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Abstract

Foundational Vision Transformers (ViTs) have limited effec-
tiveness in tasks requiring fine-grained spatial understand-
ing, due to their fixed pre-training resolution and inherently
coarse patch-level representations. These challenges are
especially pronounced in dense prediction scenarios, such
as open-vocabulary segmentation with ViT-based vision-
language models, where high-resolution inputs are essen-
tial for accurate pixel-level reasoning. Existing approaches
typically process large-resolution images using a sliding-
window strategy at the pre-training resolution. While this
improves accuracy through finer strides, it comes at a sig-
nificant computational cost. We introduce SPAR: Single-
Pass Any-Resolution ViT, a resolution-agnostic dense fea-
ture extractor designed for efficient high-resolution infer-
ence. We distill the spatial reasoning capabilities of a finely-
strided, sliding-window teacher into a single-pass student
using a feature regression loss, without requiring architec-
tural changes or pixel-level supervision. Applied to open-
vocabulary segmentation, SPAR improves single-pass base-
lines by up to 10.5 mIoU and even surpasses the teacher,
demonstrating effectiveness in efficient, high-resolution rea-
soning. Code: https://github.com/naomikombol/SPAR

1. Introduction
Vision Transformers (ViTs) [11] have become the backbone
of modern computer vision, powering foundation models
like CLIP [32], DINO [4, 16, 35], and SigLIP [41, 50]
through contrastive and self-supervised learning. ViTs
process images as sequences of patches using self-
attention [42], but due to its quadratic complexity, are typi-
cally pre-trained at a single, low resolution. While this suf-
fices for image-level, it limits performance on dense pre-
diction tasks like segmentation, which require fine-grained,
per-pixel understanding.

This limitation is particularly severe in training-free
open-vocabulary segmentation (OVS), where models must
segment categories specified by text without access to pixel-
level supervision. OVS approaches leverage ViTs as image
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Figure 1. Performance vs. inference time trade-off. Comparison
between the pre-trained SigLIP2 – ViT-B-16 with single-pass
or sliding-window (stride value reported in text labels) inference,
and our single-pass SPAR-distilled model. The teacher has sliding
windows of size 512 × 512 with stride 24. We report average
performance across six datasets along with average inference time
for an 1024×2048 image. *ND: stride not divisible by patch size.

feature extractors within Vision-Language models (VLMs),
like CLIP [32], for their strong pre-training, but struggle
with high-resolution test inputs due to discrepancies with
the training resolution. Two common strategies attempt to
address this issue: (i) interpolating positional encodings and
(ii) sliding-window inference.

The first approach supports single-pass processing and is
efficient, but yields poor accuracy. In contrast, we show that
the second approach, when using small strides and highly
overlapping windows, significantly improves performance.
Sliding-window inference enables a patch to appear in mul-
tiple contexts and enhances prediction accuracy through ag-
gregation in overlapping regions. Interestingly, strides that
are not divisible by the patch size lead to even better results,
as sub-patch areas are exposed to diverse contexts.

However, sliding-window inference with small strides
increases computational cost, making it impractical for real-
world use (see Fig. 1). Despite growing architectural ad-
vances [9, 22, 35, 41] designed to handle variable resolu-
tions, they are either not widely adopted or, as indicated in
our experiments, have unexplored room for improvement
on standard OVS benchmarks.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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To address these challenges, we propose SPAR: a
method for enabling efficient resolution-agnostic feature
extraction in ViTs via teacher-student distillation. SPAR
transfers the spatial reasoning of a frozen VLM teacher
that operates in a finely-strided sliding-window manner, to
a fast, single-pass student. The student learns to align its
image features with the teacher’s using a regression loss,
without requiring architectural changes or additional super-
vision. As shown in Fig. 1, SPAR surpasses the teacher’s
performance while maintaining single-pass efficiency.

SPAR uses the unchanged ViT architecture of the VLM
and is compatible with a wide range of ViT backbones.
During training, the student is exposed to diverse resolu-
tions and aspect ratios, promoting robust generalization.
We find that unfreezing only a small subset of layers suf-
fices for strong resolution tolerance. To reduce compute,
teacher features are precomputed and reused across train-
ing iterations. Our OVS experiments with vanilla zero-shot
predictors show that SPAR is effective with ViTs of Open-
CLIP [5], SigLIP2 [41], but also DINOv3.txt [35], which
already includes components making it resolution resilient.

