NAF: Zero-Shot Feature Upsampling via Neighborhood Attention Filtering
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A. Mathematical Discussions

We analyze the mathematical foundations of NAF’s upscal-
ing mechanism, focusing on the interaction between RoPE
[26] and neighborhood attention. Our key finding is that
NAF does not merely reweight the inputs using a distance
over the image encoder; instead, it learns the Inverse Dis-
crete Fourier Transform (IDFT) of the upsampling aggrega-
tion kernel. In other words, NAF dynamically constructs an
optimal upsampling filter by predicting spectral coefficients
of the learned image encoder.

Preliminaries To recall, NAF shows analogies with Joint
Bilateral Filtering due to the spatial-and-content aware ker-
nel. It allows to obtain high-resolution features via the fol-
lowing attention-weighted interpolation:
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where Z(p) = quN(p) exp (IS(p, q)) is the normaliza-

tion constant and S(p, ¢) := (Qp, K,) is an attention-score

for a pair of points (p, q) with queries and keys defined as
Qp = RoPE(G),, K, := AvgPool | RoPE(G),],

q'€q
(2)

and G = Ency(I) € R? denotes the image encoder output
having d channels.

Substituting the pooled key yields the following
attention-score:

1
S(p.q) = > (RoPE(G),, RoPE(G)y). (3)
{7 ea &=
A.1l. RoPE Expansion
RoPE introduction. To develop the last equation we dis-

cuss about 2D-RoPE [26]. To do so, we consider channel
pairs (2¢, 2¢ + 1) where ¢ € {0, ..., d/2} and define the 2D
feature vector for the c-th pair as:

= G2
Ge(p) = < 25+1> ) )
G
where GZC is the value of the encoded image G, at position

p and in channel 2c.
By definition of RoPE we have for each c:

RoPE(G.(p)) = Re(p) Ge(p), )
where the rotation matrix is
_ (cos®e(p) —sindc(p)
Re(p) := (sin D.(p) cosD.(p) ) ’ ©)

with the rotation angle ®.(p) encoding the axial posi-
tional information for channel pair c. It is defined by:

Bo(p) = 2np,/A. if0<c<d/4 (Height) o
T 2mpa/Ae ifd/A<e<d/2 (Width)

with A\, the wavelength of the c-th frequency band, and
Pz, Dy € [—1,1] are normalized coordinates along each
axis.

Inner product after rotation. We can reinject the defini-
tion of RoPE [26] in the attention-score between two posi-
tions p and ¢’. It becomes:

(ROPE(G.(p)), ROPE(Gc(¢)) = Ge(p) " Re(p) T Reld') Ge(d)-
®)

Using properties of 2D rotation matrices, the product
R.(p) T Re(q') is itself a rotation by the relative angle

Ad.(p,q') == ®c(q') — De(p). )
Hence, we can write
T N [cosAD.(p,¢) —sinAD(
Re(p) Relq') = <sin AD.(p,q) cosAD.(
(10)
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Figure 1. Illustration of the mean and channel-specific cosine
and sine of A®.. We compute the mean across all channels and
select a single random channel to illustrate its individual behavior.
For the cosine, we observe an overall decreasing pattern as the
distance from the center increases.

To better visualize AP, we plot in Fig. 1 the mean of
cosine and sine over all channels and their values at a spe-
cific channel given a neighborhood window of size 9 x 9.
We see that in average the cosine decreases when the points
become far, while the sine has a diagonal shape due to the
axial-nature of ®.(p).

Dot and cross product decomposition. Expanding the
inner product of 2D vectors under a rotation gives the per-
channel contribution:

—

Aclp.q) = Gp(p)TRc(p)TR (d)Ge(q)
= (Ge(p) - Ge(q')) cos AD.(p, ') (11)

—

— (Gelp) x Geld)) sin A2 (p,q),

with the standard dot and cross products.

Interpretation. The dot product G (p) - G.(q') mea-
sures feature coherence (alignment), while the cross prod-
uct Ge(p) x éc(q’ ) captures content orthogonality (per-
pendicularity). RoPE modulates these content interactions
based strictly on the relative axial distance: vertical distance
for d/2 channels and horizontal distance for the remaining
d/2 channels. As we can see in Fig. 2, the model learns to
discriminate regions based on their encoding. While query-
ing the dog, we recognize its shape and the model learns to
aggregate inside values while discriminating outside ones.

