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Abstract

Seismic reflection surveys image subsurface geological struc-
tures by recording waves reflected from interfaces between
rock layers, which are then processed to form 3D seismic vol-
umes. However, the acquired signals are often contaminated
by noise that degrades interpretation quality. Existing denois-
ing approaches adapt pretrained visual foundation models to
seismic data but process each slice of the 3D seismic volume
independently, discarding useful spatial context. To incorpo-
rate this context while retaining the efficiency of a 2D model,
three input strategies are compared: 2D-1ch, in which a single
slice is repeated across the input channels; 2.5D-3ch, which
uses three consecutive slices from the same volume; and 2.5D-
5ch, which uses five consecutive slices. DINOv3 is adapted
with low-rank adaptation (LoRA), and a lightweight decoder
is trained to predict the clean central slice. On 30 synthetic Im-
age Impeccable volumes, mean test multi-scale structural sim-
ilarity improves from 0.8624 for 2D-1ch to 0.8947 for 2.5D-
3ch and 0.9039 for 2.5D-5ch. 2.5D gains are largest on the
slices with the most noise. Additional experiments show that
these improvements arise primarily from the spatial context
provided by neighbouring slices. On the real-field F3 dataset,
2.5D behaviour depends on slice orientation. In the horizontal
time orientation the models were trained on, 2D-1ch leaves
the least structured residual, while 2.5D-3ch and 2.5D-5ch
over-smooth the output. However, in the inline/crossline F3
evaluation, 2.5D reduces the over-smoothing seen in 2D-1ch
and retains more structure. Cross-backbone experiments with
SFM-Base and SwinV2-T show that the 2D-to-2.5D trend is
not specific to DINOv3, while full fine-tuning controls show
that PEFT is sufficient to achieve the observed gains. These re-
sults support 2.5D input as an effective extension on synthetic
data when neighbouring slices are aligned, while highlighting
its sensitivity to field-data neighbour relationships.

1 Introduction
Seismic reflection surveys are a primary method for imag-
ing the Earth’s subsurface, used in applications including hy-
drocarbon exploration, CO2 storage site characterisation and
monitoring, and geohazard assessment [1]. In a reflection sur-
vey, dense arrays of sensors record induced acoustic waves re-
flected from subsurface rock interfaces, producing large three-
dimensional volumes of data whose interpretation informs ge-
ological and engineering decisions [2].
However, raw seismic recordings are heavily contaminated by
two categories of noise: incoherent (random) noise from am-
bient environmental sources, and coherent (structured) noise
such as ground roll, multiples, and linear noise [3; 1]. Coher-
ent noise is particularly problematic because it cannot easily
be suppressed and can obscure primary reflections entirely [3].
Effective denoising is therefore a critical pre-processing step
before interpretation, inversion, or structural analysis.
Deep learning has become an important seismic denois-
ing method, complementing classical signal-processing meth-
ods [3; 1; 4]. However, models are often trained from
scratch for a specific survey and task, requiring clean data and
costly retraining that limits generalisation to new settings [4;
5]. Foundation models address this limitation by learning
general-purpose representations from large, diverse datasets
that can then be adapted efficiently to specific downstream
tasks, such as denoising. Domain-specific seismic foundation
models such as SFM [4], SeisBERT [6], GSFM [7] and the
NCS-Model [8] have demonstrated strong performance and
versatility, but training them from scratch demands large, cu-
rated datasets and substantial compute, motivating more effi-
cient methods.

A more accessible alternative is to adapt large pre-
trained visual foundation models, such as DINOv3 [9] and
SwinV2 [10], via parameter-efficient fine-tuning (PEFT)
methods. A prominent PEFT method is Low-Rank Adapta-
tion (LoRA) [11], which keeps the pretrained weights frozen
and learns a small set of injected parameters. An existing
PEFT-based approach for seismic denoising [12] follows this
direction but processes each seismic slice independently as a
2D image. Because a seismic slice contains a single floating-
point amplitude value at each location, it is usually repeated
identically across the three input channels (RGB) required
by pretrained visual backbones. This ignores a fundamental
property of seismic data: it is acquired as a 3D volume, and
neighbouring slices are spatially correlated, carrying comple-
mentary structural information about subsurface features [2;
13]. Full 3D modelling can exploit this context but at pro-
hibitive computational cost [4].
A practical compromise is 2.5D adaptation, in which neigh-
bouring slices are stacked as input channels to a 2D model.
Rather than repeating the same single-channel slice across the
RGB channels, this representation uses those channels to cap-
ture local spatial context from adjacent slices without the cost
of true 3D processing. This approach has shown consistent
benefit in seismic noise attenuation tasks when applied in deep
learning pipelines [13; 14], and has enabled PEFT-adapted vi-
sual foundation models to outperform full 3D models on seis-
mic fault detection [15]. Whether the same benefit transfers to
the PEFT adaptation of visual foundation models for seismic
denoising is the open question this paper addresses.
This work therefore investigates the following research ques-
tion:

Does introducing 2.5D spatial context improve
parameter-efficient adaptation of a pretrained
DINOv3 visual foundation model for seismic
denoising?

This question is examined through five sub-questions:

1. How can 2.5D context be incorporated into pretrained 2D
visual foundation models for seismic denoising?

2. Does 2.5D context improve seismic denoising quality
over standard 2D input on synthetic seismic volumes?

3. Does 2.5D adaptation improve performance on real-field
seismic data when applied without fine-tuning?

4. Does the performance gain from 2.5D adaptation depend
specifically on the spatial alignment of neighbouring-
slice information, rather than on additional input chan-
nels or trainable parameters alone?

5. Does the effect of 2.5D adaptation generalise across other
backbone architectures, and is PEFT sufficient compared
with full fine-tuning?

Five main contributions are made in this study. First, a
multi-channel 2.5D adaptation strategy is introduced, in which
aligned neighbouring slices are incorporated into a 2D DI-
NOv3 denoising model. Second, 2D-1ch, 2.5D-3ch, and
2.5D-5ch inputs are compared on synthetic seismic volumes.
Third, transfer to real seismic data is examined by evaluat-
ing the models on the Netherlands F3 field dataset without
fine-tuning, both on horizontal time slices and inline/crossline
slices. Fourth, ablations with repeated central slices and shuf-
fled neighbours are used to show that the gains are driven pri-
marily by spatially aligned neighbouring context. Fifth, the
robustness of the results is tested beyond the main DINOv3
PEFT setting by evaluating SFM-Base and SwinV2-T, and by
comparing PEFT with full fine-tuning.



