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ABSTRACT

Radio frequency (RF) fingerprinting is a promising localization technique for
GPS-denied environments, yet it suffers from poor generalization to unmapped
areas. Traditional k-nearest neighbor methods perform well where data exists
but fail on unseen streets. Deep learning can learn generalizable spatial-RF pat-
terns, but requires far more training data than typical measurement campaigns
provide. We investigate whether synthetic data can bridge this gap. Using a
real-world dataset from Rome and NVIDIA’s Sionna ray-tracing simulator, we
generate synthetic datasets under varying fidelity and scale: Dataset B′ uses real
base station (BS) locations with Gaussian Process-calibrated signals (53K sam-
ples), while Dataset C uses fully simulated BSs and signals (274K samples). Our
evaluation reveals a pronounced sim-to-real gap—models achieving 25m error on
synthetic data degrade to 184m on real data—yet pretraining on synthetic data
reduces real-world error from 323m to 162m, a 50% improvement. Notably, sim-
ulation fidelity proves more important than scale: the smaller calibrated dataset
outperforms the larger uncalibrated one. We further evaluate cross-city general-
ization on an unseen Oslo dataset, achieving 132m zero-shot RMSE and 62m after
fine-tuning. This work provides a systematic study of synthetic-to-real transfer for
RF localization, highlighting the value of simulation-aware pretraining.

1 INTRODUCTION

Radio frequency (RF) fingerprinting has gained significant traction for localization in GPS-denied
environments, including urban canyons and indoor spaces Zafari et al. (2019). The approach builds
a database of signal measurements at known locations, then matches new measurements to estimate
position Yaro et al. (2023). While modern cellular standards provide localization facilities (Cell-ID,
timing advance, OTDOA, 5G NR positioning), these face practical limitations: operator APIs are
often restricted Cha et al. (2025); Wymeersch et al. (2017), coarse methods yield hundreds-of-meters
accuracy, and advanced methods struggle under multipath and NLOS conditions Xie et al. (2024);
Koivisto et al. (2017). In emergency, adversarial, or private contexts, RF fingerprinting offers a
UE-side, infrastructure-agnostic alternative.

Traditional k-nearest neighbor (k-NN) methods work well for mapped locations but fail on unseen
streets, with errors exceeding thousands of meters Miramá et al. (2021). Deep learning (DL) can
potentially learn generalizable spatial-RF patterns Khachatrian et al. (2024), but requires far more
data than real-world campaigns provide. The Rome dataset Ali et al. (2022) (Dataset A) exemplifies
this, containing only ∼2,000 measurements. While synthetic datasets like WAIR-D Huangfu et al.
(2022) address data scarcity, the sim-to-real transfer problem remains largely unexplored: do models
trained on synthetic RF data work on real measurements?

∗This work was previously published in the journal Information Fusion (Manukyan et al., 2025b) and is
included here under the workshop’s non-archival policy.
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We investigate whether large-scale synthetic data can bridge this generalization gap using the Sionna
ray-tracing simulator Hoydis et al. (2023). We create Dataset B (real BS locations, simulated sig-
nals), Dataset B′ (calibrated version of B via Gaussian Process optimization), and Dataset C (fully
simulated BSs and signals at city scale). We address three questions: (1) Can synthetic pretraining
improve generalization to unseen real locations? (2) Does data quantity or fidelity matter more? (3)
How large is the sim-to-real gap, and can transfer learning bridge it?

Our contributions include:

• Sim-to-real evaluation: The first systematic study in wireless communication of synthetic-
to-real transfer in RF localization, revealing that models achieving 25m synthetic error
degrade to 184m on real data.

• Gaussian Process calibration: A methodology for calibrating synthetic BS parameters
against real measurements, improving per-BS correlation by 0.15–0.25.

• Large-scale synthetic pretraining: Demonstration that pretraining on 274K synthetic
samples enables 50% error reduction (323m→162m) over real-only training.

• Scale vs. quality trade-off: Evidence that 53K calibrated samples often outperform 274K
uncalibrated ones, highlighting simulation fidelity over quantity.

2 RELATED WORK

Early outdoor fingerprinting relied on proprietary or small-scale drive tests. Kousias et al. released
the first openly documented city-scale corpus with 4G, NB-IoT, and 5G measurements in Rome and
Oslo Kousias et al. (2024), and De Nardis et al. built a k-NN benchmark on these data De Nardis
et al. (2023). Such campaigns remain costly and geographically narrow.