In summary, we introduce SPAR, a framework for pro-
ducing resolution-agnostic ViTs that deliver strong accu-
racy in a single forward pass. SPAR is applied to the vision
encoder of common VLMs and requires no architectural
modifications or additional labels. Rather than introduc-
ing new components, SPAR focuses on a principled train-
ing strategy that ingrains resolution flexibility without sac-
rificing efficiency or feature-space alignment. The resulting
model excels in training-free open-vocabulary segmentation
across resolutions, matching or surpassing finely-strided
sliding-window teachers while being up to 52× faster.

2. Related Work
Open-vocabulary semantic segmentation (OVSS). Un-
like standard semantic segmentation [10, 52], open-
vocabulary semantic segmentation (OVSS) allows spec-
ifying and recognizing arbitrary categories using text.
Progress on this task has closely followed advances in Vi-
sion–Language Models (VLMs). CLIP [32] introduces con-
trastive pretraining on web-scale image–text pairs, demon-
strating remarkable zero-shot classification capability. Sub-
sequent models, such as ALIGN [15] and the SigLIP fam-
ily [41, 50], further scale datasets and refine training ob-
jectives – the latter transitioning from contrastive formu-
lations to more efficient, sigmoid-based matching losses –
thereby improving both semantic alignment and localiza-
tion. LSeg [23] is the first to adapt CLIP for OVSS by
aligning per-pixel visual features with frozen text embed-
dings. MaskCLIP [54] exposes spatial cues within CLIP’s
vision tower by modifying its final attention layer to recover
fine-grained localization.

Current methods are broadly categorized as training-
based [6, 10, 14, 16, 23] and training-free [21, 43, 51, 54].
Training-based approaches include: (i) methods that corre-
late text embeddings with regions produced by decoupled
mask proposal generators [10, 14, 24, 47, 48]; (ii) models
that couple CLIP features with proposal generation [49];
and (iii) variants that directly adapt CLIP for dense pre-
diction [20, 49, 54]. Training-free methods, on the other
hand, aim to preserve the pre-trained weights of CLIP with-
out any fine-tuning. Some rectify localization weaknesses
within CLIP itself by refining attention calculation and to-
ken intermixing [1, 20, 43, 54], others incorporate spatial
priors from vision foundation models [21, 34, 51], or aid lo-
calization with generative priors [17, 38, 44]. Another line
of work performs propagation of features or predictions to
improve their spatial consistency [36, 46]. Across all these
works, Vision Transformers (ViTs) remain the dominant
backbone, and their ingrained resolution sensitivity persists
as a shared limitation; one that our method addresses.

Resolution-agnostic transformers. While Vision Trans-
formers (ViTs) are powerful, fixed-resolution pretraining
limits their robustness to varying input sizes. The naive
remedy of interpolating positional encodings to match new
image resolutions causes notable performance degrada-
tion [7, 25, 39, 40]. Pix2Struct [22] is among the first to ad-
dress this issue by fixing token sequence length and resizing
images with aspect ratios intact, breaking from traditional
sliding-window inference [25, 27]. Building on this idea,
several works introduce multi-resolution training to aid ro-
bustness. ResFormer [39] trains on square crops of vary-
ing sizes and expands positional encodings during attention
with neighborhood-focused components. FlexiViT [3] re-
moves fixed patch sizes, randomly sampling them to expose
the model to diverse sequence lengths. NaViT [9] factorizes
positional encodings along spatial axes, enabling process-
ing of arbitrary-resolution images with native aspect ratios.
SigLIP2’s NaFlex [41] unifies these ideas, combining flex-
ible patching with variable sequence lengths for improved
resolution generalization. However, NaFlex remains opti-
mized for image–text alignment at the image- and not patch-
level. This limits its use for dense prediction tasks like
OVSS, as demonstrated in Sec. 4. Overall, these methods
enhance robustness through diverse pretraining resolutions
rather than post hoc adaptation.

Recent works continue this trend. ViTAR [13] expands
training resolutions via fuzzy positional encoding, using
lossy compression to reduce attention costs, while UniV-
iTAR [31] merges image and video modeling with aspect
ratio preservation, introducing non-standard ViT changes.
OryxMLLM [26] trains on native resolutions using dynamic
feature compression. In contrast, our approach adapts ViTs
to varying resolutions post hoc, without requiring additional
labeled data or architectural modifications.
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3. Method
3.1. Task Definition
Open Vocabulary Segmentation (OVS) aims to assign a se-
mantic class to every pixel in an image X ∈ R3×H×W . The
set of classes C, containing C class names, is arbitrary and
can be specified at inference time.

