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Abstract

Vision foundation models (VFMs) such as DINOv2 and
CLIP have achieved impressive results on various down-
stream tasks, but their limited feature resolution hampers
performance in applications requiring pixel-level under-
standing. Feature upsampling offers a promising direction
to address this challenge. In this work, we identify two crit-
ical factors for enhancing feature upsampling: the upsam-
pler architecture and the training objective. For the upsam-
pler architecture, we introduce a coordinate-based cross-
attention transformer that integrates the high-resolution im-
ages with coordinates and low-resolution VFM features to
generate sharp, high-quality features. For the training ob-
jective, we propose constructing high-resolution pseudo-
groundtruth features by leveraging class-agnostic masks
and self-distillation. Our approach effectively captures
fine-grained details and adapts flexibly to various input
and feature resolutions. Through experiments, we demon-
strate that our approach significantly outperforms existing
feature upsampling techniques across various downstream
tasks. Our code is released at https://github.com/
andrehuang/loftup.

1. Introduction
High-quality pretrained representations from Vision Foun-
dation Models (VFMs) have become standard for a wide
range of computer vision tasks [10, 16, 21, 37, 41, 43, 45,
54, 56, 62, 63]. However, because of the patrification or
aggressive pooling operations in VFMs, the output features
are typically 16 or even more times smaller in spatial reso-
lution than the input images, limiting their utility for tasks
that require fine-grained, pixel-level understanding.

To address the challenge of limited feature resolution in
VFMs, one straightforward approach is to use larger image
inputs to obtain higher-resolution features. However, pro-
cessing high-resolution inputs incurs a quadratic increase
in computational cost and can introduce severe artifacts if
the VFMs are not trained for such resolutions. Moreover,
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Figure 1. LoftUp improves significantly across various tasks
over the VFM backbone (DINOv2-S [37]) and current SoTA
feature upsampling performance (FeatUp [12] and LiFT [52]).
See experiment details in Sec. 5.

training or fine-tuning VFMs on high-resolution images de-
mands substantial computational resources and meticulous
tuning [37, 43, 45, 55]. An alternative strategy is to train
task-specific decoders that leverage multi-layer intermedi-
ate features to upsample VFM outputs [3, 16, 24, 27, 62].
Yet, this approach often comes with significant training
costs and necessitates retraining the decoder for each new
application. In addition, many downstream tasks lack suffi-
cient data needed to fine-tune a high-quality decoder.

More recently, FeatUp [12] and LiFT [52] have in-
dependently introduced task-agnostic feature upsamplers
trained with general reconstruction losses, demonstrating
that such methods can substantially enhance VFM perfor-
mance across a variety of tasks. By upsampling VFM fea-
tures and pairing them with a lightweight task-specific de-
coder, these approaches provide a promising alternative that
avoids heavy, task-specific training while achieving a more
generalizable solution. Nonetheless, as shown in Fig. 1, cur-
rent feature upsamplers still fall short of reaching optimal
performance.
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Figure 2. Comparison of features from upsamplers. Backbone is DINOv2-S/14 [37].

In this work, we systematically explore the design space
of feature upsamplers and identify two critical components:
the upsampler architecture and the training objective. The
architecture determines the capacity of the upsampler to
learn effectively, while the training objective defines the up-
per performance limit. By optimizing both elements, our
approach achieves substantially stronger results than previ-
ous state-of-the-art methods.

Regarding the upsampler architecture, to capture high-
resolution details while avoiding the cumulative artifacts
from multiple layers of interpolation or deconvolution, we
propose a simple coordinate-based transformer that directly
predicts high-resolution features for each pixel. Specif-
ically, our model takes image coordinates and RGB val-
ues as inputs and performs cross-attention with the low-
resolution VFM feature map. This facilitates a fine-grained,
content-aware mapping from coordinates to high-resolution
features, effectively bypassing the constraints imposed by
fixed local kernels and standard upsampling layers. More-
over, unlike the implicit approach in FeatUp [12], which re-
quires test-time optimization, our method learns feature up-
sampling directly from the training dataset and generalizes
to diverse scenes without additional test-time adjustments.

For the training objective, the primary challenge is the
absence of groundtruth high-resolution feature annotations.
Although downstream task labels such as depth or masks
can be used, this approach risks compromising the task-
agnostic nature of the upsampler and hinders its ability to
generalize to unseen tasks. Due to this challenge, previous
task-agnostic feature upsampling works, FeatUp [12] and
LiFT [52], both compute the training loss at a low reso-
lution. In this work, we address these limitations by con-
structing pseudo-groundtruth (pseudo-GT) features directly

at the input image resolution. Specifically, we leverage
class-agnostic masks generated by off-the-shelf segmenta-
tion foundation models [21, 45] to ensure that the pseudo-
GT accurately reflects the underlying geometry and delin-
eates object boundaries. We further refine the pseudo-GT
using a self-distillation strategy that reduces noise and ar-
tifacts. This high-resolution pseudo-GT enables loss com-
putation at a high resolution, empowering the upsampler to
learn fine-grained details.