2 Methodology

2.1 Problem Formulation

Seismic data acquired in the field inevitably contains a mix-
ture of the underlying geological signal and various sources
of noise, as discussed in Section 1. A recorded seismic slice
s ∈ RH×W is modelled as the sum of a clean signal and an
additive noise term:

s = y + n (1)
where y ∈ RH×W is the corresponding clean slice and n rep-
resents the combined noise. The objective is to learn a map-
ping fθ : xi 7→ ŷi that recovers the clean central slice, where
xi is the input stack defined in Table 1. To train fθ, we min-
imise a weighted combination of pixel-level fidelity and struc-
tural similarity:

L = λ MSE (ŷ,y)

+ (1− λ) (1−MS-SSIM (ŷ,y))
(2)

where λ ∈ [0, 1] balances the two terms. The mean squared er-
ror (MSE) term penalises average reconstruction error, but us-
ing MSE alone is known to favour overly smooth predictions
that can suppress high-frequency detail and fine structures [16;
17]. This is undesirable for seismic denoising, where recon-
struction quality depends not only on matching amplitudes,
but also on preserving the continuity and coherence of lay-
ered structures. The multi-scale structural similarity (MS-
SSIM) [17] term addresses this by measuring structural sim-
ilarity across multiple spatial scales, encouraging the model
to retain local contrast, spatial organisation, and geologically
meaningful structure.

2.2 Model Architecture

The proposed model follows an encoder-decoder architecture
built around a pretrained DINOv3 ViT-S/16 backbone [9].
This variant contains approximately 21 million parameters and
divides the input into 16 × 16 pixel patches. Its relatively
compact size keeps the experiments computationally feasible
while enabling a fair comparison of the different input strate-
gies. As illustrated in Figure 1, the encoder extracts dense
features from the input, and a lightweight trainable decoder re-
constructs the denoised central slice. DINOv3 is chosen for its
strong global-local feature extraction capabilities and ability
to learn robust structural features beyond pixel-level intensity
patterns. It has also been shown to perform well as a frozen
feature extractor in parameter-efficient adaptation settings, in-
cluding seismic denoising applications [12]. Since DINOv3
is a vision transformer, self-attention allows information to be
exchanged across distant patch tokens. This is useful for seis-
mic slices, where coherent reflectors may extend over large
parts of the image and local denoising decisions can depend
on broader structural context [4].
Adapting the full DINOv3 backbone by updating all its pa-
rameters is likely to degrade the pretrained representations
through catastrophic forgetting [18]. Instead, we employ Low-
Rank Adaptation (LoRA) [11], a parameter-efficient fine-
tuning method that keeps all backbone weights frozen and in-
jects a small number of trainable parameters directly into the
attention projection layers of the transformer. Specifically, for
each frozen weight matrix W ∈ Rd×k, LoRA introduces a
low-rank update:

W ′ = W +BA, B ∈ Rd×r, A ∈ Rr×k. (3)

Only the low-rank matrices A and B are trained, keeping
the proportion of trainable parameters below 10% of the full
model.

Table 1: Input-channel configurations for the 2D and 2.5D model
variants. All inputs are centred on slice si, which is the slice recon-
structed by the model.

Variant Channel Input

2D-1ch [si, si, si]
2.5D-3ch [si−1, si, si+1]
2.5D-5ch [si−2, si−1, si, si+1, si+2]

The encoder divides a 224 × 224 input into 196 non-
overlapping patches of size 16× 16, producing a 14× 14 grid
of spatial tokens. The resulting patch-token representations
produced by the encoder are transposed and reshaped into a
384× 14× 14 feature map.
The feature map is passed to a lightweight trainable decoder
taken from Zhao et al. [12], which reconstructs the denoised
central slice. It contains four upsampling blocks and no skip
connections. Each block starts with a stride-2 transposed con-
volution, followed by two 3×3 convolutional layers with batch
normalisation and ReLU activation. The channel dimensions
decrease as 384 → 192 → 96 → 48 → 24, and a final 1 × 1
convolution maps the decoded features to a single denoised
output of size 224× 224.

2.3 2D and 2.5D Inputs

Each 3D seismic volume is divided into a sequence of 2D
slices along the chosen slicing direction. For a slice at index
i, si denotes the noisy central slice and yi its corresponding
clean target. Slices at nearby indices, such as si−1 and si+1,
are referred to as neighbouring slices. When several consec-
utive slices centred around si are provided together as sepa-
rate input channels, they form a neighbouring-slice stack. The
model uses this stack to predict a denoised estimate of the cen-
tral slice, denoted by ŷi.
Table 1 summarises the input configurations used in the exper-
iments. The 2D-1ch variant repeats the same central slice three
times to match the three-channel RGB input of the DINOv3
encoder. The 2.5D-3ch variant replaces the repeated chan-
nels with the immediate neighbouring slices around the central
slice. The 2.5D-5ch variant extends this with one additional
neighbouring slice on each side. For this variant, the patch
embedding is expanded from three to five input channels: the
central three channels copy the pretrained patch-embedding
weights, while the two outer channels are initialised from the
mean of the pretrained channel weights. This increases the
trainable parameter ratio from 7.44% to 9.40%.
Wider 2.5D-7ch and 2.5D-9ch stacks were considered but ex-
cluded from the main variants because they require larger
trainable input projections while providing only marginal
gains over 2.5D-5ch, as explored in Appendix A.2.

3 Experimental Setup

3.1 Dataset

The main evaluation uses parts 1–2 of the ThinkOnward Im-
age Impeccable dataset [19], consisting of 30 paired noisy and
clean synthetic 3D seismic volumes. The dataset contains ge-
ological structures similar to those seen in real seismic data,
such as layered reflectors, salt-related regions with little in-
ternal texture, and frequency content that changes with depth.
Volumes also contain structured noise artefacts, including sub-
horizontal banding and smile-shaped intersections. Therefore,
the model is trained to suppress both random and coherent
noise while preserving structured subsurface features for in-
terpretation.



Figure 1: Overview of the proposed parameter-efficient seismic denoising architecture. A 2D slice or 2.5D stack of neighbouring slices is
divided into patches and processed by a pretrained DINOv3 ViT-S/16 encoder adapted with LoRA. The resulting dense feature map is passed
to a lightweight trainable decoder that reconstructs the denoised central slice.

The volumes are split into 20 training, 5 validation, and 5 test
volumes. Each volume is sliced along the time axis. This pro-
duces 1,259 slices per volume, each of size 300× 300, which
are centre-cropped to 224 × 224 for the encoder. The first
and last two slice indices are excluded so that every central
slice has the neighbouring slices required for the 2.5D-5ch in-
put stack. Central slices are then sampled with a stride of 5
to reduce redundancy between adjacent, near-duplicate slice
stacks. Each noisy input channel and clean target slice is z-
score normalised independently to reduce variation in ampli-
tude scale across volumes and stabilise training. This focuses
the model on structural information rather than absolute am-
plitude differences.
The Netherlands F3 field dataset [20] is used to assess whether
the 2.5D denoising gains observed on the synthetic Image Im-
peccable dataset also translate to real seismic data. F3 is a seis-
mic survey collected in the field, containing naturally occur-
ring geological structures and imperfections introduced during
data acquisition and processing. As a result, there is no paired
clean target for each noisy slice. The evaluation therefore fo-
cuses on qualitative outputs and analysis of the signal removed
by the model, to assess whether it suppresses noise while pre-
serving meaningful seismic structure.
The F3 volume has dimensions of 651 inlines, 951 crosslines,
and 462 time samples. Global amplitude outliers are clipped at
±5 standard deviations to prevent extreme values from dom-
inating the amplitude scale. Since the models are trained on
horizontal Image Impeccable time slices, the slice orientation
determines whether the field data is presented in or out of the
training distribution. We therefore evaluate F3 in two orienta-
tions. In the time orientation, after excluding the first 50 time
samples, which contain acquisition and processing edge ef-
fects, and the boundary slices required for 2.5D-5ch stacking,
it retains 410 slices per run. The inline/crossline view uses ver-
tical slices through the volume and retains 1,594 slices in total,
comprising 647 inline and 947 crossline slices after remov-
ing boundary slices. In both orientations, slices are centre-
cropped to 224 × 224 and each input channel is independently
z-score normalised using its own crop mean and standard de-
viation.