3.2. Preliminary
Vision Transformers (ViTs) process images by dividing
them into square patches, projecting each patch into a vec-
tor representation, and adding positional encodings based
on patch location. These vectors are concatenated into a se-
quence and passed through transformer blocks. A special
CLS token is typically included, but we omit it here.

Foundational ViTs are traditionally pre-trained on square
images of fixed K ×K image resolution and consist of an
encoder f : R3×K×K → Rd×n that produces a feature map
V = f(X) ∈ Rd×n per input image, where n = k · k is the
number of patches, d is the feature dimension, and (k, k) are
the spatial dimensions after reshaping into a tensor of size
d×k×k. Due to patching, k = K/P , where P is the patch
size. Positional encodings are learned for that resolution
only, i.e. on a k × k grid of possible positions.

Vision-Language Models (VLMs) combine a vision en-
coder with a text encoder to map images and text into a
shared feature space. Let F ∈ Rd×C denote the concate-
nated text features for all classes in C.

OVS is performed by computing dot-product similarities
between normalized image features and text features. The
2D map of class similarities for all classes given by

Y (X) = norm(V )⊤norm(F ) ∈ [0, 1]C×n,

where norm(·) denotes ℓ2 normalization applied along the
feature dimension, is reshaped and upsampled to the res-
olution of X using bilinear interpolation. Upsampling is
necessary as the feature map V has low resolution due to
the patchification of input during inference, which limits
segmentation quality, especially for small objects. Operat-
ing at higher resolutions, along with arbitrary aspect ratios,
is critical for accurate segmentation. Therefore, for image
X ∈ R3×H×W of arbitrary size, we require an encoder ca-
pable of f : R3×H×W → Rd×n, with n = h · w, that
produces feature maps of spatial resolution proportional to
the input size, i.e. h = H/P , w = W/P .

3.3. Pre-trained Baselines
Single-pass inference at arbitrary resolutions is feasible
with ViT-based VLMs since self-attention can handle se-
quences of varying length. The required adjustment is inter-
polating positional encodings to match the new resolution.
However, this approach suffers from performance degra-
dation due to the training-inference resolution mismatch,

and due to interpolation, which disrupts the absolute under-
standing of positional information learned during training.

Sliding-window is a common strategy for processing an
arbitrary-resolution image X ∈ R3×H×W . The image is
divided into m overlapping, or at least adjacent, windows
of size K × K, each processed independently. We denote
the image windows by {Xwi

}mi=1, where Xwi
∈ R3×K×K .

The stride s denotes how much we stride between neigh-
boring windows horizontally and/or vertically, controlling
their overlap.

Feature maps are computed as Vwi
= f(Xwi

), and class
similarities as Y (Xwi) = V ⊤

wi
F . The final prediction is

obtained by stitching:

Ystitch(X) = stitch({Y (Xwi)}mi=1) ∈ [0, 1]C×h×w. (1)

Stitching refers to merging the individual window predic-
tions into a single coherent output map, typically by averag-
ing overlapping regions and aligning them to their original
spatial positions.

This method preserves the native resolution of the vi-
sion encoder, avoiding single-pass issues, but incurs higher
computational cost proportional to the total number of win-
dows m. Even with batch processing, sliding-window infer-
ence is slower than single-pass for small strides. Neverthe-
less, small strides yield better performance by increasing
window overlap, allowing each pixel to be seen in multi-
ple contexts. This redundancy improves robustness through
prediction averaging, akin to test-time augmentation.

3.4. Single-Pass Any-Resolution (SPAR)
Performance vs. inference time trade-off. Observing the
trade-off between speed and accuracy in single-pass versus
sliding-window inference (see Fig. 1), we propose a feature
distillation approach that combines their advantages. A stu-
dent model is trained to mimic the feature embeddings of
a sliding-window teacher while maintaining the efficiency
of single-pass inference. Both models have the same ar-
chitecture, allowing the student to be initialized with the
same weights and keep the same feature space. A method
overview is presented in Figure 2.
Sliding-window teacher. Assume X ∈ R3×H×W is a
training image of arbitrary resolution and aspect ratio. In-
stead of stitching predictions, we stitch features over win-
dows of size K ×K producing the teacher feature map by

Vteacher(X) = stitch({f(Xwi)}mi=1),

where stitching refers to merging feature maps f(Xwi
)

from m windows into a single coherent representation
aligned to the feature map layout that the single-pass model
would produce, by averaging overlapping regions.
Distillation loss. The student model g : R3×H×W →
Rd×n processes the entire image in a single pass to produce
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Figure 2. Overview of SPAR. During training, the teacher branch uses a frozen foundational vision encoder to generate feature maps
via a sliding-window process followed by stitching. Stitching refers to merging the feature maps of overlapping windows into a unified
representation aligned with the original image layout. The student branch, initialized from the same pre-trained weights, trains to match
the teacher’s output using efficient single-pass inference. At inference time, the student model enables fast and accurate segmentation at
diverse resolutions and aspect ratios using a single forward pass.