Synthetic data generation has expanded training possibilities. The WAIR-D corpus Huangfu
et al. (2022) spans thousands of urban scenes with ray-traced channels. Proprietary simulators—
WinProp Altair Engineering Inc. (2021), Wireless InSite Remcom Inc. (2020); Alkhateeb (2019),
and NewFasant Gonzalez et al. (2008)—have enabled multipath-aware fingerprinting and mmWave
studies. Progress has accelerated with open-source tools like Sionna Hoydis et al. (2023).

Several works demonstrate strong synthetic-only results: Nokia Bell Labs achieved ∼1.4m error us-
ing WinProp-generated beam-level RSRP fingerprints Butt et al. (2020); Bhattacherjee et al. showed
sub-meter synthetic accuracy with AOA+RSS+TOA features Bhattacherjee et al. (2020); Del Peral-
Rosado et al. reported sub-meter errors with delay-based fingerprints from NewFasant Del Corte-
Valiente et al. (2019); and Khachatrian et al. reached 11.3m NLOS RMSE on WAIR-D Khachatrian
et al. (2025). However, none include real-world validation. De Sousa et al. de Sousa et al. (2021)
represent the closest work, pretraining Random Forest models on WinProp-generated features and
reducing mean error from 238m to 149m with 1,000 real calibration samples, though without de-
tailed environmental maps. Network-assisted positioning techniques leverage existing cellular in-
frastructure for UE localization Shah et al. (2025). Methods like OTDOA utilize time difference
measurements from multiple BSs for triangulation, offering improved accuracy with good cover-
age but limited by cell density and NLOS conditions. Model-based multilateration (TOA, TDOA)
achieves high accuracy but requires synchronized clocks and is sensitive to multipath Widdison &
Long (2024). Hybrid systems combining GNSS with cellular data enhance reliability in challenging
environments Camajori Tedeschini et al. (2023).

Current evidence suggests volume drives representation quality while realism drives sim-to-real
transfer Ruah et al. (2023), but the fundamental question of whether synthetic pretraining improves
generalization to unseen real locations remains unexplored Akrout et al. (2023). We address this gap
with the first systematic study of synthetic-to-real transfer in RF localization.

3 PROBLEM FORMULATION

We formulate UE localization as predicting a spatial probability distribution. The model receives: (i)
a two-channel map M ∈ {0, 1}H×W×2 encoding building and road footprints; (ii) pixel coordinates
of N base stations, L = {li ∈ R2}Ni=1; and (iii) RF measurements R = {mi ∈ R4}Ni=1, where mi

comprises RSSI, NSINR, NRSRP, and NRSRQ.
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(a) Dataset A (Real-world)
(b) Dataset B′ (Calibrated syn-
thetic) (c) Dataset C (Fully synthetic)

Figure 1: UE and BS (black triangles) distributions across datasets. Blue: training, orange: valida-
tion (unknown streets), purple: test (unknown streets). Validation and test splits are shared across
datasets.

The model learns fθ : (M,L,R) 7→ Ŷ ∈ [0, 1]H×W , a probability heatmap over UE location.
Training minimizes pixel-wise BCE loss between prediction Ŷ and ground-truth Y ∈ {0, 1}H×W .
At inference, p̂ = argmax(i,j) Ŷij .

4 DATA GENERATION

We use three datasets: Dataset A with real-world measurements in Rome; Dataset B/B′ with real
BS locations and simulated (B) or GP-calibrated (B′) signals; and Dataset C with fully simulated
BSs and signals at city scale. All synthetic datasets produce RSSI, NSINR, NRSRP, and NRSRQ,
matching the real data format.

4.1 DATASET A: REAL-WORLD MEASUREMENTS

Dataset A comprises a drive-test campaign in central Rome with ≈2,000 unique UE locations and
measurements to multiple BSs Kousias et al. (2024); Ali et al. (2022). We rasterize OSM building
footprints into binary maps at 1m/px and crop 601× 601 tiles centered near each UE, retaining only
crops with ≥3 visible BSs. UEs are partitioned spatially into training, validation, and test splits
based on street coverage.