A.2. Representation with magnitudes and angles.

Let U, (p, ¢) be the angle from G.(p) to G.(¢'), and let

=Gl =G (2)

denote the magnitudes of the feature vectors for channel

pair c.
Then the dot and cross products can be expressed as:

(13)

q in the neighborhood of: p

Dot Product Cross Product

Image (point: p)

Figure 2. Dot and cross products for a specific channel given
a query point p on an image. We highlight the neighborhood
around p using a dashed red square. On the feature side, after
VFM-downsampling, we observe that implicitly NAF discrimi-
nates boundaries.

so that the per-channel contribution becomes

—

(Gelp) - Ge(q)) cos Ac(p, q)
— (Gelp) x Ge(q)) sin A®(p, ¢')
=7 ()[COS\I/ (p,q’) cos A®.(p,q)
—sin We(p, ¢') sin Ad.(p, ¢)]
r§rl) cos (e(p, @) + A, q)),

Aclp,q') =

(14)

where the last equality follows from the cosine angle addi-
tion formula. Finally, the pooled attention-score aggregates
pairwise interactions over the pooling neighborhood as:

1
Sp,q) = mé (RoPE(G),, RoPE(G),/)
d/2—1
|{q €q} E, ; 7l cos(Welp, q) + Ade(p,q).

15)
This decomposition clarifies the geometric mechanism
of RoPE [26]. Rather than linearly adding a positional
bias to a content score, Eq. 3 shows that position and con-
tent are coupled via phase addition. The magnitude term
r,(,c)réc) represents the raw signal strength (feature confi-
dence). The cosine term indicates that the spatial phase
difference A®, acts as a rotation applied to the seman-
tic phase alignment W.. Constructive interference (a high
score) occurs only when the semantic relationship com-
pensates for the spatial offset, effectively implementing a
spatially-varying matched filter.

Fourier-inspired Interpretation The derivation of the
pairwise attention-score in Eq. (3) reveals a structural equiv-
alence to the Inverse Discrete Fourier Transform (IDFT). To
see this, consider the standard reconstruction of a 1D spatial



Figure 3. Illustration of radial wavelets induced by NAF for a
9 x 9 neighborhood. We plot cos(w. - Az) for different A where
Az is defined as the /1 distance over x-axis or y-axis between two
coordinate? over a grid map. In this plot we set the periods as:
A = 100"°.

signal f(x) from its frequency components:

f(z) =) |F(w)] - cos( Y

Content Phase

+ w ). (16)
w Amplitude Spatial phase

By viewing the channel dimension c through the lens of
Rotary Embeddings, where each channel corresponds to a
specific wavelength A., we can identify c as a spectral fre-
quency index w, x 1/\.. We illustrate the resulting co-
sine and sine in Fig. 3. Consequently, our derived attention-
score S(p, ¢') represented as a 1D score: S(z) acts for each
axis as a kernel synthesized via IDFT:

S(z) x Zréc)réf) cos( V. 4+ wAz ). (A7)

Content Phase  Spatial Phase

Amplitude
This mapping offers three fundamental insights into the
mechanism of NAF:

1. Learning Fourier Coefficients. The network does not
directly predict spatial filter weights. Instead, it predicts
the Fourier series coefficients of the optimal upsampling
kernel. The product of feature magnitudes rg:)r((;) acts as
the spectral power for frequency band c. By modulating
these magnitudes, the encoder determines how much contri-
bution each frequency—Ilow (global structure) or high (fine

detail)—makes to the final interpolation kernel.

2. Spatially-Varying Filter Synthesis. This formula-
tion allows NAF to function as a spatially-varying band-
pass filter. In smooth image regions, the encoder can sup-
press high-frequency channels (reducing A, for large c),
effectively synthesizing a broad, low-pass smoothing ker-
nel. Conversely, at sharp boundaries, the encoder can boost
high-frequency amplitudes to synthesize a peaked, detail-
preserving kernel (see Fig. 4).

