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ABSTRACT

Pretrained on large image datasets, recent dense-feature extractors can produce
very fine-grained spatial feature maps, enabling state-of-the-art performance on
spatial reasoning tasks. However, computing these feature maps requires the input
image to be available at very high resolution, as well as large amounts of compute
due to the squared complexity of the transformer architecture. To address these
issues, we propose BRIXEL, a simple knowledge distillation approach that has
the student learn to reproduce its own feature maps at higher resolution. Despite
the simplistic approach, BRIXEL outperforms baseline models by large margins
on downstream tasks when the resolution is kept fixed, allowing for more efficient
spatial reasoning.
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Figure 1: Recent dense feature extractors are able to operate at very high resolution, albeit at great
computational cost. We propose BRIXEL, a simple self-distillation approach that produces dense
feature maps while circumventing the Vision Transformer’s quadratic scaling.

1 INTRODUCTION

In the late 1970s, Pink Floyds’s Another Brick in the Wall raised the question of whether teachers
actually make their students smarter. Here, we revisit the idea of a teacher that makes its students
more dense in the context of self-distillation of dense image features. Great strides have been made
in unsupervised pretraining of vision foundation models in recent years. The highly flexible Vision
Transformer (ViT) [Dosovitskiy et al.| (2021)) architecture has enabled a variety of very powerful,

general-purpose feature extractors |Radford et al| (2021); [Zhai et al.| (2023); (2021));
Touvron et al| (2022)); [Caron et al (2021)); |(Oquab et al.| (2023); |Siméoni et al|(2025)); Bolya et al.
(2025). One of the most intriguing properties of these ViT-based models is that they learn not

only global image representations, but also dense descriptors for local image regions. While the
quality of these dense features varies across models [Siméoni et al.| (2025); [Banani et al.| (2024), the
state-of-the-art models for fine-grained spatial tasks such as depth estimation [Yang et al.| (2024) or
segmentation Ravi et al.| (2024)); |Siméoni et al.| (2025)) rely on this mechanism.
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Figure 2: An overview of BRIXEL. The teacher and student network share both architecture and
weights, which are all frozen. During training, the student receives a downsampled input image and
has to reconstruct the dense features computed by the high-resolution teacher model. To do so, the
student is connected to a standard ViT adapter and feeds into a convolutional readout head which
fuses the output of the frozen student backbone and the trainable ViT adapter.

The main disadvantage of using Vision Transformers for dense tasks is that the spatial resolution of
the features is inherently limited. Since these models divide the input into local patches and, unlike
convolutional networks, operate at the same spatial resolution throughout the entire architecture, the
final feature resolution is equal to the resolution of input image patches. The most commonly used
patch size is 16, meaning that the feature maps will be downsampled by that factor relative to the
input image. One way to circumvent this problem is to pretrain the model on very-high resolution
images, which results in extremely high-resolved feature maps at test time Siméoni et al.[ (2025).
However, this strategy comes with two caveats: First, the test-time or downstream task images
need to be available in much higher resolution than the desired feature resolution, which in many
applications will not be the case. Second, the quadratic scaling of the computational complexity of
the transformer architecture with respect to the number of input tokens makes this approach very
expensive.

This disadvantage is usually addressed by decoupling the heavy semantic and geometric lifting of
the ViT from the fine-grained spatial computations. The high-performing dense ViTs mentioned in
the previous paragraph rely on a pretrained backbone, and a supervised, task-specific spatial refiner
Yang et al.|(2024); Ravi et al.[(2024); Siméoni et al.[(2025)) like the ViT adapter /Chen et al.| (2022) or
MaskFormer Cheng et al.| (2021}, [2022). While leading to great performance, this approach requires
substantial further supervised training after the unsupervised pretraining stage, meaning that it is not
applicable when little supervised data is available. Therefore, it does not fully align with the desired
off-the-shelf downstream task capabilities of these models. To remedy these issues, the goal of this
work is to produce high-resolution, fask-agnostic dense features without any supervision.