3.2 Training and Evaluation

Table 2 summarises the training configuration shared by the
three main variants. LoRA is applied to the fused query-key-
value projection and the attention-output projection, in every
transformer block. All variants are trained for 50 epochs with
a batch size of 16 using AdamW [21], a learning rate of 10−4,

and a weight decay of 0.01. The learning rate is warmed
up during the first five epochs and then reduced with cosine
decay [22], which stabilises early optimisation while allow-
ing progressively smaller updates later in training. The re-
construction loss uses λ = 0.5, giving equal weight to MSE
and MS-SSIM so that training balances amplitude fidelity with
preservation of coherent seismic structure.

Table 2: Training hyperparameters shared by the 2D-1ch, 2.5D-3ch,
and 2.5D-5ch variants.

LoRA Training
Setting Value Setting Value
Rank r 16 Epochs 50
Scaling α 64 Batch size 16
Dropout 0.1 Learning rate 1×10−4

Weight decay 0.01
Loss weight λ 0.5

The main experimental protocol and model-design choices are
further examined through ablations in Appendix A.1. These
ablations provide little or no improvement over the selected
protocol and do not alter the observed 2.5D advantage. A sep-
arate data-efficiency study in Appendix A.2 trains the same
variants on a larger 120-volume Image Impeccable pool across
several training-volume budgets. The 2.5D advantage is al-
ready visible at the smallest budgets and clear at 20 volumes,
making this setting sufficient to compare 2D and 2.5D while
keeping the training computationally feasible.
Each variant is trained and evaluated using the identical nine-
run protocol. Three data seeds (101, 202, and 303), which
determine the volume-level training, validation, and test par-
titions, are crossed with three training seeds (42, 43, and 44),
which control stochastic training operations such as parame-
ter initialisation. Results are reported as the mean and stan-
dard deviation across these runs. For each run, the checkpoint
with the highest validation MS-SSIM is evaluated on the cor-
responding test partition.
On the Image Impeccable data, where a clean target is avail-
able, model performance is evaluated with two complemen-
tary reconstruction metrics. The first is MSE, which measures
the average pixel-level reconstruction error. Given a predic-
tion ŷ, clean ground truth y, and N pixels:

MSE(ŷ,y) =
1

N

N∑
j=1

(ŷj − yj)
2. (4)



The second is MS-SSIM [17], which evaluates image quality
progressively across M scales, capturing hierarchical struc-
tural details. It is formulated as

MS-SSIM(ŷ,y) = [lM (ŷ,y)]
αM

×
M∏
j=1

[cj(ŷ,y)]
βj [sj(ŷ,y)]

γj ,
(5)

where lM , cj , and sj denote the luminance, contrast, and
structure comparison measures at scale j, respectively. MS-
SSIM is bounded between 0 and 1, with higher values in-
dicating greater structural fidelity. By measuring structural
agreement across multiple scales, it is more sensitive to the
preservation of coherent geological structure than MSE alone.
Quantitative scores are complemented with visual inspection
of denoised outputs and residuals to verify that geological
structures are correctly preserved.
The F3 field volume has no clean target, so reconstruction
metrics cannot be measured directly. Instead, we report two
metrics computed from the noisy central input s and the pre-
diction ŷ, where the removed residual is defined as r = s− ŷ
and represents the signal removed by the model. We evaluate
the residual structural similarity (MS-SSIM-R), which mea-
sures the similarity between r and s, and the output-to-input
amplitude ratio (AR),

MS-SSIM-R(ŷ, s) = MS-SSIM(r, s) (6)

AR(ŷ, s) =
σ(ŷ)

σ(s)
(7)

where σ(·) denotes the standard deviation over a slice. MS-
SSIM-R measures how much coherent structure remains in the
removed residual r, with lower values indicating less signal
leakage into the residual. AR measures amplitude preserva-
tion, with values closer to 1 indicating less attenuation of the
original seismic amplitudes.

4 Results

4.1 2D versus 2.5D Denoising Performance

Reconstruction Performance on Image Impeccable
Table 3 compares the denoising performance of the three in-
put variants. Relative to 2D-1ch, 2.5D-3ch increases mean
MS-SSIM by 0.0323 while preserving the same trainable pa-
rameter count. The 2.5D-5ch variant performs best overall,
reaching an MS-SSIM of 0.9039 and an MSE of 0.1842, cor-
responding to an MS-SSIM improvement of 0.0415 over 2D-
1ch.
To compare how the variants behave across training-data bud-
gets, Figure 2 reports a separate data-efficiency experiment
using 5 to 20 training volumes sampled from a larger 120-
volume Image Impeccable pool. The 2.5D variants remain
above 2D-1ch across all evaluated budgets: 2.5D-5ch with
only five training volumes already exceeds the 20-volume 2D-
1ch result, while 2.5D-3ch reaches a comparable level by
ten volumes. This suggests that neighbouring-slice context is
more data efficient, which is useful in practice as paired clean
and noisy seismic volumes are scarce [5; 12]. A more ex-
tensive data-efficiency study with budgets up to 100 training
volumes is reported in Appendix A.2.
Figure 3 shows a test slice selected near the median 2.5D-
5ch MS-SSIM. Compared with the 2D-1ch output, both 2.5D
models recover sharper and more continuous structures, par-
ticularly around the curved structures in the centre and right of
the slice. The corresponding residuals contain stronger coher-
ent patterns, which may correspond to coherent noise removed

Figure 2: Test MS-SSIM across training-volume budgets for the three
main input variants. The 2.5D variants remain above 2D-1ch across
budgets. Error bars show ±1 standard deviation over nine runs.

using neighbouring-slice information, although some signal
leakage cannot be ruled out. Overall, the 2.5D-5ch recon-
struction most closely matches the clean target and achieves
the highest MS-SSIM.

