompts pro-
vided to SteerViT and measure the referring object localization accuracy. The
resulting graph shows that performance improves as compositionally richer and
more information-dense text-conditioning is applied, indicating that the model
is able to beneficially incorporate additional details and can generalize beyond
short and simple prompts.
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Fig. 16: Anomaly segmentation heatmaps predicted by SteerViT. We use the
linear classification head optimized for patch-wise referential segmentation. Despite the
stark task and domain gap, performance is especially good on texture-based classes
(top) but also allows SteerViT to highlight small defects in objects (bottom).

C Additional Analysis on Training Design Choices

Below, we further analyze important design choices involved in the training of
SteerViT. To gauge model performance, we report the preservation of represen-
tation quality, as measured by fine-grained linear classification probes (FG-CLS)
and binary object of interest segmentation (ADE20Kk), using the previously intro-
duced methodology. Models’ steerability and textual understanding are assessed
using the CORE and PODS benchmarks. We also evaluate referential grounding
on RefCOCOg by computing loU between the predicted patch-level segmenta-
tion mask and the ground-truth mask.

C.1 Training Objective: Pointing vs. Segmenting

Our goal is to instill language understanding into a frozen ViT via a simple,
scalable proxy task. Referential localization serves this purpose: given a text
prompt, the model must ground the described object. To avoid the complexity
of a pixel-level decoder, we operate entirely in the ViT’s n n patch-token grid.

Pointing. The simplest formulation assigns a hard target (1 at the center

patch, 0 elsewhere), but we find this unstable to optimize in practice for both
classification and regression. Instead, we pass a Gaussian kernel ( =1:1) at the
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Table 8: Zero-shot segmentation performance on industrial AD data.

Method MVTec AD VisA
Name Ref. AS ROCp PRO F{™ ROCp PRO F{™
MaskCLIP  [46] 7 63:7 405 185 609 273 7:3
CLIPseg [26] 7 69:0 346 125 895 624 139
SAM3 16] 7 799 545 24:1 898 659 155
WinCLIP a4 3 85:1 64:6 31:7 79:6 59:8 14:8
DIVAD (2] 3 88.0 73:3 355 93.4 782 24.0
FADE [22] 3 89.6 84.5 39.8 91.5 79.3 167

SteerViT Ours 7 87:8 821 356 921 82.0 183

AS indicates dedicated anomaly segmentation methods.

Fig. 17: Prompt Complexity: Negation changes the localized object (left). More de-
tailed descriptions improve localization performance (right). SteerViT generalizes be-
yond simple object-referring prompts.

bounding-box center and train with soft cross-entropy, which provides a smooth
gradient towards the object center. However, this target is invariant to object
shape and size, collapsing supervision to a single spatial location.

Segmenting. Consequently, we generate segmentation masks using SAM2 [33]
conditioned on ground-truth bounding boxes and project them onto the patch
grid. Unlike pointing, this target activates all tokens overlapping the object,
teaching content-matching: each patch must determine whether it depicts the
described object, not merely how close it is to the center.

As shown in Tab. [9 the segmentation objective consistently outperforms
pointing across all metrics. The largest gains appear on feature quality preserva-
tion (FG-CLS: +7.3; ADE20k: +8.0) and PODS (+12.4). Pointing teaches the
model where an object is, whereas segmentation also teaches what the object
looks like, producing features that better encode object extent and appearance.

C.2 Training Duration

Steerability emerges rapidly: within 50k iterations of training, CORE accuracy
reaches 95.3% (vs. 43.7 for frozen DINOv2), while FG-CLS remains nearly con-
stant at 89.6 (vs. 89.0 for frozen DINOv2). However, tasks that require deeper
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Table 9: Role of supervision signal. Segmentation is a supe-
rior training objective compared to pointing (Gaussian kernel at
bounding box center) across all downstream evaluations, resulting
in improved visual and multimodal understanding.

Train Objective FG-CLS" ADE20k" CORE" PODS*"
Pointing 80.4 47.4 95.2 45.7
Segmentation 87.7 55.4 96.0 58.1

Table 10: Scaling visual and text encoders. Larger ViT back-
bones improve performance for most tasks. Reducing RoBERTa-
Large to Base modestly degrades visual quality (FG-CLS, ADE20k)
but preserves multimodal understanding (CORE, PODS).