3. Shift Demodulation. The RoPE term w.Ax explicitly
encodes the spatial shift theorem. By decomposing the in-
teraction into spectral bands, the attention mechanism can
align features that are semantically coherent but spatially
phase-shifted. The summation over channels then recon-
structs the spatial impulse response required to interpolate
the feature at the exact sub-pixel position required by the
target resolution.

Overlay

Figure 4. Attention maps: (Q)p, K,) between a query point p
and its 9 x 9 patch neighborhood (q). We take 896 x 896 input
images to visualize finer details. In the first row, we see that NAF
learns to discriminate between the sky and the tree, i.e., borders.
On the second row, it learns to discriminate more complex shapes
(dog). On the third row, in uniform region, it shows decreasing
attention pattern, akin to the gaussian filter used in classical JBE.

B. Feature Upsampling Experiments

B.1. Training Details

1st step: core training stage. The core training stage
of NAF exactly matches prior work. All upsamplers are
trained on the same data using 32x 32 high-resolution fea-
ture maps, with input image resolution chosen to match
the VEM stride (448x448 for DINOv2 with stride 14,
512x512 for DINOv3 with stride 16) and low-resolution
feature maps corresponding to a x2 downsampling. This
stage is identical to JAFAR [5] and AnyUP [30] except that
we train for less steps (25k vs 100k).

2nd step: refinement stage. In addition we add an op-
tional refinement stage, where NAF is fine-tuned for 2.500



extra steps with 1024 x 1024 targets, while input resolutions
are randomly sampled between 256x256 and 896x896.
Quantitatively, we observe an average of +0.4 mloU gains
on linear probing semantic segmentation evaluated on VOC
[8]. Ablation studies in Sec. 5 are performed without this
second training stage.

The full training procedure requires approximately 1
hour and 9 GB of memory on an A100 GPU, resulting in
a x b speedup compared to the concurrent AnyUp method
[30]. For the final model, the dual-branch encoder employs
L = 2 blocks with C' = 256 channels and a neighborhood
kernel size of 9. This configuration ensures a fair compar-
ison with other upsamplers, maintaining a parameter count
similar to JAFAR [5] and an equivalent number of encoder
blocks. For the neighborhood attention module, we adopt
an efficient implementation [10-13].

B.2. Task setups

Our evaluations use standard protocols and we evaluate
more than 280 combinations of model-dataset-task, cover-
ing 5 downstream tasks (semantic segmentation, depth esti-
mation, video label propagation, open-vocabulary segmen-
tation, image denoising), 8 datasets (COCO [19], ADE20K
[34], VOC [8], Cityscapes [4], NYUv2 [24], DAVIS [21],
ImageNet [23], [18]), and 15 VFMs spanning 9 families
with multiple sizes (T/S/B/L). During inference, all meth-
ods use identical image resolutions in every table, always
matching the evaluated VFM requirements. We provide ad-
ditional details in the following paragraphs.

Semantic Segmentation. To evaluate the upsamplers, we
freeze their parameters and train linear classifiers on the ex-
tracted features following Couairon et al. [5]. We train for
20 epochs on Cityscapes [4], Pascal VOC [8], and ADE20K
[34], and for 5 epochs on COCO [19]. We employ the
AdamW optimizer with a learning rate of 5 x 10~* for most
datasets; however unlike Couairon et al. [5], for Cityscapes,
we reduce the learning rate to 1 x 10™* to ensure stabil-
ity. A one-cycle cosine annealing scheduler is applied, and
all input and target images are resized to 448 x 448. The
classifiers are optimized using the cross-entropy loss. Each
dataset has a different number of classes: Cityscapes has
19 classes, Pascal VOC has 21 classes, ADE20K has 151
classes and COCO has 27 classes.

Depth Estimation. For monocular depth estimation, we
train linear regressors on NYUv2 [24] for 20 epochs, with a
learning rate of 5 x 10~ and a one-cycle cosine annealing
scheduler following depth estimation protocol of Couairon
et al. [5]. Consistent with the segmentation task, input and
target images are resized to 448 x 448. Ground-truth depth
values are clipped to the range [dmin, dmax]), With dpin =
1073 and dppax = 10.0.

