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7. Semantic Segmentation on Cityscapes
We evaluated feature upsampling and probability-map up-
sampling on Cityscapes using the official LoftUp segmen-
tation codebase with a stronger training setup that includes
448×448 input resolution, 100 epochs, and a learning-rate
scheduler. Under this configuration, all methods, including
LoftUp and ours, produced almost the same mIoU as bi-
linear interpolation, which differs from the improvements
reported in the LoftUp paper.

To ensure correctness, we carefully re-examined our im-
plementation through an automated code audit with Chat-
GPT and a manual review by multiple authors. We found
no inconsistencies or bugs.

The quantitative results are summarized in Table 7.
Across all methods, including feature-level and probability-
level upsampling, the differences remain within a very nar-
row range. Cityscapes primarily contains large and regular
structures, and its annotations are relatively coarse. With
a sufficiently trained segmentation head, bilinear interpo-
lation already performs near optimally, leaving little room
for additional gains. In contrast, datasets such as COCO,
PASCAL-VOC, and ADE20K include many small objects
and complex boundaries, where upsampling delivers clear
benefits.

Method
Cityscapes

mIoU (↑) Acc. (↑)
Bilinear 57.90 90.59
FeatUp 57.92 90.61
LoftUp 57.89 90.60
JAFAR 57.91 90.58
AnyUp 57.93 90.62
Upsample Anything 57.92 90.63
Upsample Anything (prob.) 56.36 90.05

Table 7. Segmentation performance on the Cityscapes dataset us-
ing the official LoftUp evaluation pipeline.

8. Details of Probabilistic Map Upsampling in
Table 1.

Figure 8-(c) corresponds to the Upsample Anything (prob.)
configuration reported in Table 1. In this setting, the seg-
mentation map is predicted from downsampled features us-
ing a lightweight 1×1 convolution, followed by our prob-
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(a) Conventional Segmentation pipeline

(b) Feature Upsampling for Segmentation Pipeline

(c) Upsample Anything Segmentation Pipeline

Figure 8. Comparison of segmentation pipelines. (a) Conventional
segmentation pipeline with a Vision Foundation Model encoder
and task-specific decoders such as DPT, UPerNet, SegFormer, or
Mask2Former. (b) Feature upsampling pipeline using pretrained
upsamplers such as FeatUP, LoftUP, JAFAR, or AnyUp, operat-
ing on feature maps. (c) Our proposed Upsample Anything, which
performs test-time optimization and handles both feature and seg-
mentation upsampling without additional training.

abilistic upsampling to reconstruct high-resolution outputs.
This simple setup already shows strong performance. Be-
cause the computation is performed on a small feature map,
heavier or more complex decoders are expected to be fea-
sible without large computational overhead. This suggests
that the proposed segmentation pipeline has further poten-
tial, although designing such decoders is beyond the scope
of this work.

9. Details of Depth Estimation in Table 2.
We followed the DPT-based depth estimation setup used in
prior works [10, 23]. Although DPT includes an internal up-



Algorithm 1 Depth estimation setting used in Table 2.

Require: Input image x
Ensure: Predicted depth map D

1: Extract multi-scale features F using a pretrained Vision
Foundation Model encoder (e.g., DINOv2)

2: Pass F through the DPT head:
3: F1 ← Conv(F, k=3, c→c/2)
4: F2 ← Conv(F1, k=3, c/2→32)
5: F3 ← ReLU(F2)
6: Dinv ← Conv(F3, k=1, 32→1)
7: Dinv ← ReLU(Dinv) (if non-negative)
8: if invert is True then
9: D ← 1

clip(s·Dinv+t, 1e−8,∞)
10: else
11: D ← Dinv

12: end if
13: Output the final depth prediction D

sampling, its exact implementation details are not provided
in the paper or codebase. Therefore, we reimplemented the
head as described in Algorithm 1 and used it consistently
for all our depth estimation experiments.