2 A TEACHER THAT MAKES THE STUDENT MORE DENSE

As discussed in the previous section, prior work combined pretrained Vision Transformers with a
fine-grained refiner module for dense tasks. While training the refiner, the transformer weights may
be fine-tuned Ravi et al.| (2024)) as well or kept frozen [Siméoni et al.|(2025)). In any case, optimizing
the weights of the refiner network requires an additional learning signal beyond the (usually unsu-
pervised) pretraining strategy, which is supplied in the form of task-specific label supervision Ravi
et al.[(2024); |Yang et al.| (2024); Siméoni et al.| (2025)).

Since we aim to produce task-agnostic high-resolution features, producing a strong learning signal
for the refiner is not as straightforward. However, the recently published DINOv3 model family of-
fers an interesting avenue in that direction. These models are trained at a variety of input resolutions,
and are regularized to produce highly consistent dense features across image sizes Siméoni et al.
(2025)). As prior work has shown that the features of foundation models, coupled with a refiner net-
work, perform well on a variety of tasks, we wonder whether the reconstruction of higher-resolution
foundation model features is among those tasks.

Mainidea. We propose a simple method for generating high-resolution dense features by distilling
fine-grained spatial information captured by a model at high resolution into a refiner network. The
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goal of the refiner is to operate in conjunction with the model at low resolution to output the same
dense feature map that the model would produce for higher-resolution input. We sketch the training
procedure in Fig. [2] It consists of a simple teacher-student setup where the teacher and the student
are identical networks with shared, frozen weights. The student is connected to a refiner network and
both feed into a convolutional head that outputs the final dense features. During training, the teacher
receives input images at high resolution, and the student receives the same image downsampled by
a factor of 4 per side. The weights of the refiner network and the head are optimized for the output
to mimic that of the teacher.

Aligning the feature maps. Let x € R3*PXW and x_ € R3X%*% denote an input image at
high/low resolution respectively. Further, let T'(-) denote the teacher and Sg(+) the student network
including the refiner and head, where @ refers to the trainable parameters. First, we consider the
L-loss between the outputs, i.e.

L£1(0) := Exup(o [l T(x) = So(x-)][1]- (1)
Empirically, we found that this loss function alone resulted in blurry boundaries. To ensure that the
refiner produces faithful boundaries, we therefore also encourage it to match the output of Sobel
edge detectors in feature space between the student’s and teacher’s feature maps. As edges at the
single feature level are noisy, we compute an SVD on teacher tokens in each batch with gradients
detached to find a projection P onto the K highest-variance principal components. Letting V, and
V, denote the channel-wise Sobel operators, we define the edge loss

Legge(0) 1= Exopx) [[[Va P(T (%)) = Vo P(So(x-))[[1 + [[Vy P(T (%)) = Vy P(Se(x-))|[1].
2)
Here, the projection P operates token-wise, i.e.

CxX=xX— Creducedxﬁxw

P:R77p7P R PP, 3)
and p denotes the patch size of the model. Finally, we also include a spectral loss to encourage
similar high-frequency components between student and teacher output. To this end, we compute the
FFT of both feature maps, convert them to polar coordinates and average amplitudes over concentric
circles with fixed radius 7 to obtain one-dimensional frequency spectra ppx)(r) and pg(x_)(r). We
compare high-frequency spectra using the loss

1 2
£spectral(0) = Ex~p(x) @ Z (IngT(x) (T) - 1ngS(xf)(r)) ) “4)
reR

where R := {r|r > ro} contains the high-frequency components. Finally, the overall loss becomes
Etotal(g) = El(g) + /\edgeﬁedge(o) + Aspectralﬁspectra](e)- (5)

3 EXPERIMENTS

Models. We perform experiments on the pretrained DINOv3, SIGLIP 2 [T'schannen et al.| (2025)
and Perception Encoder|Bolya et al.| (2025) models in their ViT-B variants. For the adapter network,
we utilize the same architecture that was previously used to apply DINOv3 to supervised dense tasks
Siméont et al.[(2025). It is largely based on the initial ViT adapter|Chen et al.|(2022), with the major
difference that it does not feed back into the ViT backbone in which all weights are frozen. The
convolutional head operates on the output of the ViT adapter and consists of three shallow residual
blocks. All weights except for the frozen backbones are trained from scratch.