We optimize the model using a combination of scale-
invariant and gradient-based losses. Let D denote the pre-
dicted depth map and D the target depth map, where values
D > d,.x are set to zero. The total depth loss is defined as:

Laeptr = Ao Ls1(D, D) + Ay Leraa(D, D), (18)

where Lg; is the scale-invariant loss and Lg,q is the gradient
loss. We set the weighting terms to A\, = 10.0 and Ay =
0.5 to encourage both accurate depth prediction and spatial
smoothness.

Video Propagation. To evaluate the upsamplers in the
context of video propagation, we follow the protocol of Suri
etal. [27]. We use 448 x 448 input images and extracted fea-
tures are extracted and subsequently upscaled by a factor of
2 using the proposed upsamplers, followed by bilinear in-
terpolation. Then we propagate labels using Suri et al. [27]
protocol. Regarding the sparsity constraints, we set k = 20,
retaining only the 20 strongest source pixels for each tar-
get pixel based on affinity scores; all lower affinity values
are zeroed, and we apply a binary locality constraint with a
neighborhood radius of » = 24. This restricts the potential
source pixels to a spatial window of size (2r + 1)? centered
around the target pixel before the top-k selection is applied.

Open Vocabulary. We follow ProxyCLIP [17] protocol
using a x4 upsampling factor with 448 x 448 input images.
Since it is direct inference, we did not change anything from
the pipeline.

B.3. Visualizations

In Fig. 6, we present PCA visualizations of the upsampled
feature maps produced by the evaluated methods. The fea-
ture maps generated by NAF exhibit smoother spatial vari-
ations compared to those of JAFAR [5] and AnyUp [30],
which display sharper transitions, while also avoiding the
halo artifacts observed in FeatUp. These smoother feature
maps are reflected in the downstream linear probing results
for both semantic segmentation (Fig. 7) and depth estima-
tion (Fig. 8). For segmentation, NAF produces masks with
substantially fewer sparse or fragmented artifacts compared
to JAFAR and AnyUp. Likewise, the depth maps obtained
with NAF exhibit markedly smoother predictions in flat re-
gions while still preserving sharp object boundaries, outper-
forming Bilinear, JAFAR and AnyUp in this regard.

To further investigate how the design of NAF impacts
downstream quality, we study the sensitivity of different up-
samplers to color perturbations. Specifically, we add Gaus-
sian noise (o = 0.1) either to the image fed to the query-
key branch or to the VFM branch, and inspect the result-
ing segmentation masks after upsampling. When noise is
injected into the VFM branch, AnyUp produces highly de-
graded masks (JAFAR shows similar behavior, omitted for
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Figure 5. Color sensitivity in semantic segmentation. Injecting
noise in different branches degrades predictions for prior methods,
while NAF remains robust. Zoom in for details.

space), while NAF preserves much cleaner results. We at-
tribute this robustness to NAF’s design: the upsampling ker-
nel has no pathway from low-resolution VFM features and
is learned only from pixels, preventing shortcuts through
VEM features and validating our design choice.

B.4. Generalization results

To better assess the quality of upsamplers across different
state-of-the-art VFMs, we evaluate a wide range of mod-
els of various sizes (T-S-B-L) from different families (PE-
Core [1], CAPI [7], DINO [2], PE-Spatial [1], SigLIP2
[28]), using both VFM-specific and VFM-agnostic upsam-
plers. on various datasets. To mitigate the computational
cost of a full factorial evaluation, we adopt a randomized
sampling strategy: two distinct VFMs are randomly as-
signed to each dataset. The resulting performance metrics
are summarized in Tab. 1. From this analysis, we draw the
following conclusions:

¢ Increasing the VFM input image size by a x 2 factor leads
to slightly higher average gains than using bilinear on
standard images: +4.65 mloU vs +4.13 mloU.

» The larger the scaling factor, the lower the results. Using
x4 factor instead of x2 leads to lower results from +4.65
mloU gain to -6.25 mIoU drop. Only DINOv3-L [25] on
COCO continue to have higher results when increasing
image size highlighting that increasing image size can in-
crease scores depending on models and datasets. NAF
leads the average gains by +7.46 mloU resulting in a
+1.23 mloU gain over next previous state of the art.