4.2 SIMULATION FRAMEWORK

Synthetic data is generated via Sionna RT (v1.1.0) Hoydis et al. (2023) in three stages: (i) Scene
construction: OSM buildings extruded into 3D solids with height heuristics; (ii) Channel synthesis:
deterministic ray tracing with diffuse scattering, 106 samples/source, 104 max paths, 3 reflections,
sub-3GHz band; (iii) Metric extraction: RSSI, NSINR, NRSRP, NRSRQ computed over 1,008 re-
source elements and 84 resource blocks.

Dataset B uses real BS locations from Dataset A in two Rome scenes (11 and 27 BSs). Per scene,
we sample 64,000 UEs within the central 80% of the BS-induced bounding box and trace all BS–UE
channels. Dataset B′ is derived via GP calibration (Section 5).

4.3 DATASET C: FULLY SIMULATED

A 25 × 33km2 region of Rome is divided into a 10 × 10 grid. Per patch: 10 BSs at 40m height,
5,000 UEs, full ray tracing. Two seeds yield ∼107 links. A denser variant concentrates BSs and
UEs within tighter sub-regions (Figure 2) to ensure ≥3 BS visibility per 600m crop. Datasets B, B′,
and C follow the same spatial splits as Dataset A to prevent information leakage.
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Figure 2: Grid configuration for Dataset C. Purple/green sub-grids denote dense regions maximizing
multi-BS visibility within 600m crops.

4.4 OSLO DATASET

To evaluate cross-city generalization, we use the Oslo dataset Kousias et al. (2024) with 5,266 UE
locations and 982 BSs (389,124 UE–BS pairs). It serves as both a zero-shot benchmark and a fine-
tuning target. Details and splits are in Appendix A.

5 DATASET B′: REDUCING THE SIM-TO-REAL GAP

5.1 IDENTIFYING IMPACTFUL SIMULATION PARAMETERS

To close the sim-to-real gap, we first determined which parameters most affect simulation fidelity.
Using 6 BSs with manually verified locations, we performed hundreds of simulations varying config-
urations and evaluated via (i) Spearman correlation between simulated and real RSSI, and (ii) k-NN
localization using four train/test combinations of real [R] and simulated [S] fingerprints: [R→R],
[S→S], [R→S], and [S→R]. Simulation-wide parameters (path depth, scattering flags, frequency)
showed negligible sensitivity, while BS characteristics (location, altitude, radiation pattern, orienta-
tion) were decisive Manukyan et al. (2025a).

5.2 OPTIMIZING BASE STATIONS VIA GAUSSIAN PROCESS

For each BS we optimize four variables: lateral offsets (x, y) ∈ [−50, 50]2m, height h ∈ [20, 100]m,
and azimuth ϕ ∈ [0, 360]◦. The objective maximizes Spearman correlation between simulated and
measured RSSI using expected-improvement acquisition over 90 evaluations per BS. This improves
per-BS correlation by 0.15–0.25, yielding Dataset B′.

6 MODEL ARCHITECTURE

6.1 INPUT ENCODING

Each BS is represented by a 6D vector: normalized (x, y) coordinates plus four RF measurements
(RSSI, NSINR, NRSRP, NRSRQ). The map crop (601× 601) is resized to 224× 224; the building
map is duplicated across two channels, with the third encoding relative spatial scale. BS locations
are overlaid as 7× 7 blobs encoding coordinates and RSSI.
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Figure 3: MapRadioFormer+ architecture, adapted from Mkrtchyan et al. (2025).

6.2 MAPRADIOFORMER+ ARCHITECTURE

RF vectors are processed by a shared MLP (256→1,024 neurons, ReLU) to produce radio tokens
matching the DINOv2 Oquab et al. (2024) hidden dimension. Positional encodings based on BS
(x, y) coordinates are added. The map is decomposed into 16×16 = 256 patch tokens, concatenated
with radio tokens, and processed by DINOv2-L/14.

Output image-patch tokens are batch-normalized per layer, averaged across layers, projected to 14×
14×3 = 588 dimensions, and unpatched to reconstruct a 224×224×3 image. A 3×3 convolution
followed by sigmoid produces the probability heatmap. Key modifications from Mkrtchyan et al.
(2025): (i) removal of cross-token linear layer, using only image-patch output tokens; (ii) addition
of spatial positional encodings to radio tokens. See Appendix G for the unpatching operation details.