10. From 2D Low-Resolution Feature Maps to
3D High-Resolution Feature Volumes

We extend our test-time optimization (TTO) framework to
reconstruct dense 3D feature volumes directly from low-
resolution 2D feature maps. Starting with an RGB–Depth
(RGB-D) pair, we first downsample the RGB image by
a factor of s to simulate a low-resolution feature space.
The corresponding high-resolution RGB-D map is used as
the guide signal for optimization. During TTO stage, we
train only the pixel-wise anisotropic Gaussian kernel pa-
rameters (σx, σy, σz, θ, σr) so that the 3D Upsample Anyt-
ing can accurately project the low-resolution RGB features
to their high-resolution RGB-D counterparts. Once opti-
mized, these learned kernels are frozen and reused in up-
sample stage to upsample semantic features extracted from
2D LR feature into full 3D feature volumes. This process
allows each low-resolution feature token to be expanded
not only spatially along the x–y plane, but also along the
depth axis z, guided by the HR depth map. The result-
ing tensor F3D ∈ RDh×C×Hh×Wh captures the local ge-
ometric and appearance-aware structure of the scene. We
visualize these 3D feature maps using PCA on each depth
slice, revealing how distinct depth layers retain meaning-
ful semantic separation while smoothly transitioning across
depth. Figure 9 shows that even without explicit 3D su-
pervision, our Full3DJBU reconstructs volumetric features
that align with depth continuity, edges, and object bound-
aries—demonstrating that our framework can generalize

from 2D low-resolution feature inputs to 3D high-resolution
representations at test time.

11. Gaussian Blob Visualization
To better understand what our learned anisotropic kernels
capture, we visualized the Gaussian blobs of our model, as
shown in Fig. 10. (a) shows the original high-resolution
RGB image, and (b) overlays the learned Gaussian blobs
on the corresponding low-resolution image. Although the
visualization can be difficult to interpret directly, certain
spatial regions such as the eyes, nose, and corners exhibit
overlapping or consistently oriented blobs, which suggests
that nearby kernels capture semantically similar local struc-
tures. This indicates that the learned kernels adaptively en-
code meaningful directional features rather than behaving
randomly. However, similar to other methods that rely on
Gaussian Splatting or 2DGS, not every blob is fully inter-
pretable, and some visual noise appears due to overparame-
terization and kernel redundancy.

12. Segment-then-Upsample Pipeline Visual-
ization Results

This section presents the visualization results of our
segment-then-upsample pipeline, corresponding to the
method in Fig. 8-(c). In this configuration, we perform
semantic segmentation on the low-resolution feature maps
first and subsequently upsample the segmentation logits by
a factor of 16×. Despite the large upsampling ratio, our
Upsample Anything produces visually sharp and semanti-
cally consistent results, as illustrated in Fig. 11. Compared
to conventional bilinear interpolation, the recovered bound-
aries and fine structures are significantly clearer.

13. Formal Relation Between Joint Bilateral
Upsampling and Gaussian Splatting

The purpose of this section is not to claim that Joint Bi-
lateral Upsampling (JBU) and Gaussian Splatting (GS) are
mathematically equivalent. Instead, we aim to show why
the GS framework provides a useful foundation for our for-
mulation. By reinterpreting JBU through the perspective
of GS, we reveal a common idea based on continuous and
differentiable Gaussian kernels, which motivates our use
of GS-style parameter learning in the Upsample Anything
(GSJBU) framework. In short, this section clarifies the con-
ceptual link between the two views and explains why GS-
based test-time optimization naturally applies to feature up-
sampling.

Notation. Let Flr : Q→RC be a low-resolution feature
map on a discrete grid Q ⊂ Z2, and let I : Ω → Rd be
an HR guidance signal (d=1 for grayscale, d=3 for RGB,
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Figure 9. Visualization of our 3D feature upsampling results. The first two columns show the RGB image and its corresponding depth
map. The remaining panels depict representative depth slices from the reconstructed 3D high-resolution feature volume obtained using
our Upsample Anything. Each slice is visualized via PCA projection into RGB space. Notice that the recovered 3D feature layers exhibit
smooth transitions along the depth axis while preserving fine object boundaries and geometric continuity.
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Figure 10. Visualization of learned Gaussian blobs. (a) shows the
original image and (b) displays the Gaussian blobs overlaid on the
low-resolution input. The blobs reveal locally coherent directions
and magnitudes, indicating that the learned kernels adapt to the
underlying structure of the scene.

etc.). For p ∈ Ω ⊂ R2, classical JBU is

F̂hr(p) =

∑
q∈Ω(p)

Flr(q) exp
(
− ∥p−q∥2
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s

)
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)
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(
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(8)

Joint spatial–range lifting. Define the lifted embedding

ϕ : Ω→ R2+d, ϕ(x) :=

[
x

I(x)

]
,

and the block-diagonal covariance

Λ(σs, σr) := diag
(
σ2
sI2, σ

2
rId

)
∈ R(2+d)×(2+d).

For u, v ∈ R2+d, let

GΛ(u, v) := exp
(
− 1

2 (u− v)⊤Λ−1(u− v)
)
.