Transfer to F3 Field Data
To examine whether the 2.5D behaviour transfers to real seis-
mic data, the trained models were applied without fine-tuning
to the Netherlands F3 volume [20]. Since the models are
trained on horizontal time slices, the orientation of the F3 data
is an important consideration: we therefore evaluate both the
time orientation and a rotated vertical orientation using inline
and crossline slices.
Table 4 reports results on both orientations. In the time orien-
tation, the 2.5D advantage does not transfer. MS-SSIM-R in-
creases from 0.4927 for 2D-1ch to 0.6687 for 2.5D-5ch, while
the amplitude ratio falls from 0.8089 to 0.6873. Thus, 2D-1ch
leaves the least structured residual and preserves the most am-
plitude. In the inline/crossline orientation this trend reverses:
MS-SSIM-R decreases from 0.6958 for 2D-1ch to 0.5899
for 2.5D-5ch, while the amplitude ratio rises from 0.4879 to
0.6385. In this orientation, 2.5D-5ch gives the strongest re-
sults.
Figure 4 shows the orientation contrast visually. In the time
orientation, the 2D-1ch residual is mainly incoherent noise,
whereas the 2.5D residuals contain visible structure, and the
denoised outputs become progressively over-smoothed, espe-
cially for 2.5D-5ch. In the inline/crossline orientation, the
2.5D outputs instead reduce the strong smoothing seen in 2D-
1ch and retain more structural detail.
This behaviour can be explained by the neighbour-slice cor-
relations in Figure 5. In Image Impeccable, adjacent slices
are strongly correlated with the centre slice (≈ 0.874), and
the ±2 neighbours remain correlated (≈ 0.58). The 2.5D
models can therefore exploit shared structure across channels.
The inline/crossline F3 slices show a similarly coherent pat-
tern, which preserves the 2.5D advantage. However, in the
time orientation adjacent slices are only moderately correlated
and the ±2 neighbours are anti-correlated, so the neighbour-
ing channels no longer provide the aligned information seen
during training. This especially affects 2.5D-5ch, which uses
unreliable ±2 neighbours and suppresses coherent geological
structure together with noise.



Table 3: Image Impeccable test reconstruction performance for the three input variants, reported as mean ± standard deviation over nine runs
with the best results shown in bold.

Variant Trainable parameters MS-SSIM ↑ MSE ↓
2D-1ch 1,736,305 (7.44%) 0.8624± 0.0098 0.2617± 0.0164
2.5D-3ch 1,736,305 (7.44%) 0.8947± 0.0110 0.2054± 0.0236
2.5D-5ch 2,209,777 (9.40%) 0.9039± 0.0089 0.1842± 0.0176

Figure 3: Reconstruction comparison on the same Image Impeccable test slice, selected near the median 2.5D-5ch MS-SSIM to provide a
representative example. The 2.5D variants recover sharper structures than 2D-1ch, with 2.5D-5ch closest to the clean target. Coherent residuals
may reflect removed noise as well as signal leakage.

4.2 What Drives the 2.5D Gain?
Where Context Helps
To determine whether neighbouring context is equally useful
for all slices, test slices are divided into four groups according
to the MS-SSIM between the noisy input and the clean target,
which reflects the degree of noise corruption in the input. The
first quartile contains the most severely corrupted slices, and
the fourth contains the slices closest to the clean reference.
Within each group, the benefit of 2.5D context is measured as
the MS-SSIM difference between each 2.5D variant and 2D-
1ch.
As shown in Figure 6, both 2.5D variants achieve their largest
improvement in Q1, with an MS-SSIM gain of +0.087. The
gains are substantially smaller in the remaining quartiles. For
2.5D-3ch, the improvement decreases monotonically. For
2.5D-5ch the improvement rises slightly to +0.037 in Q3, and
falls to +0.015 in Q4. Therefore, the five-channel variant
benefits more than the three-channel variant in the interme-
diate quartiles. Overall, neighbouring context is most valu-
able when the central slice is severely corrupted, where adja-
cent slices can provide structural information that is difficult
to recover from the central slice alone. As the input becomes
cleaner, the additional context provides less benefit.

Importance of Spatially Aligned Neighbours
2.5D-3ch outperforms 2D-1ch despite using the same num-
ber of input channels and trainable parameters. Therefore, the
gain must arise from the additional information contained in
neighbouring slices.
However, the 2.5D-5ch model uses a five-channel patch em-
bedding, which introduces extra trainable parameters. To de-
termine how much of its improvement is due to these addi-
tional parameters rather than neighbouring information, we

train the same architecture with the central slice repeated
across all five channels, thereby removing any neighbouring-
slice context. This five-channel repeated-centre control
reaches an MS-SSIM of 0.8692, compared with 0.8624 for
2D-1ch and 0.9039 for the full 2.5D-5ch model. Of the total
+0.0415 gain, approximately +0.0068 can be attributed to the
wider input layer and its additional parameters, while +0.0347
comes from the information provided by neighbouring slices.
A second experiment tests whether the models learn to use the
spatial context from neighbouring slices. During training, the
central slice is kept unchanged, but the neighbouring channels
are randomly selected. These shuffled-neighbour models ob-
tain MS-SSIM values of 0.8329 for 2.5D-3ch and 0.8438 for
2.5D-5ch, both below the 0.8624 2D-1ch baseline. The ad-
ditional channels are therefore useful only when they contain
spatially aligned context, rather than arbitrary seismic content.
The results of both experiments are summarised in Figure 7,
and the full trained-control table is reported in Appendix A.3.

Reliance on Context at Inference
The previous training experiments show that 2.5D models
must be trained with neighbouring context to achieve their
gains. To assess whether they also rely on this context at
inference time, the neighbouring channels are altered while
keeping the central slice fixed. Replacing the neighbours with
repeated copies of the central slice reduces MS-SSIM from
0.8946 to 0.8400 for 2.5D-3ch and from 0.9039 to 0.8619
for 2.5D-5ch. Replacing neighbours with random slices drops
performance to 0.3139 and 0.3221. Using slices taken from
the same volume but far away from the central slice reduces
performance to 0.2841 and 0.2253. These results confirm that
2.5D models use information from neighbouring slices to re-
construct the correct central slice and rely strongly on their
spatial alignment. The full table is reported in Appendix A.3.



Table 4: Denoising results on F3 in two slice orientations: a time view and an inline/crossline view. Reported as mean ± standard deviation
over nine runs with the best results shown in bold.

Time Inline/Crossline

Variant MS-SSIM-R ↓ AR ↑ MS-SSIM-R ↓ AR ↑
2D-1ch 0.4927± 0.0613 0.8089± 0.0335 0.6958± 0.0555 0.4879± 0.0317
2.5D-3ch 0.6048± 0.0213 0.7404± 0.0176 0.6345± 0.0300 0.5921± 0.0217
2.5D-5ch 0.6687± 0.0340 0.6873± 0.0361 0.5899± 0.0513 0.6385± 0.0435

Figure 4: F3 reconstruction comparison across time and inline/crossline orientations. The 2.5D variants over-smooth in the time view but retain
more structure in the inline/crossline view.

Figure 5: Mean Pearson correlation between centre crops and neigh-
bouring crops. Compared with Image Impeccable, F3 inline/crossline
neighbours retain higher correlation with the centre crop, while time
neighbours are less correlated and are negatively correlated at ±2.