B.5. Learning representation

We investigate the following question for our framework:
how does the choice of the VFM used during training af-
fect the final upsampling performance? Although NAF is
designed for zero-shot use with any VFM at inference, its
Dual-Branch Encoder is optimized using features from one

specific VFM during training. To analyze this, we trained
NAF using features from DINOv3-B [25], DINOv2-R-B
[6], and DINOv2-S [20]. The evaluation on other VFMs
at inference time is detailed in Tab. 2. We find a counter-
intuitive result: a VFM with strong general performance
such as DINOv3-B does not necessarily yield the best re-
sults for training NAF, and we often achieve higher upsam-
pling scores when training with smaller or less abstract rep-
resentations such as DINOv2-R-S. Conversely, using raw
RGB pixels (treating image upsampling as feature upsam-
pling) caused a significant performance drop (‘RGB’), con-
firming the need for encoded features. Furthermore, train-
ing with multiple VFMs simultaneously (‘Mixture’) did not
improve scores (see. DINOv2-R-B), indicating that a sin-
gle, appropriate representation is sufficient to efficiently
guide the attention-based upsampling process. We also note
that DINOv3-B performs slightly worse than DINOv2-S af-
ter the first training stage.

We retain DINOv3 due to its superior scale invariance,
which proves particularly beneficial during the refinement
stage (i.e., the final 2.5k higher-resolution iterations). In
Tab. 3, we compare upsamplers trained (rows) and evalu-
ated (columns) across different VFMs, with and without re-
finement, while keeping the input resolution fixed. We ob-
serve that NAF trained for only 25k iterations without any
refinement stage already outperforms the official AnyUp
model trained for 100k iterations with refinement, under
identical conditions (same training data, DINOv2-S back-
bone, and resolution). Overall, Tab. 3 shows that the perfor-
mance gains of NAF are not driven by the choice of training
VEM, the use of a refinement stage, or resolution, but rather
stem from the approach itself.

B.6. VFM upsamplers as filters

Instead of performing upsampling, we investigate how well
learned upsamplers can function as feature filters. To do
so, we apply the upsamplers using the target output reso-
lution equal to that of the input features. In this setup, no
upsampling is performed; the upsamplers effectively act as
feature filters. The filtered features are subsequently up-
sampled using bilinear interpolation, and a linear classifier
is trained on top of them. As shown in Tab. 4, NAF achieves
the best average improvements compared to other filtering
approaches with +0.75 mlIoU. Although the gains are mod-
est, they suggest a “free lunch”: applying lightweight filters
on top of VFMs yields additional mIoU without modifying
the underlying model.

B.7. Scaling ratio

We evaluate the robustness of NAF to different upsampling
ratio in Tab. 5. We take as input different image resolution
(224 x 224, 448 x 448 and 896 x 896), feed them to the
VEM and upscale the features to 448 x 448 resolution before



Figure 6. PCA plots of different upsamplers for random images. The first colum represents RGB images, the second one, the low
resolution features, the others the PCA after upsampling. We use the same basis decomposition for plotting. Only JAFAR [5], AnyUp [30]
and NAF produce sharp PCAs while preserving input feature representation.

COCO[19] VOC [8] ADE20K [34] Cityscapes [4] A Mean

Method V.A DINOv3-L DINOv2-R-S CAPI-L PE-Core-S DINOv2-B PE-Spatial-T SigLIP2-B DINOv3-C-S

Large (x4) v 67.59 56.21 24.06 35.06 39.93 20.74 50.29 69.21 -6.25
LiFT [27] X 61.45 57.66 78.82 55.36 38.75 17.31 52.02 48.02 -0.46
Nearest v 64.47 57.34 76.99 59.25 39.82 22.24 45.05 47.90 0.00
Bicubic [16] v 66.55 58.98 79.75 62.76 41.93 23.35 49.61 54.70 +3.07
Bilinear v 66.61 59.77 81.37 66.20 42.85 23.89 51.29 54.14 +4.13
Large (x2) v 67.48 60.20 70.87 62.99 43.58 25.29 56.98 63.58 +4.65
FeatUp [9] X 66.93 60.91 82.20 68.10 44.28 24.55 51.73 51.57 +4.65
FeatSharp [22] X 66.85 59.80 84.10 67.35 42.90 23.61 52.75 56.84 +5.14
JAFAR [5] X 66.81 61.92 84.03 74.85 44,94 23.85 52.25 50.70 +5.79
AnyUp [30] v 66.54 61.58 84.00 73.66 44.44 24.68 53.58 54.40 +6.23
NAF v 67.35 62.17 84.64 74.47 45.39 25.08 56.98 56.69 +7.46