Vstudent(X) = g(X). The distillation loss minimizes the
mean squared error between teacher and student features:

Ldistill = ∥Vteacher(X)− Vstudent(X)∥22.

Training. The teacher remains frozen during training. We
empirically observe that training only the last blocks of the
student is a good choice for the standard OVS settings, but
training all parameters excels at very large resolution in-
ference and other tasks. Optimization is performed over a
dataset of images with diverse resolutions and aspect ratios.
No annotations are required since the loss operates solely
on feature maps; a generic image dataset suffices.

Training runs for multiple epochs, and teacher feature
maps are precomputed and stored to save time. To enable
easier feature-level stitching, all training images are resam-
pled bilinearly to have dimensions divisible by the patch
size P , and window size K is also divisible by P . If stride
s is divisible by P , stitching occurs at the encoder’s na-
tive feature resolution due to full patch alignment. How-
ever, experiments show that using a stride not divisible by
P improves performance by exposing pixels to more diverse
contexts. In such cases, if s is divisible by P/r, stitching is
performed by upsampling all feature maps by a factor of r
before merging, while then downsampling by a factor of r
after merging to restore the original feature resolution.

4. Experiments
4.1. Implementation Details
Models. We employ 3 pre-trained VLMs. Most exper-
iments use SigLIP2 [41] with the ViT-B-16 vision en-
coder, pre-trained on 512 × 512 images. SigLIP2 employs
attention pooling over patch tokens with a learned query
to obtain the final image-level representation. We skip the
pooling step and directly project the value representation of
patch tokens through the output linear layer of the attention-
pooling and then the rest of the network. In this way, the
patch representation we obtain is compatible with that of the
text encoder. For the CLIP [32] experiments, we use Open-
CLIP [5] with ViT-B-16 and native image size 224×224.
We follow MaskCLIP [54] and set the last encoder’s atten-
tion matrix to identity. Lastly, we use DINOv.3txt [35] with
ViT-L-16 and native image size 384 × 384. Inference is
performed in accordance with the original instructions for
semantic segmentation [35]. As the image-level representa-
tion is a concatenation of a CLS token and the average of
patch representations, we keep only the second half of the
textual feature dimensions for later similarity comparison.
Methods. For SPAR, we evaluate single-pass inference,
and for pre-trained models, we use two variants. The single-
pass baseline, which has exactly the same runtime complex-
ity as ours, and the sliding-window baseline for different
values of stride s. In particular, for s = 24 this corresponds
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Models Inference Upsampler Voc21 Voc20 CS ADE C60 C59 Mean6

SigLIP2 [41] – ViT-B-16
NaFlex [41] single-pass bilinear 35.8 66.6 22.8 16.2 23.7 25.2 31.7
Pre-trained sliding-window bilinear 45.0 77.5 38.4 21.8 30.7 34.0 41.2 ↱

Pre-trained single-pass bilinear 36.1 71.3 23.5 16.8 24.5 26.1 33.1 ↱
SPAR single-pass bilinear 47.3 81.5 38.4 23.4 33.8 37.2 43.6 +10.5 +2.4

LPOSS [36]+Pre-tr. single-pass bilinear 46.1 89.6 34.5 19.9 30.9 35.2 42.7 ↱

LPOSS [36]+SPAR single-pass bilinear 51.2 89.7 39.2 25.8 34.5 39.8 46.7 +4.0

Pre-trained single-pass AnyUp [45] 42.4 82.3 33.2 23.1 30.1 34.5 40.9 ↱

SPAR single-pass AnyUp [45] 51.0 86.2 38.6 26.1 37.1 41.5 46.8 +5.9

OpenCLIP [5] – ViT-B-16
Pre-trained sliding-window bilinear 48.5 55.1 30.8 15.4 25.2 26.6 33.6 ↱