ViT RoBERTa FG-CLS" ADE20k" CORE" PODS"

Small Large 80.0 50.8 93.6 44.1
Base Large 87.7 55.4 96.0 58.1
Large Large 85.8 55.5 96.8 62.8
Base Base 87.9 53.6 95.7 57.4
Base Large 87.7 55.4 96.0 58.1

language understanding continue improving with longer training: between 50k
and 450k iterations, PODS improves from 49.9 to 58.1 and RefCOCOg from
63.4 to 70.6, suggesting that longer training instills richer multimodal represen-
tations rather than merely teaching the model to route attention. We adopt 500k
iterations for all final models.

C.3 Scaling

As shown in Tab. [I0} scaling the vision backbone from ViT-S through ViT-B to
VIiT-L leads to improvements in both representational quality and textual un-
derstanding. Interestingly, scaling the text encoder from RoBERTa-Base (125M
parameters) to RoBERTa-Large (355M) also improves performance on visual
tasks. This suggests that rich embeddings of the larger text encoder add more
semantic structure to the ViT’s residual stream (row 4 vs row 5).

SteerViT exhibits considerable robustness to the amount of training data
utilized. As shown in Tab. even when using just a fourth of the unique
samples during training, steerability and feature fidelity remain high.

C.4 Role of FFEN

SteerViT inverts the gated cross-attention formulation introduced by the Flamingo
MLLM [1]. However, it forgoes secondary gated feed-forward networks (FFN) fol-
lowing the cross-attention operations in the original architecture. As shown in
Tab. [I2] including the FFN brings little to no benefit in representation quality,
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Table 11: Ablating dataset size with models trained for 200k iterations.

Setting FG-CLS ADE20k CORE PODS Avg.
Data 25% 88.4 53.2 95.3 556 73.1
Data 50% 88.0 54.0 95.2 528 725
Default 89.5 55.3 95,5 554 739

Table 12: Role of the FFN. Removing the gated FFN from each cross-attention
block yields comparable or better performance. The e [edt is prominent for MAE,
where adding FFN degrades steerability and zero-shot transfer substantially.

Backbone FFN FG-CLS" ADE20k" CORE" PODS" MVTec"

DINOv2 7 87.7 55.4 96.0 58.1 82.1
DINOv2 3 86.0 54.3 95:0 55.2 79:3
SigLIP 7 82.6 47.7 91.3 27.4 74:8
SigLIP 3 80:5 48.5 89:1 26:9 80.8
MAE 7 67.3 35.9 74.9 23.8 77.3
MAE 3 67.8 35:5 67:7 21:8 73:9

while consistently hurting steerability and out-of-distribution transfer. The ef-
fect is especially pronounced for MAE, where adding the FFN reduces CORE by
7.2 points and MVTec PRO by 3.4 points (row 5 vs. row 6). At the same time,
the FFN substantially increases the parameter count of the adapter, growing
the cross-attention module from 21.2M additional parameters without a FFN
to 35.4M with FFN (+67%). Since the FFN is both expensive and empirically
dispensable, we omit it in the final architecture.

D Further Details on Experimental Setup

D.1 Training Data

We train on a mixture of referential segmentation and grounding datasets to en-
sure diversity in both visual domains and textual expression styles (see Fig. [L8):
RefCOCO, RefCOCO+, RefCOCOg [17,42] proyvide referring expressions
grounded in COCO images. RefCOCO+ excludes spatial language (e.g., “left
of”), encouraging the model to rely on appearance cues, while RefCOCOg con-
tains longer, more descriptive expressions that exercise the model’s capacity for
detailed textual understanding.

LVIS [10] uses the same underlying COCO images but also considers fine-grained
and long-tail object categories.

Visual Genome [19] (preprocessed following MDETR [16])|contributes region
descriptions paired with bounding boxes across densely annotated scenes. These
descriptions span a broader vocabulary and more complex spatial relationships
than the RefCOCO family, increasing the diversity of text conditioning signals.
We use SAM2 [33] to convert bounding boxes to binary segmentation masks.
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Mapillary Vistas [29] provides street-level
imagery with fine-grained panoptic annota-
tions. Including this dataset expands the vi-
sual domain beyond COCO, improving out-
of-distribution generalization. We adopt De-
scribe Anything’s [23]] synthetic referential ex-
pressions along with accompanying segmenta-
tion masks.

Overall, our combined dataset of 162k
unique images and 2.28M image-text pairs ex-
poses the model to varied scene complexities
(from single objects to dense urban panora-
mas), expression lengths (from two-word la-
bels to multi-sentence descriptions), and vi-
sual domains (indoor, outdoor, street-level),
encouraging robust steered representations.