Theorem 1 (JBU as a normalized Gaussian mixture in the
joint domain). Fix σs>0, σr>0 and let Λ = Λ(σs, σr).
Then for any p ∈ Ω,

F̂hr(p) =

∑
q∈Ω(p)

Flr(q)GΛ

(
ϕ(p), ϕ(q)

)
∑

q∈Ω(p)

GΛ

(
ϕ(p), ϕ(q)

) . (9)

In particular, JBU coincides with evaluating a normalized
Gaussian mixture in the lifted space R2+d whose centers
are {ϕ(q)}q∈Ω(p) and whose (isotropic-by-block) covari-
ance is Λ.

Proof. By construction, ∥ϕ(p) − ϕ(q)∥2Λ−1 = (p −
q)⊤(σ−2

s I2)(p−q)+(I(p)−I(q))⊤(σ−2
r Id)(I(p)−I(q)). Thus

GΛ(ϕ(p), ϕ(q)) = exp
(
− ∥p−q∥2

2σ2
s

)
exp

(
− ∥I(p)−I(q)∥2

2σ2
r

)
, and

substituting this identity in (1) yields (9).
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Figure 11. Visualization of the segment-then-upsample pipeline. The segmentation logits are first generated at low resolution and then up-
sampled by 16× using our method. The results exhibit remarkably sharp object boundaries and preserve semantic coherence, highlighting
the effectiveness of our upsampling approach.

Corollary 1 (Discrete GS view in the joint domain). Let
µq := ϕ(q) and fq := Flr(q). Then Theorem 1 states that
JBU equals

F̂hr(p) =

∑
q

fq exp
(
− 1

2
(ϕ(p)− µq)

⊤Λ−1(ϕ(p)− µq)
)

∑
q

exp
(
− 1

2
(ϕ(p)− µq)⊤Λ−1(ϕ(p)− µq)

) ,

(10)
i.e., a Gaussian Splatting evaluation in R2+d with fixed
block-diagonal covariance and centers on the lifted LR
grid.

Connection to standard 2D GS. Standard (2D) GS
writes, for p ∈ R2,

F (p) =

∑
i

αi exp
(
− 1

2
(p− µ̃i)

⊤Σ̃−1
i (p− µ̃i)

)
f̃i∑

j

αj exp
(
− 1

2
(p− µ̃j)⊤Σ̃

−1
j (p− µ̃j)

) . (11)

The range term in JBU can be absorbed by lifting to the
joint domain (Theorem 1), or, equivalently, by keeping the
domain 2D and letting the amplitude be query-dependent,
αi(p) = exp

(
− ∥I(p)−I(µ̃i)∥2

2σ2
r

)
. The former is strictly

query-independent and thus mathematically cleaner; the
latter matches common GS implementations with view-
dependent weights.

Theorem 2 (Specialization of GSJBU to JBU (isotropic
limit)). Consider the anisotropic per-center model:

F (p) =

∑
q

fq exp
(
− 1

2
(p− q)⊤Σ−1

q (p− q)
)
βq(p)∑

q

exp
(
− 1

2
(p− q)⊤Σ−1

q (p− q)
)
βq(p)

,

βq(p) := exp
(
− ∥I(p)−I(q)∥2

2σ2
r(q)

)
.

(12)

If Σq → σ2
sI2 and σr(q) → σr for all q, then (12) reduces

exactly to JBU (1).

Proof. Substitute Σq = σ2
sI2 and σr(q) = σr into (12) to re-

cover the numerator/denominator of (1).

Proposition 1 (Discrete-to-continuous convergence). As-
sume Flr admits a bandlimited (or Lipschitz-continuous) in-
terpolation F̃ : Ω → RC , and let the LR grid spacing be
∆x. Then as ∆x→ 0,∑

q
F̃ (q)GΛ

(
ϕ(p), ϕ(q)

)
(∆x)2 −→

∫
Ω

F̃ (x)GΛ

(
ϕ(p), ϕ(x)

)
dx,

(13)
and the corresponding normalized ratios converge as well.
Hence, discrete JBU converges to its continuous lifted-
domain GS counterpart.