In Fig. 2, we qualitatively show that LoftUp yields
markedly sharper and more detailed features than alterna-
tive upsampling methods. To further demonstrate the ver-
satility and effectiveness of our approach, we evaluate it on
a range of downstream tasks such as semantic segmenta-
tion, depth estimation, and video object segmentation. As
shown in Fig. 1, our approach leads to performance gains
of 10–20% over previous SoTA upsamplers for most tasks,
and an impressive nearly 50% improvement on video object
segmentation [39]. Furthermore, thanks to its coordinate-
based design, our upsampler adapts seamlessly to various
input and feature resolutions, catering to the diverse re-
quirements of downstream applications. Overall, with less
than a 20% increase in parameters compared to the origi-
nal foundation models, our feature upsampler offers a task-
agnostic, lightweight, and plug-and-play enhancement that
significantly boosts VFM backbones across multiple tasks.

2. Related Work
Feature upsampling refers to increasing the spatial reso-
lution of a feature map. In this work, our goal is to in-
crease the feature resolution to the original image resolu-
tion, that is, full resolution. Traditional non-learnable meth-
ods include various ways of interpolation [7, 33] and image-



adaptive �ltering such as joint bilateral �ltering (JBU) [22]
and guided image �ltering [15]. In modern deep learn-
ing, previous work has proposed various architecture- and
downstream-task-speci�c feature upsamplers. For example,
Index Networks [29] and A2U [5] are effective on image
matting, but fall short in other tasks. PointRend [20] pro-
poses a point-rendering method speci�cally for upsampling
segmentation output. And CARAFE [57], SAPA [31], and
FADE [30] are proposed speci�cally for encoder-decoder
architectures. More recently, with the success of vision
foundation models such as DINOv2 [37] and CLIP [41],
there is a trend for feature upsamplers to be downstream-
task-agnostic so that they can be used with the VFM back-
bone together in various applications [12, 52]. Our work
falls into this category. With this task-agnostic goal in mind,
we further explain the architecture and training objective
design as follows.

Architecture for Feature Upsamplers. Traditional up-
sampler architectures rely on multiple layers of interpola-
tion or deconvolution to transform low-resolution features
into higher resolutions. Examples include JBU [22], stan-
dard deconvolution [8, 35, 49], resize-convolution [36] and
U-Net-style upsampling modules [47, 52]. However, the
multi-layer design inevitably leads to error accumulation,
resulting in increased blurriness as the resolution increases.

In this work, inspired by coordinate-based methods in
3D reconstruction [25, 53, 60, 61], we adopt a coordinate-
based approach and view feature upsampling as a map-
ping from high-resolution coordinates to high-resolution
features. This effectively bypasses the limitations of stan-
dard upsampling layers. Previously, FeatUp also pro-
posed a coordinate-based network (MLP) for feature up-
sampling [12]. However, their approach requires per-image
optimization and is therefore not scalable. Another related
work, LIIF [2], also employs an MLP to parameterize high-
resolution outputs but is limited to local feature interactions.
In contrast, our method does not need test-time optimiza-
tion and enables global interactions between image inputs
and low-resolution features through a cross-attention mech-
anism, leading to stronger upsampling performance.

Task-agnostic Training Objective for Feature Upsam-
pling. Due to the absence of groundtruth high-resolution
features, it is a challenge to create high-quality training ob-
jective for task-agnostic feature upsampling. FeatUp [12]
and LiFT [52] were the �rst two works to propose a task-
agnostic training pipeline for feature upsamplers. How-
ever, their training is at a low resolution, leaving the high-
resolution features severely under-constrained. We will ex-
plain them in more detail Sec. 4. In this paper, we pro-
pose a self-distillation approach to generate full-resolution
pseudo-GT, which is then used to supervise feature upsam-
pling training at full resolution. This approach fully un-

Figure 3. Architecture of LoftUp. Our coordinate-based net-
work with cross-attention mechanism effectively integrates the
�ne-grained details from image RGB values and semantically-rich
low-res features to produce high-resolution feature maps.

locks the potential of the feature upsampler to capture �ne-
grained details in high-resolution images.

3. Coordinate-Based Feature Representation

Prior works typically address feature upsampling as a grad-
ual resolution enhancement process, where features are pro-
gressively lifted to a higher resolution. In contrast, we adopt
a coordinate-based representation of the high-resolution
features and view feature upsampling as a mapping from
a pixel coordinate(x; y) to the high-resolution features at
that pixel. Speci�cally, we propose a cross-attention mech-
anism to effectively incorporate the low-resolution features
and the high-resolution image inputs with coordinates.