Fig. 18: Training data. The in-
ner ring shows unique images per
source while the outer ring shows
associated referring expressions.

D.2 Baseline Feature Extraction

This section provides more details on how we extract text-conditioned (or text-
fused) visual features from each baseline family evaluated in Sec. |4l For all base-
lines, global feature aggregation follows the convention of the base method (e.g.,
[CLS] token or mean pooling) unless stated otherwise.

Cross-Modal Encoders (CLIP [32], SigLIP [43]).| lImages and language
inputs are embedded independently by their respective encoders. We combine the
resulting visual and text feature vectors via element-wise addition (late fusion),
the simplest form of post-hoc multimodal interaction.

MLLMs (InternvVL3 [47], Qwen3-VL [3]). We feed the text prompt X t
and image X, as a single multimodal input sequence and extract hidden states
from the last LLM layer. For dense features, we take the hidden state at each
image-token position. For global features, following E5-V [15], we append an
instruction asking the model to summarize the image in one word in addition to
the initial text prompt X and extract the last-token hidden state.
Open-Vocabulary Localization (SAM3 [6], GioundingDINO [24]). We

ignore decoder outputs and extract intermediate features from the multimodal
encoder. For SAM3, we take the patch-level outputs of the Fusion Encoder and
apply mean pooling to obtain global image features. For GroundingDINO, we
use the outputs of the cross-modal Feature Enhancer layer. Because features are
available at multiple spatial scales, we first interpolate them to a common inter-
mediate resolution before averaging to obtain dense pseudo-patch-level features
that are optionally mean-pooled to yield global image-level embeddings.

D.3 Assessing Visual Representation Quality

In addition to the steerability of vision representations, we also evaluate their
quality for common computer vision downstream tasks.
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Table 13: SteerViT maintains 98.8% of DINOv2’s avg. performance across classifica-
tion, segmentation, and action recognition downstream tasks.
Model Birds Cars Dogs ADE20k City. UCF101 HMDB51 Avg.

DINOv2 94.7 83.8 89.1 53.7 52.8 92.3 62.3 88.1
SteerViT 91.2 77.7 94.3 554 53.8 894 60.0 87.0

Table 14: E [ciehcy during multimodal training and inference. Average over 256 im-
ages (336x336; batch size 16) with 20-word prompts (A100 GPU).

Compute Latency Memory

Name Params Tuned Samples GFLOPS/img ms/img peak GiB
DINOvV2 86M n/a n/a 98.6 6.6 1.0
SteerViT 465M Gated CA 2.28M 133.8 9.5 3.0
SAM3 840M all 146M 556.0 35.1 5.3
InternVL3-2B 2.1B all n/r 1591.0 12.2 6.3

Fine-grained image classification tests whether representations capture suf-
ficient detail to perform accurate categorization within specialized domains.
Namely, we train a linear probe (300 epochs, LR: le 2, BS: 128) on frozen
features extracted from the ImageWoof [13], Waterbirds [34], and Stanford-
Cars [18] datasets. Here, prompt-aware models are conditioned on “the dog”,
“the bird”, and “the car”, respectively.

Binary object-of-interest segmentation tests the semantic quality of patch-

level features using the ADE20k [45] dataset. We apply the training-free Open-
HummingBird [31] evaluation methodology where patch-class pairs are precom-
puted for the training split and patch-wise segmentation is performed at inference
via nearest-neighbor retrieval from the reference bank. Each class is evaluated
separately (i.e., binary class/non-class segmentation objective) and features are
conditioned on the object of interest’s original class name (e.g., “the chair”).
Action recognition tests whether image representations aggregated over time
capture the action performed in a video. Namely, for the UCF101 [35] and
HMDB51 [20] datasets, we uniformly sample 8 frames per video, extract frozen
frame-level features conditioned on “the action performed by the person”,
‘2-normalize them before and after temporal averaging, and train a logistic-
regression linear probe on the resulting video-level representations.

We provide additional results on fine-grained classification, binary object-of-
interest segmentation as well as action recognition in Tab. [I3] SteerViT main-
tains 98.8% of DINOv2’s average performance across these tasks, further em-
phasizing the high degree of feature quality preservation for various downstream
tasks as indicated in the main paper.

D.4 Analyzing and Comparing Compute E[diency

The resource requirements of SteerViT and selected baselines are reported in
Tab.[I4] As SteerViT only trains 21.2M CA parameters and keeps the underlying
ViT and text encoder frozen, training is substantially lighter than baselines.
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