Sketch. GΛ(ϕ(p), ϕ(·)) is bounded and continuous for fixed p.
Under the stated regularity, Riemann sums converge to the integral



Parameter Symbol Default Role Rationale

Spatial sigma (x) σx init = scale (e.g., 16) Controls major-axis smoothing; receptive-field size Initialized proportional to upsampling factor to provide a wide prior; refined by TTO.
Spatial sigma (y) σy Same as σx Controls minor-axis smoothing Same reasoning as σx; enables anisotropy to emerge during TTO.
Orientation θ 0 Rotation of the anisotropic Gaussian Zero-init avoids directional bias; TTO discovers optimal orientation.
Range sigma σr 0.12 Sensitivity to appearance/color similarity Moderate color differences (∆I ≈ 0.2 ∼ 0.3) are significantly downweighted; acts as soft bilateral prior.
Support radius (max) Rmax 4–8 Upper bound on spatial Gaussian support Balances context capture and cost (O((2Rmax + 1)2)); too small truncates optimal kernels.
Dynamic multiplier αdyn 2.0 Converts σeff to effective support radius Ensures coverage of ∼ 95% Gaussian mass (2σ rule); prevents under-coverage early in TTO.
Center mode – nearest Determines LR anchor for each HR pixel Nearest-center alignment improves stability and avoids aliasing for large upsampling factors.

Table 8. Hyperparameter settings for Upsample Anything. All parameters act as soft priors; the effective kernel shape is governed by
test-time optimization of pixelwise anisotropic Gaussians.

Clean Image LR Feature AnyUP Ours

Noise 10% Image LR Feature AnyUP Ours

Noise 20% Image LR Feature AnyUP Ours

Figure 12. Qualitative comparison under low-SNR and noise cor-
ruption. From left to right: RGB input, low-resolution feature, up-
sampled feature by AnyUp, and ours (Upsample Anything). From
top to bottom: clean image, 10% noise, and 20% noise. AnyUp
remains stable under noise, while our TTO-based method overfits
to noisy pixels, revealing its limitation when directly optimizing
on corrupted inputs.

and the denominators stay strictly positive (finite kernel mass).
The ratio convergence follows by standard arguments (e.g., domi-
nated convergence and continuity of division on R \ {0}).

Consequences. (i) Equivalence in the joint domain
(Thm. 1) shows that JBU is a GS evaluation on (x, I(x))
with block-diagonal covariance. (ii) Anisotropic general-
ization (12) recovers JBU in the isotropic limit (Thm. 2),
and enables per-center covariance learning (our GSJBU).
(iii) Discrete-to-continuous consistency (Prop. 1) justifies
replacing sums by integrals when refining the sampling
grid.

Implementation note. In practice we adopt (12) with
test-time optimization of (Σq, σr(q)). For stability, Σq ≻ 0
is parameterized via R(θq)diag(σ

2
x(q), σ

2
y(q))R(θq)

⊤ with
σx, σy>0.

14. Hyperparameter Table
The hyperparameters in Table 8 function primarily as soft
priors for test-time optimization. Since all spatial and range
parameters are refined during the 50 optimization steps, the
final performance depends only weakly on their initial val-
ues. A well-chosen initialization simply accelerates conver-
gence, whereas suboptimal values are eventually corrected
by the optimization itself. The table therefore summarizes
practical initialization rules rather than strict hyperparam-
eter requirements. These rules are based on the expected
receptive-field size, the dynamic range of the guidance im-
age, and the desired locality prior, and they lead to stable
and fast convergence.

15. Limitation under Low-SNR or Corrupted
Inputs

Although our method performs robustly across diverse
datasets and even under moderate perturbations such as
those in ImageNet-C, it exhibits a clear limitation when ap-
plied to images with extremely low signal-to-noise ratios or
severe corruption.

Because our framework performs test-time optimization
(TTO) by reconstructing the input image itself, the opti-
mization process inherently assumes that the image con-
tains a clean and reliable signal. When the input is degraded
by noise—such as salt-and-pepper artifacts or heavy sensor
perturbations—the model tends to overfit to these corrup-
tions rather than recovering the underlying structure. Fig-
ure 12 illustrates this effect: the first row shows results on
a clean image, while the second and third rows demonstrate
increasing corruption levels of 10% and 20%, respectively.

Despite the noise, pretrained Vision Foundation Models
still produce reasonable feature embeddings, and AnyUp
remains stable by directly upsampling feature maps. In
contrast, our TTO-based Upsample Anything reconstructs
the noisy signal faithfully, which unintentionally amplifies
noise in both the reconstructed RGB and upsampled feature
domains.

This limitation is not unique to our method but is com-
mon across all TTO-based image restoration approaches
that optimize directly on corrupted inputs. While one could
incorporate a denoising stage before optimization to alle-
viate this issue, we consider it outside the current scope.



In summary, AnyUp demonstrates higher robustness under
corrupted or low-SNR conditions, whereas our Upsample
Anything excels when inputs are visually clean or when
handling multi-modal signals such as RGB-D or 3D fea-
tures.
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