As shown in Fig. 3, following prior work on 3D
coordinate-based reconstruction [34, 61], our model en-
codes full-resolution coordinates with sinusoidal positional
embeddings and concatenates them with RGB values. A
convolutional layer then projects this combined input into
the feature dimension. Next, anL-block cross-attention
transformer uses these high-resolution features as queries
and low-resolution VFM features as keys and values, pro-
ducing the �nal high-resolution feature map.

Our cross-attention design enables high-frequency de-
tails to interact globally with semantically rich represen-
tations, facilitating global-content-aware upsampling. This
overcomes the limitations of �xed or locally predicted ker-
nels in prior feature upsamplers. As illsustrated in Fig. 2,
multi-layer upsamplers such as resize-conv [36], LiFT (U-
Net) [52], and FeatUp (a modi�ed JBU) [12] tend to pro-
duce blurry outputs with artifacts. Additionally, while
LIIF [2] employs a coordinate-based design, its reliance on
local interactions limits its upsampling quality. In contrast,
our LoftUp accurately captures object boundaries and pro-
duces �ne-grained feature maps with minimal artifacts.



Figure 4.Our two-stage LoftUp training approach. Stage 1 trains an upsampler with class-agnostic masks to re�ne bicubic-upsampled
features. Stage 2 employs self-distillation, initializing teacher and student upsamplers from Stage 1's pre-trained model. All VFM image
inputs share the resolution (H � W ). For visual clarity, the VFM block is omitted from Stage 2's teacher branch.

Furthermore, our coordinate-based approach allows �ex-
ible generation of feature maps at arbitrary resolutions
by adjusting the input coordinate resolution—unlike tradi-
tional upsampling methods, which are restricted to �xed
scaling factors due to their multi-layer structures. Finally,
we note that while attention mechanisms can be compu-
tationally expensive, our cross-attention remains relatively
ef�cient because it processes a much smaller set of low-
resolution tokens as keys and values, rather than the pro-
gressively higher-resolution feature maps as in multi-layer
upsampler architectures. In fact, as our experiments (Tab. 6)
later show, our upsampler's inference speed is comparable
to bilinear upsampling.

4. Training Objective

While the architecture of the upsampler establishes its ca-
pacity, the training objective ultimately sets the perfor-
mance ceiling. A central challenge for training a task-
agnostic feature upsampler is the absence of full-resolution
groundtruth features. As a result, previous work has either
relied on proxy tasks or constructed pseudo-GT at lower
resolutions. For instance, FeatUp [12] employs a multi-
view reconstruction task: the predicted high-resolution fea-
tures,F̂HR, are �rst transformed via an af�ne mappingt,
then downsampled, and �nally compared against the low-
resolution features extracted from images that go through
the same transformation, i.e.,

L FeatUp= D
�
f (t(I )) ; � #(t(F̂HR)

�
:

In contrast, LiFT [52] directly uses features from 2� larger
imagesI 2� as pseudo-GT, constraining the upsampler to
predict 2� upsampled featureŝF2� via

L LiFT = D
�
F̂2� ; f (I 2� )

�
:

However, since bothL FeatUpandL LiFT are at relatively low
resolutions (only 1/16 or 1/8 of the target resolution), they
provide only weak supervisory signals for capturing �ne-
grained details inherent in high-resolution outputs, poten-
tially leaving the upsampled features under-constrained.

In this work, we employ a self-distillation strategy
to generate high-quality pseudo-GT for supervising full-
resolution features, as shown in Fig. 4. First, we train
an upsampler using high-resolution class-agnostic masks,
which emphasize sharp boundaries and geometric aware-
ness. In the second stage, we enhance training through self-
distillation. Speci�cally, we �rst initialize a teacher and a
student upsampler both from the trained upsampler in Stage
1. Then, the teacher processes high-resolution image crops,
and its outputs serve as supervision for the corresponding
student upsampler outputs. By distilling more detailed and
accurate feature maps from the teacher, Stage 2 further re-
duces noise and enhances sharpness in the student's out-
puts. Overall, by constructing high-quality pseudo-GT fea-
ture maps at full-resolution, our approach enables the up-
sampler to capture more detailed structures and boundaries,
ultimately pushing the limits of feature upsampling.

4.1. Stage 1: Training with class­agnostic masks

Low-resolution features and their upsampled features us-
ing existing upsamplers are often too blurry and noisy to be
used as pseudo-GT. In contrast, Segment Anything Model
(SAM) [21] produces full-resolution, class-agnostic masks
that capture �ne-grained details such as small object parts
and boundaries. Previous work has shown that training with
these masks leads to strong task generalization [21, 44–46].
These qualities make them well suited for re�ning feature
maps to reduce artifacts and noise while promoting smooth-
ness in homogeneous regions.
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