While the results above show that 2.5D models depend on
aligned neighbours, they do not reveal how this dependence is
distributed across the slice stack. To assess this, we compute
per-channel input-gradient saliency, defined as the normalised
sensitivity of the output to each input slice [23]. The central
slice receives the largest share, but only modestly more than
its neighbours: 0.369 for 2.5D-3ch and 0.228 for 2.5D-5ch.
Saliency falls off gently with distance, so that the outermost
neighbours in 2.5D-5ch retain a substantial share (0.184 each).
This indicates that the models are sensitive to the whole stack
rather than only the central slice, although the metric measures
sensitivity, not direct use. Full saliency values, attention maps,
and attention-spread results are reported in Appendix A.3.

Figure 6: Mean MS-SSIM improvement of 2.5D variants over 2D-
1ch after grouping test slices by MS-SSIM. Q1 contains the most
severely corrupted slices; Q4 contains those with the least corruption.
Both variants achieve their largest gain in Q1, while 2.5D-5ch shows
a smaller secondary increase in Q3.

4.3 Generalisability Beyond PEFT DINOv3

Generalisability Across Backbones
To assess whether the effect of 2.5D input generalises beyond
DINOv3, a Vision Transformer (ViT) pretrained on unlabelled
natural images using self-supervised learning, we compare it
against two alternative backbones. SFM-Base is a ViT pre-
trained directly on seismic data using a masked autoencoding
objective, providing a seismic alternative to natural-image pre-
training [4]. SwinV2-T is instead a hierarchical transformer
pretrained on labelled natural images, using shifted-window
attention to model information locally across multiple spatial
scales [10].



Figure 7: Mean test MS-SSIM of the main input variants and trained
controls. The repeated-central-slice control isolates the effect of the
wider five-channel patch embedding, while the shuffled-neighbour
controls test whether improvements require spatially aligned neigh-
bouring slices. Error bars show ±1 standard deviation over the nine
runs.

Table 5 reports the results on Image Impeccable. MS-SSIM
increases from 2D-1ch to 2.5D input for all three backbones.
SFM-Base improves most from 2D-1ch to 2.5D-3ch (+0.034),
with only a small additional gain at 2.5D-5ch (+0.004), sug-
gesting that its seismic pretraining allows it to extract most of
the useful contextual information from the immediate neigh-
bouring slices. In contrast, SwinV2-T improves slightly at
2.5D-3ch (+0.011) and then gains another +0.078 at 2.5D-
5ch, indicating that it benefits more from a wider contextual
window. Overall, the results suggest that while neighbouring
slices are beneficial across different architectures and pretrain-
ing strategies, the amount of context required depends on the
backbone.

Parameter-Efficient Versus Full Fine-Tuning
To assess the effect of PEFT across the three input strategies,
we compare its performance with full fine-tuning. As shown
in Table 6, PEFT matches or exceeds full fine-tuning while
training fewer than 10% of the model parameters, rather than
updating the entire DINOv3 backbone. Mean test MS-SSIM
is higher with PEFT for all three variants. The differences
for 2D-1ch and 2.5D-3ch are small, but the five-channel re-
sult shows a clearer reduction under full fine-tuning. There-
fore, updating all backbone parameters does not improve re-
construction quality over PEFT and can slightly degrade it.
The two approaches do not use identical training settings be-
cause full fine-tuning is more memory-intensive and less sta-
ble. Updating all backbone parameters required reducing the
batch size from 16 to 8 and the learning rate from 10−4 to
10−5. All other settings remained unchanged. Since lower
learning rates reduce catastrophic forgetting [24], the observed
gap may conservatively estimate the advantage of PEFT in this
setting.

5 Discussion
The results support that aligned neighbouring slices improve
PEFT DINOv3 denoising by providing useful spatial informa-
tion. Most of the benefit is obtained from the two immediately
adjacent slices. The repeated-centre control suggests that most
of the small additional gain of 2.5D-5ch over 2.5D-3ch comes
from additional trainable parameters. Therefore, 2.5D-3ch
provides the strongest balance between reconstruction quality
and adaptation cost. The data-efficiency study supports this
further. The 2.5D variants retain their advantage with fewer
training volumes, suggesting that neighbouring-slice context
improves data efficiency as well as reconstruction quality.

Table 5: Cross-backbone MS-SSIM comparison on Image Impecca-
ble. Reported as mean ± standard deviation over nine runs with the
best results shown in bold.

Variant DINOv3 SFM-Base SwinV2-T

2D-1ch† 0.862± 0.010 0.868± 0.008 0.724± 0.013
2.5D-3ch 0.895± 0.011 0.902± 0.011 0.735± 0.015
2.5D-5ch 0.904± 0.009 0.906± 0.014 0.813± 0.016

† SFM-Base 2D-1ch uses native single-channel input; DINOv3 and SwinV2-T repeat
the central slice across three channels.

Table 6: Results for PEFT and full fine-tuning on the Image Impec-
cable test set, reported as mean ± standard deviation over nine runs
with the best results shown in bold.

Variant PEFT Full FT ∆

2D-1ch 0.8624± 0.0098 0.8572± 0.0093 +0.0052
2.5D-3ch 0.8947± 0.0110 0.8865± 0.0139 +0.0083
2.5D-5ch 0.9039± 0.0089 0.8872± 0.0128 +0.0167

The results in Section 4.2 show that the neighbouring slices
are an essential part of the model’s input. Replacing them with
unrelated or distant slices collapses performance. This is com-
plemented by the saliency results, which show that the models
are sensitive to the complete slice stack. This dependence ex-
plains why 2.5D helps most on heavily corrupted slices, where
neighbours provide structural information that the central slice
lacks. However, it may make the models sensitive to missing
or imperfectly aligned neighbours present in real data.
This dependence is best seen on the F3 evaluation. In the
time orientation, neighbouring slices are less correlated with
the centre slice; as a result, the 2.5D models over-smooth
the output and remove coherent structure compared with 2D-
1ch. In the inline/crossline orientation, neighbouring slices are
more strongly correlated, and the 2.5D models instead retain
more structure and leave less coherent residuals. The F3 re-
sult therefore supports that 2.5D adaptation is beneficial when
neighbouring slices contain information that is informative for
the central slice, but can degrade the output when that neigh-
bour relationship differs from the training data.
The cross-backbone and full fine-tuning results suggest that
the 2.5D effect is not specific to a PEFT DINOv3 model. DI-
NOv3 and SFM obtain most of their gain from the imme-
diately adjacent slices, while SwinV2-T benefits much more
from the five-slice input. This may indicate that weaker back-
bones require a wider context window to extract enough struc-
tural information, or that SwinV2-T’s hierarchical architecture
benefits particularly from the additional neighbours. The full
fine-tuning comparison further shows that PEFT matches or
exceeds full fine-tuning and preserves a clearer benefit from
neighbouring-slice context. This comparison is not fully con-
trolled because full fine-tuning requires a smaller batch size
and lower learning rate, but it supports PEFT as a sufficient
and efficient adaptation strategy for 2.5D denoising.
These findings are consistent with earlier deep-learning seis-
mic processing methods that exploit spatial continuity across
adjacent observations for deblending and interference-noise
attenuation [13; 14]. This work extends that principle to
parameter-efficient adaptation of visual foundation models for
seismic denoising, building on the 2D DINOv3 approach of
Zhao et al. [12]. By incorporating neighbouring slices while
retaining a pretrained 2D backbone, 2.5D adaptation provides
a practical middle ground between single-slice processing and
full 3D modelling. Together with related results in seismic
fault detection [15], this supports neighbouring context as an
efficient design choice for seismic tasks.