Pre-trained single-pass bilinear 43.1 52.3 17.7 11.5 20.3 21.4 27.7 ↱

SPAR single-pass bilinear 48.5 57.6 25.7 16.2 28.2 30.3 34.4 +6.7 +0.8

Pre-trained single-pass AnyUp [45] 48.5 61.0 20.9 14.8 25.3 26.9 32.9 ↱

SPAR single-pass AnyUp [45] 50.3 59.2 26.1 17.0 29.2 32.0 35.6 +2.7

DINOv3.txt [35] – ViT-L-16
Pre-trained sliding-window bilinear 42.6 90.8 39.7 24.9 31.8 34.4 44.0 ↱

Pre-trained single-pass bilinear 46.0 89.5 35.9 24.4 32.1 34.8 43.8 ↱

SPAR single-pass bilinear 43.1 91.3 40.1 25.4 31.6 35.0 44.4 +0.6 +0.4

Pre-trained single-pass AnyUp [45] 46.2 89.9 32.4 24.9 32.4 35.1 43.5 ↱

SPAR single-pass AnyUp [45] 42.8 91.5 36.1 25.6 31.7 35.0 43.8 +0.3

Table 1. Performance evaluation via mIoU on six datasets. We report results for 3 backbones comparing SPAR to the pre-trained model
and NaFlex [41]. Sliding-window inference uses stride s = 24, which corresponds to the teacher model. We combine SPAR with LPOSS
[36] to show complementarity with current open-vocabulary semantic segmentation methods. Prediction upsampling is either with bilinear
interpolation or AnyUp [45]. Labels as follows: CS: Cityscapes, C60: Context60, C59: Context59. Best results per section are bolded.

to the settings of the teacher model during distillation. Note
that, when evaluating sliding-window processing, stitching
happens for class similarities at the pixel-level, while dur-
ing distillation we stitch together upsampled vision features
and resample back down to patch-level as discussed in 3.
Additionally, the s = 256 case for SigLIP2, corresponds to
the commonly used setting in OVS literature [36, 43, 46]
of taking half the window size due to its low runtime cost.
The window size K is set to the native image size of each
model, i.e. K = 512 for SigLIP2, K = 224 for MaskCLIP
and K = 384 for DINOv3.txt. We further show com-
plementarity by combining SPAR with learnable upsam-
pling by AnyUp [45], and label propagation performed by
LPOSS [36]. The former is a feature-agnostic model that
operates independently per-feature dimension. Even though
it is not its original use, we apply it to upsample class sim-
ilarities and not the features themselves in all benchmarks,
which has reduced complexity, i.e. C ≪ D. LPOSS is a
training-free OVSS approach that refines initial patch-based
predictions from a vision-language model by propagating
VLM-labels (CLIP) across patches in accordance with spa-
tial and DINOv2-semantic similarity. For LPOSS, we re-
place both models with SPAR-SigLIP2 to highlight its im-
proved spatial coherence. We additionally report NaFlex
performance: SigLIP2’s native variant to handle images of
any resolution. Unless otherwise stated, bilinear interpola-
tion is used to upsample predictions.

Datasets and evaluation. We evaluate on six standard
open-vocabulary semantic segmentation benchmarks de-
rived from four datasets: Pascal VOC [12], Pascal Context
[30], ADE20K [53] and Cityscapes [8]. VOC21 and Con-
text60 variants include an additional background class over
VOC20 and Context59. To allow evaluation for models that
have large native resolution, e.g. SigLIP2, we bilinearly re-
size images of all datasets to have their shorter side equal to
672, with the exception of Cityscapes, which is used at its
original resolution. We use mean Intersection over Union
(mIoU) as the metric of choice for semantic segmentation.
By Mean6 we denote the average mIoU over all six datasets.
We train on a subset of 25k images from SA-1B [19], an
11-million-image dataset for class-agnostic semantic seg-
mentation. Please note that we do not use any ground-truth
annotations from SA-1B.

Training of SPAR. For training, we chose the teacher with
sliding windows and stride s = 24 for its good balance of
performance and inference time (see Fig. 1). We apply im-
age augmentations once per image, as the stitched feature
map from the teacher network is computed once and stored.
An image is augmented with random resizing of the shorter
side to [512 − 2048] in the default case, and [512 − 2560]
in the experiments with larger resolution. We apply axis-
independent random cropping, with side lengths from 512
to the maximum possible, and horizontal flipping, each with
a 0.5 probability.
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Figure 3. Performance (left) and inference time (right) vs. image resolution. We compare SPAR to the pre-trained single-pass and
sliding-window models, and single-pass NaFlex. SigLIP2 – ViT-B-16 with native resolution 512 × 512, and K = 512 used. Results
on Cityscapes with resolution corresponding to the denoted area. Resolution 512 does not qualify for K = 512. Single-pass models,
including SPAR, have the same inference time. †: larger resolution used in training (short side up to 2560 pixels instead of 2048). ALL:
training the whole network, otherwise only the last 2 blocks.
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Figure 4. Performance vs. resolution for DINOv3.txt.