Table 1. Semantic Segmentation (mIoU 1) on Random Combinations of VFMs and datasets. VFMs come from different sizes and
families and are evaluated on many datasets: COCO [19], Pascal VOC [8], ADE20K [34]. ‘A Mean’ is computed against Nearest. We
highlight best and second best scores, and best gain. V.A indicates VFM-agnostic models.

learning the linear probing classifier. improves the mloU of degraded representations.

NAF always leads to the best or second best score regard- C. Image Restoration
less of the scaling ratio, proving that it can be used across
a wide range of resolutions. Interestingly, as already men-
tioned, for some VFM (e.g., PE-Core-B) feeding larger im- We evaluate several image denoising models — DNCNN
ages does not lead to higher scores. Nonetheless, NAF still [32], IRCNN [33], RedNet [15], and Restormer [31] — on

C.1. Evaluation Setup
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Figure 7. Segmentation predictions using different upsamplers. The first two rows are on Cityscapes [4], the last two rows on VOC
[8]. We see that while being VFM-agnostic NAF better preserves structure compared to JAFAR [5] and AnyUp [30] that tend to focus too

much on colors leading to noisy semantics.

Backbone DINOvV2-R-B  RADIOvV2.5-B  Franca-B DINOv3-B Mean
RGB 58.36 54.79 54.52 60.40 57.02
No training 60.46 56.53 56.26 61.92 58.79
DINOv3-B 63.82 58.76 58.03 61.01 60.41
DINOvV2-S 64.02 58.98 58.24 61.06 60.58
Mixture 64.16 59.18 58.29 61.73 60.84
DINOvV2-R-B 65.25 59.86 59.24 62.54 61.72

Table 2. Segmentation (mIoU 1) on Cityscapes [4], training NAF
with different backbones. The best average score is highlighted in

, and the standard training configuration used for NAF is
indicated in

ImageNet for 25k steps using input images of size 448x448.
We select the largest batch size that fits on a single A100
40GB GPU: B = 32 for the convolutional models and B =
1 for Restormer [31].

The denoisers are trained with a combination of three
loss terms: L1, L2, and SSIM. Denoting the total loss as

L =X Lii+ A2 Lo+ A3 Lssiu, (19)

we set the weights to Ay = 1.0, Ay = 5.0, and A3 = 0.2. To
train NAF we keep the same architecture than for feature
upsampling but we increase the neighborhood kernel size
from 9 to 15 to take into account the receptive field differ-
ence.

C.2. Visualizations

To evaluate the denoiser’s performance, we apply noise to
a set of clean 448 x 448 images and feed them to NAF.
In Fig. 9, we test models trained on dynamic ranges of
Gaussian noise ¢ € [0.1,0.5] and salt-and-pepper noise
p € [0.1,0.5]. We observe that the model can effectively de-



Figure 8. Detph Estimation using different upsamplers on NYUv2 [24]. Compared to AnyUp [30], NAF outputs smoother predictions

without the noisy effect we observe on some regions using AnyUp.

noise channel-wise salt-and-pepper noise even beyond the
maximal training range (rightmost image uses 0.6, while
the model has been trained up to 0.5 noise intensity), while
achieving high-quality reconstructions for other noise levels
as well.