6.3 TRAINING DETAILS

Models are trained on 2×A100 GPUs with DDP Li et al. (2020). Pretraining uses a warmup-stable-
decay (WSD) schedule: LR ramps to 2× 10−4 over 10% of epochs, holds constant, then decays to
0. Pretraining runs 30 epochs (B′) or 14 epochs (C). Fine-tuning on real data runs 100 epochs with
linearly decaying LR. Batch size is 31; all models initialize from DINOv2-L/14 pretrained weights.

7 EXPERIMENTS

7.1 BASELINES

k-NN: We reimplement the weighted k-NN baseline from Kousias et al. (2024); Savelli et al. (2024),
constructing RSSI fingerprints with missing values infilled at −25dB and distances normalized by
non-zero BS count.

k-NN in a square: To fairly compare with DL models (which assume the UE lies within a
600m×600m crop), we restrict k-NN search to the same region, falling back to center prediction
when no fingerprints exist.

MLP+UNet: A CNN-based baseline Khachatrian et al. (2025) adapted for RF fingerprinting inputs.
See Appendix C for details.
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7.2 PRETRAINING PROTOCOL

We pretrain MapRadioFormer+ on Dataset C and Dataset B′ separately, evaluate zero-shot on real
data, then fine-tune on Dataset A. We also explore a three-stage pipeline: C→B′→A.

8 RESULTS

Table 1: Localization performance across different experiments.
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2,116 320,096 67.0 226.3
B′ zero-shot 53,055 189,293 240.4 249.8
C zero-shot 273,996 4,958,139 242.0 192.0
C → B′ zero-shot – – 235.1 209.4
B′ → A – – 71.8 190.5
C → A – – 67.5 211.3
C → B′ → A – – 73.3 213.5

A
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+ 2,116 320,096 38.5 322.7
B′ zero-shot 53,055 189,293 292.0 158.9
C zero-shot 273,996 4,958,139 286.0 184.0
C → B′ zero-shot – – 265.2 186.4
B′ → A – – 59.2 178.5
C → A – – 57.4 162.5
C → B′ → A – – 46.9 165.4

8.1 ROME DATASET RESULTS

Table 1 and Figure 4 summarize results. The k-NN baseline achieves 35m on known streets but
catastrophically fails on unknown regions (2,905m). The constrained k-NN in a square yields 200m
on unknown streets.

Real-only training. MapRadioFormer+ trained on Dataset A achieves 38.5m on known streets
(comparable to k-NN) but 322.7m on unknown streets, indicating poor generalization from limited
real data. MLP+UNet performs better on unknown streets (226.3m) but worse on known streets
(67.0m).

Zero-shot synthetic. MapRadioFormer+ pretrained on B′ achieves 158.9m on unknown streets,
outperforming the C-pretrained model (184.0m) by 25m. This gap—despite B′ having 5× fewer
samples—demonstrates that calibration quality trumps data quantity for zero-shot transfer. When
evaluated on synthetic test data, the C-pretrained model achieves near-perfect generalization (28.1m
on known and 26.9m on unknown synthetic streets).

Fine-tuned models. After fine-tuning on real data, C→A achieves the best unknown-street perfor-
mance at 162.5m—a 50% improvement over real-only training. The three-stage C→B′→A pipeline
yields 165.4m, offering no additional benefit. MLP+UNet consistently underperforms MapRadio-
Former+ after fine-tuning, confirming the transformer’s superior generalization. Domain adversarial
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Figure 4: Localization errors of all our models on known (x-axis) and unknown (y-axis) streets.

training further reduces B′→A error to 162.7m, though benefits are inconsistent across settings (Ap-
pendix D).

8.2 CROSS-CITY GENERALIZATION (OSLO)

Table 2: Zero-shot localization performance of the MapRadioFormer+ model on the Oslo out-of-
distribution dataset.
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A 2,116 320,096 157.2
B′ 53,055 189,293 246.9
C 273,996 4,958,139 299.9
C → B′ – – 248.1
B′ → A – – 149.6
C → A – – 132.2
C → B′ → A – – 132.6

Table 2 shows zero-shot performance on Oslo. Models trained on synthetic data alone transfer
poorly (>240m). The Rome-only model achieves 157.2m, while C→A reduces this to 132.2m—a
16% improvement demonstrating that synthetic pretraining improves cross-city generalization. Af-
ter fine-tuning on Oslo data, models achieve 61.5m on unknown streets (see Appendix B for the
full Oslo fine-tuning matrix). Notably, all synthetically pre-trained models surpass the k-NN in
the square baseline (182.4m) on unknown streets, while k-NN retains superiority on known streets
(19.9m), confirming that DL models trade known-street precision for generalization. Interestingly,
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this reverses the Rome finding: for cross-city transfer, synthetic data scale dominates over calibra-
tion quality—suggesting that breadth matters more than fidelity when the target domain diverges
substantially from the calibration source.