We train for 10 epochs with a constant learning rate
2 · 10−5 with the AdamW [28] optimizer and weight decay
10−4 while tuning only the ViT’s last two blocks, unless
otherwise mentioned. The default choice for the training
set consists of 25k images from SA-1B [19]. More training
details in the supplement.

4.2. Main Results

SPAR improvements and compatibility. We report the
quantitative results across three different backbones in
Tab. 1. Compared to pre-trained single-pass inference,
SPAR yields major gains of +10.5 and +6.7 mIoU for
SigLIP2 and OpenCLIP, respectively. Moreover, SPAR
consistently surpasses the teacher across all models in av-
erage performance as well as individually on most datasets.

For DINOv3.txt, SPAR produces only slight gains over
the teacher. DINOv3.txt already performs well in single-

pass inference, leaving limited room for distillation from
sliding-windows. This is likely due to the model’s RoPE
encodings [37] and an additional high-res fine-tuning stage.
Nevertheless, SPAR on Cityscapes, which has larger reso-
lution test images, achieves a substantial gain from 35.9 to
40.1 mIoU, effectively recovering performance on images
that deviate most from the training resolution.

Moreover, we see that the SigLIP2 NaFlex variant does
not perform competitively compared to either SPAR or the
sliding-window baseline, demonstrating its limitations for
dense prediction tasks despite its additional training for res-
olution robustness. AnyUp [45], combined with the single-
pass baseline, overall does not manage to exceed SPAR.
However, in tandem, it proves compatible and boosts the
performance by an appreciable margin, notably by 3.2 on
average for SPAR-SigLIP2. Interestingly, AnyUp is not
effective when combined with DINOv3.txt. Finally, the
combination of SPAR and LPOSS [36] further boosts per-
formance (another +3.1 mIoU), demonstrating how SPAR-
trained models are complementary to other OVS methods.
Performance on large resolution inference. Pre-trained
single-pass inference and NaFlex do not benefit from larger
resolutions, which is not the case for pre-trained sliding-
window inference. The default variant of SPAR benefits
from increasing effective resolution up to 1.5k2, and sur-
passes the sliding-window approach when s = 256 but not
the more costly s = 24. Nevertheless, we observe that train-
ing the full network improves SPAR’s ability to perform
large resolution inference, which is further enhanced by in-
creasing the maximum shorter side length in training from
2048 to 2560. These two choices help with large, but not
with small, resolution inference. Overall, SPAR achieves
the best performance across all inference-time resolutions.
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Training Configuration #params (M) CS ADE Mean6

Pre-trained model
Single-pass 23.5 16.8 33.1
Sliding-windows s = 24 38.4 21.8 41.2

SPAR model
ALL params 93.5 38.5 22.8 42.5
ALL params † 93.5 40.5 22.7 42.0
Last block 7.1 36.9 23.3 43.3
Last 2 blocks (default) 14.2 38.4 23.4 43.6
Last 2 blocks † 14.2 38.5 23.0 42.9
Last 3 blocks 21.3 37.5 23.1 42.9
Patch projection 0.6 25.6 21.4 38.0
Positional encoding 0.8 31.4 21.4 39.6
Last 2 blocks - MLP 9.4 37.5 22.6 42.7
Last 2 blocks - QKV 3.5 34.9 22.2 41.7

Table 2. Effect of fine-tuning different network elements. We
show mIoU on Cityscapes (CS), ADE20K, and the mean over six
datasets for SPAR-SigLIP2 – ViT-B-16. Fine-tuning only the
last two transformer blocks, bolded for emphasis, yields the best
overall performance. #params: number of fine-tuned parameters.
†: larger resolution used in training. Best result is bolded, second
best is underlined.