The study is limited by the scope of the evaluation. Quanti-
tative reconstruction accuracy is measured only on synthetic
volumes, which resemble real seismic surveys but cannot cap-
ture the full complexity of field data. A further limitation is
that the learned models are trained only on horizontal time
slices, so their behaviour is tied to the slice orientation and
neighbour relationship seen during training. The F3 exper-
iment broadens the evaluation to real data and other cross-
sections, but without clean targets, it supports only indirect
conclusions about denoising quality. In addition, the train-
ing volumes differ substantially in geological structure and
noise corruption, so the absolute scores vary noticeably across
data splits. However, the 2D-to-2.5D trend is consistent across
splits, and the variation across training seeds within each split
is small, making the comparative conclusion stronger than the
aggregate standard deviations alone suggest.
Moreover, centre-cropping each slice to 224 × 224 means
that performance is measured only on central regions rather
than complete seismic slices. The cross-backbone experiment
is similarly limited because it compares only three relatively
small models whose architectures and pretraining strategies
differ simultaneously, so it cannot isolate why they benefit
from different context widths. Finally, the experiments in
Section 4.2 show that spatial alignment matters, but not how
the models use this information or how sensitive they are to
smaller, realistic misalignments.
Future work should evaluate 2.5D adaptation on field data
with clean targets, although no suitable public dataset could
be identified for this study. In their absence, synthetic surveys
with more realistic field-noise distributions could provide a
stronger evaluation. Future experiments should isolate the ef-
fect of neighbour-slice correlation and test robustness under
gradually increasing misalignment, missing slices, irregular
slice spacing, and acquisition gaps. Furthermore, rather than
using a fixed slice stack, future models could select or weight
neighbours by their estimated coherence with the central slice,
retaining only useful context while reducing dependence on
unreliable inputs. Finally, broader comparisons across archi-
tectures, pretraining strategies, model scales, and full 3D mod-
els would clarify when wider context is needed and how 2D,
2.5D, and 3D processing trade accuracy against cost.

6 Conclusion
This paper investigated whether introducing 2.5D spatial con-
text improves parameter-efficient DINOv3 seismic denoising
compared with a 2D-1ch baseline. On synthetic Image Im-
peccable data, the results show that it does: mean test MS-
SSIM on Image Impeccable increased from 0.8624 for 2D-1ch
to 0.8947 for 2.5D-3ch and 0.9039 for 2.5D-5ch, with corre-
sponding reductions in MSE. 2.5D also improved data effi-
ciency: with only five training volumes, 2.5D-5ch exceeded
the 20-volume 2D-1ch result. On F3 field data, the synthetic
2.5D advantage depended on the slice orientation. In the time
orientation, 2.5D produced stronger over-smoothing. In the
inline/crossline orientation, where neighbouring slices were
more strongly correlated, the 2.5D models preserved more
structural detail. This suggested that 2.5D context is bene-
ficial when neighbouring slices are aligned and informative,
but can degrade outputs when the field-data neighbour rela-
tionship differs from training. The same 2D-to-2.5D trend ob-
served with SFM-Base and SwinV2-T suggests that this bene-
fit is not unique to DINOv3 within the evaluated setting, while
the full fine-tuning comparison shows that PEFT is sufficient
for achieving the observed gains.
The main contribution is therefore a controlled demonstra-
tion that local context from a 3D seismic volume can improve
parameter-efficient adaptation while retaining a 2D backbone.

However, direct reconstruction accuracy was measured only
on synthetic paired volumes because F3 provides no clean ref-
erence, and the time-orientation field results indicate that this
synthetic advantage does not automatically carry over to real
data. Future work should therefore evaluate the approach on
field data with clean targets, adapt the models to the field do-
main, and test robustness to realistic neighbour misalignment,
missing slices, and irregular spacing. Adaptive selection or
weighting of neighbours could further preserve useful context
while reducing dependence on unreliable inputs.

7 Responsible Research
Evaluation integrity is protected in two ways. First, adjacent
slices from the same seismic volume are strongly correlated,
so assigning slices independently could place near-duplicate
observations in both the training and test sets. Every Image
Impeccable volume is therefore assigned by volume ID to ex-
actly one of the training, validation, or test partitions. Sec-
ond, within each data seed, the 2D-1ch, 2.5D-3ch, and 2.5D-
5ch variants use identical volume assignments, preprocessing,
training schedules, checkpoint-selection rules, and evaluation
code. Three data seeds (101, 202, and 303) are crossed with
three training seeds (42, 43, and 44), producing nine runs per
variant and separating sensitivity to the data partition from
stochastic training variation. Checkpoints are selected us-
ing validation MS-SSIM, without using test performance for
model selection.
The main evaluation risk is that a model may produce visu-
ally convincing outputs while removing weak but geologically
meaningful signals, together with the noise. Reconstruction
metrics are therefore considered alongside qualitative compar-
isons of denoised outputs and residuals. Coherent patterns in
the residual are not assumed to represent either removed noise
or lost signal without further evidence. Claims of reconstruc-
tion accuracy are limited to Image Impeccable, where clean
targets are available, while the F3 results are used only to ex-
amine model behaviour on field data. Results that weaken the
case for the models are also reported, including the failure of
the shuffled-neighbour controls and the finding that the 2.5D
advantage does not transfer to real F3 data when evaluated in
the orientation the models were trained on. The models are
therefore presented as tools to support expert interpretation
rather than replace it.
Reproducibility is supported by preserving, for every run, the
YAML configuration, run metadata, per-epoch history, best-
validation checkpoint, and resumable final checkpoint. The
training, evaluation, and analysis code is openly available un-
der an MIT licence as GitHub release v1.0.0. The repository
records the software environment, preprocessing procedure,
seed settings, and scripts required to regenerate the reported
analyses. Every aggregate result is derived from stored per-run
outputs. The code and lightweight metadata are public, while
the Image Impeccable and F3 datasets must be obtained sepa-
rately under their respective licences and are not redistributed.
The trained checkpoints are retained on the TU Delft DAIC
cluster. The nine-run protocol evaluates robustness to partition
and optimisation randomness, but it does not constitute inde-
pendent replication by another researcher; the released arte-
facts are intended to make such replication possible.
Parameter-efficient fine-tuning reduces the trainable footprint
of the model. Across the complete experimental study, train-
ing and evaluation used approximately 936 GPU-hours on the
TU Delft DAIC cluster. The LoRA adapters, lightweight de-
coder, and input projection account for 7.44% of the model
parameters for 2D-1ch and 2.5D-3ch and 9.40% for 2.5D-
5ch, while the remaining DINOv3 parameters remain frozen.
This reduces optimiser state, parameter-gradient storage, and