9 LIMITATIONS AND FUTURE WORK

Three main limitations remain. First, the largest contributor to the sim-to-real gap is the quality
of 3D building models; simplified geometric approximations (e.g., prism-shaped buildings) cannot
capture real-world propagation complexity. Second, MapRadioFormer+ requires a 600m×600m
crop centered near the UE, implicitly assuming coarse prior location knowledge. Variable-scale
experiments (Appendix E) confirm that performance degrades with increasing map size on unknown
streets, underscoring the sensitivity to the 600m crop assumption. future work should remove this
assumption. Third, we lack a fine-tuning strategy that simultaneously closes the sim-to-real gap
and preserves generalization learned during pretraining. Despite achieving 162m in Rome and 62m
in Oslo, these errors remain high for practical deployment. Progress requires more realistic 3D
environments, diverse real-world datasets, and greater willingness from network carriers to share
BS parameters. Our fully open-source simulation pipeline and forthcoming public datasets aim to
support continued research on these challenges.

Additional experimental details—including Oslo data splits, fine-tuning ablations, domain adapta-
tion, variable-scale evaluation, computational cost analysis, and architecture specifics—are provided
in the appendices.

DECLARATION OF GENERATIVE AI AND AI-ASSISTED TECHNOLOGIES IN THE
WRITING PROCESS

During the preparation of this work the authors used Cursor (with Claude-4-Sonnet backend) and
GPT5 in order to identify and fix inconsistent terms and definitions across sections, brainstorm on
better formulations of the ideas in English, check the grammar, generate visualizations and design
certain elements of the page layout. After using those tools, the authors reviewed and edited the
content as needed and take full responsibility for the content of the published article.
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Figure 6: Oslo training, validation, and test split of UEs alongside BS locations (stars).

Table 3: RMSE comparison on known and unknown Oslo streets across pre-training and fine-tuning
configurations.

(a) Unknown streets.

Synthetic pre-training N
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o

None 136.9 95.3 106.5
B′ 168.3 109.0 70.9 69.7
C 184.7 75.8 63.9 62.0
C → B′ 176.3 87.3 76.0 61.5

k-NN in the square 182.4

(b) Known streets.

Synthetic pre-training N
o

re
al

da
ta
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om

e

R
om

e→
O

sl
o

O
sl

o

None 148.6 36.2 46.8
B′ 272.9 153.9 44.0 53.9
C 293.2 133.7 47.3 48.1
C → B′ 267.6 128.3 41.7 45.7

k-NN in the square 19.9

A OSLO DATASET DETAILS

The Oslo dataset Kousias et al. (2024) comprises 5,266 distinct UE locations and 982 BS locations,
yielding 389,124 measured UE–BS pairs. Figure 6 shows the spatial distribution and data splits.
The dataset serves two purposes: (i) zero-shot evaluation for cross-city generalization, and (ii) fine-
tuning followed by evaluation on held-out Oslo streets.

B OSLO FINE-TUNING RESULTS

Table 3 presents the full Oslo fine-tuning matrix. Key findings: (i) synthetic pre-training consis-
tently improves performance over real-only training; (ii) large-scale Dataset C dominates once real
fine-tuning data is available; (iii) direct Oslo fine-tuning yields the best results (61.5m), though
Rome→Oslo transfer remains beneficial without synthetic data (106.5m→95.3m). Figure 5 visu-
alizes these results. All MapRadioFormer+ variants surpass the k-NN baseline on unknown streets
except the model trained solely on Dataset C.

C MLP+UNET BASELINE

The MLP+UNet baseline Khachatrian et al. (2025) combines a convolutional U-Net encoder–
decoder with an MLP branch for RF features. The encoder reduces spatial resolution through con-
volutional blocks (64 to 1,024 channels), while the MLP processes RF inputs through three layers
(256, 1,024, 256). At the bottleneck, RF embeddings are spatially expanded and concatenated with
encoder features. The decoder reconstructs the heatmap via transposed convolutions with skip con-
nections. Due to architectural constraints, BS count is limited to three. Full MLP+UNet results are
included in Table 1 (main text).
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Figure 7: MLP+UNet architecture, adapted from Khachatrian et al. (2025).