Data. As the training is self-supervised, the only necessary criterion for our training data is that
its resolution needs to be sufficient for the teacher network to compute high-quality target features.
For simplicity, we randomly sample high-resolution images from LAION and the Segment anything
database to obtain a training set of 110k images.

Training. We then train the adapter networks at a resolution of 2562 (so the teacher network
operates at a resolution of 10242). Each model is trained using Adam on a single NVIDIA A100 for
a total of 40k iterations. We set Aegge = 1, Aspectral = 0.1, K = 8 and the learning rate to 1 - 103
with one warmup epoch.
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Table 1: Performance of lightweight probes on top of frozen backbone models. We report mean
Intersection over Union and Pixel Accuracy for semantic segmentation, Root Mean Square Error for
monocular depth estimation and mean Angular Error for surface normals.

(a) ADE20k (b) Cityscapes

mloU 1 Pixel Accuracy T mloU 1 Pixel Accuracy T

Model Baseline Ours Baseline  Ours Model Baseline Ours Baseline  Ours
SIGLIP2  36.6 40.8 72.0 76.0 SIGLIP2 44.2 50.0 88.1 90.9
DINOv3 46.7 49.2 80.5 82.0 DINOv3 61.1 64.4 91.6 93.0
PE 34.0 37.8 73.3 76.3 PE 45.7 52.0 90.0 92.4

(©)NYU (d) NAVI

RMSE | RMSE | Angular Error |

Model Baseline Ours Model Baseline Ours Baseline  Ours

SIGLIP 2 0.613 0.567 SIGLIP 2 0.506 0.489 494 48.6
DINOvV3 0.354 0.346 DINOv3 0.388 0.380 41.3 39.4

PE 0.394 0.381 PE 0.469 0.440 484 44.9

Evaluation. We probe whether the increased spatial resolution of the student’s feature maps leads
to performance gains on dense tasks over the baseline models. In particular, we test the models on se-
mantic scene segmentation using the benchmarks ADE20k Zhou et al.|(2017;2018) and Cityscapes
Cordts et al.|(2016])) at a resolution of 256, as well as monocular depth estimation on NYU Silberman
et al.| (2012) at 288 x 384, and monocular depth and surface normal estimation on NAVI |Jampani
et al.[(2023)) at 256 pixels. For segmentation, we train a linear probe on top of the frozen backbone
model. For depth and surface normal estimation, we train a lightweight non-linear probe adapted
from [Banani et al.| (2024), which again takes only the frozen last-layer features as input. As depth
estimation is slightly more involved than classification, we follow the implementation details from
Banani et al.|(2024)) and kindly refer the reader to their work for details. Importantly, the weights of
the ViT adapter are frozen during all experiments beyond the self-distillation stage, as we explicitly
aim to obtain more dense feature maps without relying on external supervision. As all feature maps
have lower resolution than the input images and we are considering pixel-level tasks, we bilinearly
interpolate the output of each probe to pixel-level resolution. We report mean Intersection over
Union (mloU) and Pixel Accuracy for semantic segmentation, root mean squared error for depth
estimation and mean Angular Error for surface normal estimation in Table E} Across all models,
and tasks, we observe substantial performance increases over the baseline models. We also evaluate
BRIXEL at a variety of input

4 CONCLUSION

We have shown that, using a simple self-distillation strategy, we can faithfully increase the resolution
of recent dense feature exptractors. Our findings can be used to both improve performance when
the input resolution is fixed, as well as to generate higher-resolution maps when high-quality input
images are not available, resulting in more efficient spatial reasoning.
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