Due to the observation in Tab. 1 that with SPAR, DI-
NOv3.txt benefits at larger resolution, we replicate the same
experiment for DINOv3.txt in Fig. 4. We observe that SPAR
consistently improves DINOv3.txt performance across all
resolutions, despite the design and training choices of DI-
NOv3.txt that already promote resolution robustness.
Performance vs. inference time. In Fig. 1, we analyze the
trade-off between inference time and performance of SPAR
SigLIP2 and the pre-trained models for different variants.
SPAR achieves higher results than the best sliding-window
variant, while being 52× faster than the teacher, and having
a +10.5 point mIoU performance gain over the pre-trained
single-pass model, while keeping the same inference time.
For the sliding-window variants, we observe smaller stride
values leading to much better performance than the setting
of s = 256, i.e. half the window size which is commonly
adopted in the OVS literature due to its low runtime cost.
Furthermore, without compromising inference time, we see
that a stride value not divisible by patch size gives a good
performance boost, justifying its use for the SPAR teacher.

We further analyze the performance and inference time
trade-off for increasing image resolution in Fig. 3, with im-
ages scaled to the same area as denoted on the axis. Com-
pared to single-pass inference, the sliding-window approach
with s = 24 incurs a substantial runtime cost, being two or-
ders of magnitude slower. All SPAR variants are noticeably
cheaper, providing a great performance-cost trade-off.

4.3. Additional Analyses
Fine-tuning different network layers. In Tab. 2 we sum-
marize the results of training assorted configurations of un-
frozen parameters for SPAR built on SigLIP2, reporting

Training Set CS ADE Mean6

Pre-trained model
Sliding-window s = 24 38.4 21.8 41.2

SPAR model
ADE20k+CS+VOC 39.3 23.6 43.4
ADE20k 37.4 23.5 43.0

SA-1B 1.25k (5%) 35.4 21.9 41.1
SA-1B 2.5k (10%) 36.4 22.4 42.1
SA-1B 12.5k (50%) 38.0 23.2 43.2
SA-1B 25k (100%) 38.4 23.4 43.6
SA-1B 25k (diff. subset) 37.7 23.2 43.6
SA-1B 50k (200%) 38.1 23.5 43.6

Table 3. Impact of distillation data composition and scale. We
show mIoU on Cityscapes (CS), ADE20K, and the mean over six
datasets for SPAR-SigLIP2 – ViT-B-16 when training on differ-
ent unlabeled sources. Comparable results across all settings show
that SPAR does not rely on in-domain data, and performance sat-
urates with 25k distillation images. Best result is bolded, second
best is underlined.

Cityscapes, ADE20K and mean mIoU over six datasets.
When varying the number of trainable blocks, fine-tuning
only the final block already recovers, and slightly surpasses,
the teacher’s performance, tuning the last two blocks yields
a minor extra gain, while tuning more layers slightly de-
grades performance. To isolate the contribution of specific
components, we fine-tune either only the MLP or the QKV
projections. They both perform worse than full block train-
ing, with MLP being slightly better than QKV by using far
more parameters. Tuning only the patch projection yields
only a minor improvement compared to the single-pass pre-
trained model, while training positional encodings achieves
noticeably better performance, yet still not enough to sur-
pass the sliding-window teacher. Training all parameters
or with larger resolutions does not immediately surpass the
normal regime: their value is better displayed in the experi-
ment with larger resolution inference (see Fig. 3).
Influence of the distillation dataset. In Tab. 3, we vali-
date that SPAR is not dependent on in-domain data. When
trained on the union of ADE20K, Cityscapes, and VOC
training splits, instead of an SA-1B subset, the perfor-
mance on corresponding validation images drops slightly
(-0.2 mIoU). Restricting the data to ADE20K images pre-
serves performance, except on Cityscapes, where larger, un-
seen image resolutions lead to a ∼1.9 mIoU drop. We ini-
tially sampled 25k SA-1B (out of 11M) images to roughly
match the combined size of ADE20K, Cityscapes, and VOC
training splits, and then examined whether smaller subsets
suffice. Using 5%, 10%, and 50% of this data, we observe
consistent performance gains with larger subsets up to 25k
images, beyond which additional samples yield no further
improvement. When the 25k SA-1B subset is randomly re-
sampled, results remain consistent, indicating that SPAR is
robust to the specific choice of distillation data.
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Image (GT) Single-pass Sliding-window SPAR SPAR + LPOSS Sliding-window PCA SPAR PCA

Figure 5. Qualitative segmentation and PCA analysis results. We show that SPAR yields less noisy and spatially smoother predictions
than the teacher, further improved by LPOSS [36]. Images are from VOC21 [12], Context60 [30], ADE20K [53] and Cityscapes [8].