https://github.com/pablovb2005/2.5D-Adaptation-of-Visual-Foundation-Models-for-Seismic-Denoising/releases/tag/v1.0.0


checkpoint size relative to full fine-tuning. However, the back-
bone is still processed during training, and no controlled wall-
clock or energy comparison was performed. Therefore, the
paper makes no claim of a proportional reduction in training
time or energy use. DAIC jobs were capped at 12 hours and
could resume from the final checkpoint. The study involves
no human participants or personal data.
Claude Code (Anthropic), ChatGPT (OpenAI), and the Codex
command-line tool (OpenAI) were used for code navigation,
implementation and debugging support, brainstorming and
critique of experimental plans, documentation drafting, and
language editing. The author selected the final protocol, ex-
ecuted the experiments, reviewed all code changes, verified
the numerical results against the stored artefacts, and takes re-
sponsibility for the accuracy, originality, and integrity of the
submitted work. No confidential, proprietary, or personal data
was provided to these tools.
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A Supporting Evidence
This appendix collects the supporting analyses behind the
main result, including ablations, data-efficiency evidence and
mechanism analyses.

A.1 Ablations

Table 7 reports six protocol ablations. Each study changes one
component of the main protocol while keeping everything else
fixed, and trains on 20 volumes with three training seeds (42,
43, and 44). These ablations use the seed-42 single data split
rather than the three-data-split protocol of the main results, so
their MS-SSIM values are lower than the nine-run numbers in
Table 3. Each delta is measured against a base variant trained
in the same seed-42 data split. Figure 8 shows the change in
MS-SSIM for every alternative tested in each study.
Three studies vary the 2.5D-3ch protocol and three vary the
2.5D-5ch protocol. For the 2.5D-3ch base variant (MS-SSIM
0.8456± 0.0010), study A changes the central-slice sampling
stride, the number of slices skipped between successive cen-
tral slices used as training samples, from the main value of
5 to 3 and 1, thereby sampling slices more densely. Study
D changes the LoRA rank r, the dimension of the low-rank
adapter matrices injected into the attention layers, from the
base value of 16 to 4, 8, and 32. Study E changes the loss
weight λ from Equation 2, which balances the MSE and MS-
SSIM terms, to 0 and 1.0, testing pure MSE and pure MS-
SSIM optimisation. For the 2.5D-5ch base variant (MS-SSIM
0.8623± 0.0035), study B changes the neighbour spacing, the
number of slices between the stacked input channels, from 1,
meaning direct neighbours, to 2 and 3. Study C replaces the
single centre crop with a four-tile crop that covers four over-
lapping regions of each slice instead of only its centre. Study
F compares the main mixed patch-embedding initialisation,
which retains the pretrained weights for the central three chan-
nels and initialises the two outer channels from their channel-
wise mean, with two alternatives: initialising all five channels
from the mean pretrained weights and randomly initialising
the two outer channels.
Most alternatives leave performance within noise, and none
reverses the ranking among 2D-1ch, 2.5D-3ch, and 2.5D-5ch.
The four-tile crop in study C-ext is the only non-trivial gain,
improving the 2.5D-5ch base variant by 0.0089 MS-SSIM.
This difference is still small and does not affect the compari-
son among the three main input variants, so it is left as a pos-
sible future extension. Every other study differs from its base
variant by at most 0.0058 MS-SSIM, confirming that the main
protocol choices are robust.

Table 7: Full-scale protocol ablations on the Image Impeccable
dataset. MS-SSIM is reported as mean ± standard deviation over
three training seeds (42, 43, and 44). Rows are grouped by the base
variant whose protocol is altered. Each delta is the change in mean
MS-SSIM relative to that base variant; positive deltas indicate im-
proved reconstruction. Each row reports the best-scoring alternative
from that study’s sweep.

Study Alternative MS-SSIM ↑ ∆

2.5D-3ch base 0.8456± 0.0010

A Sampling stride 1 0.8481± 0.0005 +0.0025
D LoRA rank 32 0.8510± 0.0023 +0.0055
E Loss weight λ = 1.0 0.8397± 0.0021 −0.0058

2.5D-5ch base 0.8623± 0.0035

B Neighbour spacing 2 0.8576± 0.0067 −0.0046
C Four-tile crop 0.8712± 0.0010 +0.0089
F Random outer init 0.8609± 0.0024 −0.0014

A.2 Data Efficiency and Context-Window Selection

To examine how the models behave across larger training-
volume budgets, we run a separate data-efficiency study on a
larger Image Impeccable pool. This study uses 120 paired vol-
umes, drawn from parts 1 to 8 of the dataset, with a 100/10/10
train, validation, and test split. It follows the same protocol of
three data seeds crossed with three training seeds, and trains
each variant with 5, 10, 15, 20, 35, 50, 75, and 100 train-
ing volumes. The wider 2.5D-7ch and 2.5D-9ch windows
are included to examine whether broader slice stacks improve
performance enough to justify their additional parameter cost.
Because the data pool and split differ from the setup in Sec-
tion 3, the absolute MS-SSIM values are not directly compa-
rable to Table 3.
Figure 9 reports test MS-SSIM across training-volume bud-
gets for 2D-1ch and the four 2.5D context windows. All vari-
ants improve as more training volumes are added, but the 2.5D
curves remain consistently above the 2D-1ch curve across the
full budget range. The advantage is already clear at small bud-
gets: with only five training volumes, 2.5D-3ch and 2.5D-5ch
exceed 2D-1ch by 0.0314 and 0.0507 MS-SSIM, respectively.
It also persists at larger budgets, with 2.5D-5ch still leading
2D-1ch by 0.0443 MS-SSIM at 100 training volumes. Over-
all, the results indicate that neighbouring-slice context shifts
the curve upwards, allowing 2.5D models to achieve higher
reconstruction quality for the same training budget and com-
parable quality with substantially fewer training volumes.
Widening the stack beyond five slices gives little further ben-
efit. Across all training-volume budgets, the largest observed
difference among the 2.5D-5ch, 2.5D-7ch, and 2.5D-9ch vari-
ants is only 0.0040 MS-SSIM, occurring between 2.5D-9ch
and 2.5D-5ch at 50 training volumes. This difference is much
smaller than the corresponding seed-to-seed standard devia-
tions at that budget (0.0244 for 2.5D-5ch and 0.0251 for 2.5D-
9ch), so the wider stacks are not meaningfully separated from
2.5D-5ch. The same pattern is visible at the largest budget:
with 100 training volumes, 2.5D-5ch, 2.5D-7ch, and 2.5D-9ch
reach 0.9294, 0.9279, and 0.9303 MS-SSIM, a spread of only
0.0024. Since the wider windows also enlarge the trainable in-
put projection, as summarised in Table 8, 2.5D-5ch offers the
more favourable performance-cost balance.

Table 8: Trainable-parameter ratio and 100-volume test MS-SSIM
for the 2.5D context-window variants. Wider stacks enlarge the input
projection while the LoRA configuration is unchanged. Reported as
mean ± standard deviation over nine runs.