D DOMAIN ADAPTATION

We applied domain adversarial training Ganin et al. (2016) to learn domain-invariant representations.
The feature extractor Gf (ViT encoder) feeds both a task predictor Gy (decoder) and a domain
classifier Gd (MLP on CLS token), optimizing:

min
θf ,θy

max
θd

Ly[Gy(Gf (x)), y]− λLd[Gd(Gf (x)), d]

Table 4: Fine-tuning vs. domain adaptation (RMSE on unknown streets).

Source→Target Fine-tuning Domain adapt.
B′ → A 178.5 162.7
B′ → Oslo 69.7 75.6
A → Oslo 95.3 101.1

Results are mixed (Table 4): domain adaptation improves B′→A (178.5→162.7m) but hurts Oslo
transfers, suggesting adversarial alignment benefits sim-to-real but not cross-city scenarios with the
current setup.

E VARIABLE SCALE EVALUATION

After generating the variable-scale maps, the data were grouped into uniform bins of 200m width,
ranging from 200m to 1,200m. For each bin, model performance was evaluated on the corresponding
datapoints, and the RMSE values were averaged within the bin.Figure 8 summarizes the results. For
the known streets, all MapRadioFormer+ variants underperform relative to the k-NN in the square
baseline. Moreover, no consistent trend is observed with respect to the map scale, as performance
remains relatively stable across different size intervals.

F COMPUTATIONAL COST ANALYSIS

Figure 9 summarizes the cost–performance trade-off. The real-only baseline requires ∼15 GPU-
hours for 322.7m RMSE. Calibrated B′ achieves 158.9m (zero-shot) at ∼40 GPU-hours (2.7× com-
pute, 51% error reduction). Large-scale C→A reaches 162.5m at ∼88 GPU-hours (5.8× compute,
50% reduction). The three-stage pipeline adds cost (∼125 GPU-hours) without accuracy gains. The
cost-performance analysis reveals two viable strategies: calibrated B′ (zero-shot) achieves 51% er-
ror reduction at 40 GPU-hours, while uncalibrated C→A achieves 50% reduction at 88 GPU-hours.
Calibration provides better efficiency when area-specific tuning is feasible; uncalibrated pretrain-
ing offers flexibility when calibration data is unavailable. Both approaches outperform real-only
training, demonstrating that synthetic data generates meaningful accuracy gains despite the compu-
tational overhead.
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G ARCHITECTURE DETAILS: UNPATCHING OPERATION

The unpatching operation (Figure 10) reconstructs the output image from transformer patch tokens.
Parameters: h = w = 16, channels= 3, patch size= 14, yielding a 224× 224× 3 output.

H DATASET AVAR: VARIABLE SCALE DETAILS

For variable-scale evaluation, we sample random crop half-side lengths from N (300, 100) con-
strained to [100, 600]m. Data are grouped into uniform 200m bins from 200m to 1,200m for evalu-
ation.

I SIMULATION COMPUTE DETAILS

All ray-tracing was dispatched as independent single-GPU jobs on NVIDIA A100 (40GB) acceler-
ators, each capped at ∼10,000 BS–UE links. For Datasets B/B′ the BS constellation was fixed with
resampled UEs; for Dataset C both BS and UE positions were freshly drawn per shard. Up to six
A100s processed distinct shards in parallel, scaling linearly with no inter-GPU communication.
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Start

Inputs: x ∈ RB×T×h×w where T = C · p2
h,w: patch grid size; C: channels; p: patch size

Reshape #1:
(B, T, h, w) → (B,C, p, p, h, w)
shape: (B,C, p, p, h, w)

Axis Reordering:
(B,C, p, p, h, w) → (B,C, h, p, w, p)
shape: (B,C, h, p, w, p)

Reshape #2:
(B,C, h, p, w, p) → (B,C,H,W )
shape: (B,C,H,W ) where H=ph, W=pw

Return x′ ∈ RB×C×H×W

Each token encodes
C channels over
a p×p patch

(a) Unpatching operation flowchart: reconstructing
an image from patch tokens via axis reordering and
spatial unfolding.

(b) Visual explanation of the unpatching operation.

Figure 10: The unpatching operation. Input tensor has T = C ·p2 tokens per spatial location (h,w),
reshaped to output image of size (H,W ) = (ph, pw).
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