SigLIP2 – ViT-B-16 VOC21 CS ADE

Linear Probe
Pre-trained single-pass 67.1 54.1 36.0
SPAR (Last 2 blocks) 70.2 56.2 38.1
SPAR (ALL) 68.9 66.7 36.5

Hummingbird
Pre-trained single-pass 31.9 26.7 13.5
SPAR (Last 2 blocks) 41.0 30.0 16.0
SPAR (ALL) 54.4 39.9 22.7

Mask-Oracle Panoptic Segmentation
Pre-trained single-pass N/A 31.5 33.6
SPAR (Last 2 blocks) N/A 28.6 34.0
SPAR (ALL) N/A 52.4 41.1

Table 4. SPAR on vision-only dense prediction tasks. We show
mIoU for linear probing and Hummingbird [2] segmentation on
VOC21, Cityscapes (CS) and ADE20K. Oracle panoptic segmen-
tation [29, 33] shows PQ on the latter two datasets. Improvement
across all benchmarks attests to SPAR’s benefit to visual represen-
tation quality. Best result is bolded.

SPAR on vision-only tasks. Our contribution with SPAR
has applications beyond OVS, as it operates on the vi-
sion encoder only. To demonstrate this, we evaluate on
vision-only dense prediction tasks (see Tab. 4), includ-
ing linear probing, kNN segmentation (Hummingbird [2]),
and oracle-guided panoptic segmentation via mask pool-
ing [29, 33]. SPAR consistently improves performance in
all settings, with the largest gains on Cityscapes, whose res-
olution deviates most from pretraining. Full network fine-
tuning (ALL) further enhances performance. Additional de-
tails are provided in the supplementary material.

4.4. Qualitative Analysis
Figure 5 presents qualitative results on VOC21, Context60,
ADE20K, and Cityscapes for SPAR with SigLIP2. SPAR
not only matches, but often surpasses the teacher in spa-
tial smoothness and semantic coherence, producing cleaner
boundaries and reduced noise (e.g., the paintings exam-
ple). PCA visualizations further highlight improved fea-
ture structure, with increased inter-object separability and
smoother intra-object consistency without loss of fine de-
tails. For instance, the cat is more clearly separated from
the cushion, while street scenes exhibit sharper transitions
that preserve structure. As expected from distillation, errors
largely mirror those of the teacher, including misclassifica-
tions and noisy regions, though these can be mitigated with
complementary methods such as LPOSS. Additional exam-
ples are provided in the supplementary material.

5. Conclusion
We improve ViTs for dense feature extraction beyond their
fixed pre-training resolution. Our method, SPAR, distills
from a costly sliding-window teacher into a single-pass
model that tolerates varying image resolutions while being
significantly faster. With no additional labeled data or ar-
chitectural changes, SPAR achieves performance compara-
ble to, or even surpassing, the teacher on open-vocabulary
semantic segmentation; gaining up to 10.5 mIoU over the
single-pass baseline and reducing inference time by up to
52×. We demonstrate the effectiveness of our lightweight
post-training technique with three different ViTs: SigLIP2,
OpenCLIP and DINOv3.txt. SPAR is additionally shown
to be effective in vision-only dense predictions tasks, with
the trained models likely to be found useful for applications
beyond the ones examined in this work.

27586



Acknowledgements This work was supported by the
Junior Star GACR GM 21-28830M, Croatian Recov-
ery and Resilience Fund – NextGenerationEU (grant
C1.4 R5-I2.01.0001) and Croatian Science Foundation
(grant IP-2020-02-5851). The access to the compu-
tational infrastructure of the OP VVV funded project
CZ.02.1.01/0.0/0.0/16 019/0000765 “Research Center for
Informatics” is also gratefully acknowledged. We thank
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of Siniša Segvić, who passed away before this work was
published. He will be missed as a dear colleague, mentor,
friend, deep thinker, and moral compass.

References
[1] M Arda Aydın, Efe Mert Cırpar, Elvin Abdinli, Gozde Unal,

and Yusuf H Sahin. Itaclip: Boosting training-free seman-
tic segmentation with image, text, and architectural enhance-
ments. In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 4142–4152, 2025. 2

[2] Ivana Balazevic, David Steiner, Nikhil Parthasarathy, Relja
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data-efficient image transformers & distillation through at-
tention. In International conference on machine learning,
pages 10347–10357. PMLR, 2021. 2

[41] Michael Tschannen, Alexey Gritsenko, Xiao Wang, Muham-
mad Ferjad Naeem, Ibrahim Alabdulmohsin, Nikhil
Parthasarathy, Talfan Evans, Lucas Beyer, Ye Xia, Basil
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