D. Computation footprint

We previously provided initial insights into the efficiency of
different upsamplers in Tab. 1, where NAF is the only ap-
proach capable of achieving a x72 upsampling ratio, pro-
ducing features at a resolution of 2048 x 2048. We now
investigate in greater detail the behavior of these upsam-
plers when targeting different scaling factors or when pro-
cessing higher-dimensional feature maps (Fig. 10, Fig. 11).
To this end, we initialize a dummy feature tensor of size
(28,28, 384), corresponding to the output of a standard
model processing 448 x 448 input images. We then conduct
two controlled studies: (i) varying the embedding dimen-
sion while keeping a fixed x 16 upsampling ratio (Fig. 10),
and (ii) varying the upsampling ratio while maintaining 384

channels (Fig. 11). For each configuration, we evaluate the
total number of parameters (in millions, M), the compu-
tational cost (GFLOPs), the time required for the forward
pass (relevant for inference) and backward pass (relevant
for training), as well as the peak memory consumption dur-
ing both forward and backward passes.

Although JAFAR [5] and AnyUp [30] are attention-
based models like NAF, NAF achieves substantially higher
memory and computational efficiency. In the embedding
study, it provides an approximately 2-3x speedup and
memory reduction compared to AnyUp. For low upsam-
pling ratios, AnyUp is slightly more efficient; however, its
efficiency degrades rapidly with larger upsampling factors,
resulting in an approximately 3x advantage for NAF at
high upscaling levels. Furthermore, processing larger in-
put images with a standard state-of-the-art VFM leads to a
substantial increase in GFLOPs and runtime, whereas NAF
maintains significantly lower computational cost, as shown
in Tab. 6.

Across many configurations, the efficiency of NAF is
comparable to that of FeatUp [9], which relies on convo-



DINOv3-B
(512x512)

DINOV2-S
(448x448)

Method Backbone Refinement

Pretrained (official checkpoints)
JAFAR  Mixed VFMs - 62.46/87.10 61.10/83.85
AnyUp  DINOv2-S Image crops  60.35/86.63 60.85/84.22

Retrained on DINOv3-B

JAFAR  DINOv3-B -
AnyUp  DINOv3-B -
NAF DINOv3-B -

60.84 /86.63 -
59.35/86.42 56.36/82.68
61.01/86.60 61.34/84.25

NAF DINOv3-B Higher-res 64.98/87.86 63.78 / 84.52
Retrained on DINOv2-S

JAFAR  DINOv2-S - - 61.72/84.01
AnyUp  DINOv2-S - 58.93/86.09 58.67/83.60
NAF DINOv2-S - 61.06/86.85 61.78/84.42
NAF DINOv2-S Higher-res 64.38/87.67 63.14/84.42

Table 3. Semantic segmentation (IoU 7) results on
Cityscapes/VOC. The training configuration kept in the paper for
training NAF is indicated in . Best scores are highlighted in
bold. DINOV2-S does not benefit a lot from the refinement stage,
whereas DINOv3-B, owing to its stronger scale invariance, con-
sistently gains from it.

Method V.A DINOv2-R RADIO Franca DINOv3 A Mean
JAFAR [5] X 84.47 84.76 81.63 86.26 +0.32
AnyUp [30] v 84.10 84.59 81.69 86.62 +0.29
Bilinear v 83.07 84.47 81.30 86.99 0.00
NAF (ours) 4 84.90 85.05 82.01 86.88 +0.75
Table 4. Semantic Segmentation (mIoU 1) on VOC [8]

using VFM-upsamplers as feature filters. We use base
VFMs: DINOv2-R-B [6], RADIOV2.5-B [14], Franca-B [29], and
DINOv3-B [25]. A Mean is computed relative to Bilinear. Bold
and underline indicate the best and second-best scores, respec-
tively, while highlighted indicates the largest gain. V.A denotes
VFM-agnostic models.

Method Radiov2.5-B PE-Core-B

14 — 448 28 — 448 56 —448 | 14 — 448 28 — 448 56 — 448
AnyUp 53.85 62.04 OOM 54.92 58.64 OOM
Bilinear 55.85 66.63 68.74 53.54 56.83 43.81
Nearest 49.10 61.34 66.42 45.12 49.98 39.03
JAFAR 54.51 62.33 OOM 51.02 51.95 OOM
NAF 56.31 67.02 69.04 54.47 61.06 48.44

Table 5. Semantic Segmentation (mIoU 1) on Cityscapes [4]
for different Upsampling-ratio. We compare different upsam-
plers for generating 448 x 448 features from various feature input
resolutions. The first three columns correspond to RADIOv2.5-B
[14], and the last three columns to PE-Core-B [3]. Bold indicates
the best score, and underline the second-best. OOM indicates lin-
ear probing-training ‘Out-of-Memory’.

lutions but is intrinsically constrained to fixed output reso-
lutions. In contrast, NAF combines the flexibility of an any-
scale upsampler with the computational efficiency char-
acteristic of convolution-based designs, while consistently
outperforming attention-based alternatives.

Finally, we report efficiency results for the full pipeline,

Gaussian noise

Channel-wise Salt and Pepper
6=0.5 proba = 0.5

proba = 0.6

Clean

Denoised

Figure 9. Image restoration using NAF. On the left two images
we apply a gaussian noise. On the right we apply a channel-wise
salt and pepper noise. NAF allows to restore very noisy images
even on unseen noise range (rightmost image).

GFLOPs
X2 x4 x8 X2 x4 x8

Large 537 2148 8591 110 1035 6555
NAF 4 16 66 39 40 42

Method Time (ms)

Table 6. Comparison of NAF and the Large Image baseline.
We measure GFLOPs and inference time required to produce fea-
tures at X2, x4, and X8 the original resolution of DINOv3-B
[25] outputs. For the Large Image baseline, this corresponds to
feeding images scaled by the same factors, relative to the standard
448 x 448 resolution.

including feature extraction. Instead of relying on dummy
inputs, Tab. 7 evaluates performance by processing a real
image with a VFM and upsampling the resulting features
by a factor of x2. While bilinear upsampling remains the
most efficient approach, it yields relatively modest IoU im-
provements. In contrast, NAF provides the best trade-off
among learnable methods, combining strong efficiency with
the highest average IoU gain. It outperforms both convolu-
tional approaches [9] and attention-based methods [5, 30],
which we attribute to its efficient localized attention mech-
anism.

E. Limitations and Perspectives

Compared to both VFM-specific and VFM-agnostic up-
samplers, NAF achieves state-of-the-art performance across
multiple datasets and tasks. Nevertheless, several avenues
remain for improvement.

By design, NAF employs a neighborhood-attention
mechanism with a fixed kernel size. We observe that the
attention maps vary depending on the query point (see.
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Figure 10. Benchmarking analysis across embedding dimensions. We study 4 different standard embedding sizes: 128, 384, 768 and
1024. (a)-(b) show model complexity, (c)-(d) compare execution time, and (e)-(f) analyze memory consumption.
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Figure 11. Benchmarking analysis across upscaling ratio. We studied different upscaling ratio: x2, x4, x8, x16. (a)-(b) show model
complexity, (c)-(d) compare execution time, and (e)-(f) analyze memory consumption.

Fig. 4). Introducing dynamic kernel adaptation—similar to
approaches in Deformable Attention or Deformable Convo-
lutions—could, in principle, reduce the computational cost
per interpolation step while potentially enhancing recon-

struction accuracy by introducing sampling flexibility.

Although our method is VFM-agnostic, we currently
lack a principled framework for identifying which VFMs
provide the most informative patch representations for



Method Learnable Memory MiB)| FPStT ATIoU*

FeatUp v 3765 10 +3.29
Bilinear X 1517 50 +3.34
AnyUp v 7080 4 +4.09
JAFAR v 6330 7 +5.12
NAF v 3600 15 +5.58

Table 7. Efficiency comparison using DINOv3-B. A IoU de-
notes the average improvement over the baseline (see Main Tab. 2).
Results are sorted by average gain, then by FPS.

learning the upsampling. Closing this gap requires a deeper
understanding of the representational properties that sup-
port zero-shot consistent upsampling. Empirically, we ob-
serve that neither combining multiple VFMs nor using
larger or stronger VFMs leads to clear gains (see. Tab. 2).

In terms of applications, looking ahead, the ability to pre-
serve high-resolution spatial representations is especially
valuable in medical imaging and remote sensing, highlight-
ing promising avenues for future research. In addition, we
have demonstrated that NAF’s architecture is versatile and
can be adapted across domains, particularly within the de-
noising context, paving the way to other applications such
as in image restoration.
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