Variant Trainable parameters (%) MS-SSIM

2.5D-3ch 7.44 0.9185± 0.0162
2.5D-5ch 9.40 0.9294± 0.0189
2.5D-7ch 10.15 0.9279± 0.0201
2.5D-9ch 10.89 0.9303± 0.0192

A.3 Extended Mechanism Results

This appendix reports the complete results underlying the
mechanism analysis in Section 4.2. The trained controls al-
ter the neighbouring channels during training, whereas the
inference-time counterfactuals alter them only when evaluat-
ing trained checkpoints.

Trained Controls
Table 9 reports the main variants and trained controls across
the same three data seeds and three training seeds used in the
main experiments. The repeated-centre control isolates the
effect of the wider five-channel patch embedding, while the



Figure 8: Change in test MS-SSIM for the ablations, measured relative to each study’s base variant on the seed-42 single data split and averaged
over three training seeds (42, 43, and 44). Each panel is one study, and each bar is one alternative condition. The base variant’s MS-SSIM
is printed in each panel (0.8456 for the 2.5D-3ch studies, 0.8623 for the 2.5D-5ch studies). Stride is the central-slice sampling stride, ns the
neighbour spacing, r the LoRA rank, and λ the loss weight. Green bars indicate improvement and red bars indicate degradation. Error bars
show the propagated ±1 standard deviation of the difference.

Figure 9: Test MS-SSIM across training-volume budgets for 2D-1ch
and the 2.5D variants, on the larger 120-volume Image Impeccable
pool. The 2.5D variants stay above 2D-1ch at every budget, while
2.5D-7ch and 2.5D-9ch give little additional benefit over 2.5D-5ch.
Error bars show ±1 standard deviation over nine runs.

shuffled-neighbour controls remove spatial alignment during
training.

Inference-Time Context Counterfactuals
Table 10 reports the evaluation of the trained 2.5D check-
points after replacing their neighbouring channels while pre-
serving the central slice. The aligned-neighbour condition cor-
responds to normal inference.

Table 9: Trained controls on Image Impeccable. Values are mean
± standard deviation over nine runs comprising three data splits
and three training seeds. The repeated-centre control uses the five-
channel patch embedding but repeats the central slice across all chan-
nels. The shuffled-neighbour controls replace the aligned neighbour-
ing slices with randomly selected slices during training. Deltas are
calculated relative to 2D-1ch.

Variant MS-SSIM ↑ ∆ vs 2D-1ch

2D-1ch (baseline) 0.8624± 0.0098 —
2.5D-3ch 0.8947± 0.0110 +0.0323
2.5D-5ch 0.9039± 0.0089 +0.0415

Five-channel repeated-centre
control

0.8692± 0.0113 +0.0068

2.5D-3ch shuffled-neighbour 0.8329± 0.0100 −0.0295
2.5D-5ch shuffled-neighbour 0.8438± 0.0138 −0.0186

Table 10: Inference-time context controls on Image Impeccable. Val-
ues are mean MS-SSIM ± standard deviation across the three data-
split means. For each slice, predictions from the three training seeds
are first averaged. The trained checkpoints remain fixed, and only the
neighbouring input channels are replaced.

Inference neighbour condi-
tion

2.5D-3ch 2.5D-5ch

Aligned neighbours (refer-
ence)

0.8946± 0.0127 0.9039± 0.0099

Central slice repeated 0.8400± 0.0026 0.8619± 0.0101
Random slices 0.3139± 0.0252 0.3221± 0.0273
Distant same-volume slices 0.2841± 0.0770 0.2253± 0.0582



Input-Gradient Saliency
Table 11 reports the per-channel input-gradient saliency used
in Section 4.2. Saliency is computed as the gradient of the out-
put energy with respect to each input slice, averaged spatially
and normalised so that the channel fractions sum to one [23].
The central slice receives the largest share for both 2.5D vari-
ants, but neighbouring slices retain substantial saliency, in-
cluding the outer slices in 2.5D-5ch.

Table 11: Per-neighbour input-gradient saliency for the 2.5D vari-
ants, reported as the mean fraction of total input saliency ± standard
deviation over the nine runs. Offset i is the central slice; i ± k are
neighbouring slices.

Neighbour offset 2.5D-3ch 2.5D-5ch

i− 2 — 0.184± 0.003
i− 1 0.325± 0.001 0.208± 0.002
i 0.369± 0.002 0.228± 0.002
i+ 1 0.306± 0.002 0.195± 0.002
i+ 2 — 0.184± 0.003

Attention-Map Analysis
The attention maps below describe how spatial context is gath-
ered. The self-attention of the backbone is purely spatial, op-
erating between patch tokens of a single fused feature map,
and cannot be decomposed per neighbouring slice.
Attention is extracted from the final transformer block, af-
ter the LoRA update and on the trained checkpoints. For a
224× 224 crop with patch size 16 the spatial grid is 14× 14,
and the attention sequence has 201 tokens: 196 patch tokens
and 5 prefix tokens (one class token and four register tokens).
For each query patch, the attention over the 196 patch to-
kens is reshaped to the 14 × 14 grid, averaged over the six
heads, and upsampled bilinearly to the crop size for display.
Two query locations are selected from the clean target as the
smoothed-amplitude maximum and minimum in the image in-
terior, snapped to a patch centre; these are amplitude-based la-
bels and not geological annotations. The same sample and the
same query locations are used for all three variants.
Figure 10 shows the head-averaged attention for one slice,
and Figure 11 shows the spatial input-gradient saliency of the
2.5D-5ch model for the same slice, one map per neighbouring
channel. These figures are single-slice illustrations from one
run; the per-neighbour fractions in Table 11 are aggregated
over the nine runs.
Table 12 summarises the spatial spread of the final-block at-
tention, averaged over patch queries and aggregated over the
nine runs. Both measures increase slightly from 2D-1ch to
the 2.5D variants: the attention is marginally more distributed
(higher entropy) and reaches marginally further (larger ra-
dius). The differences are small and should be read as a con-
sistent trend rather than a strong effect.

A.4 Full-slice Overlap Stitching

This experiment tests whether the 2.5D advantage extends be-
yond the 224×224 training crop. All three variants are trained
on a single 224× 224 centre crop of each 300× 300 slice, so
they never see the slice borders during training. To recon-
struct a full slice at evaluation time, the trained checkpoints
are applied with overlap stitching: the slice is tiled by four
overlapping 224 × 224 patches whose corners are aligned to
the slice edges, each patch is denoised independently, and the
patches are blended with Hann-window weighting [25], so that
overlapping predictions are averaged with weights that decay
smoothly towards the patch borders. Each patch is z-score

Table 12: Spatial spread of final-block attention, reported as mean
± standard deviation over the nine runs comprising three data splits
and three training seeds. Entropy is measured over the patch-to-patch
attention distribution, where higher means more distributed; radius is
the mean distance, in patch units, from a query patch to the patches it
attends to, where higher means longer-range.

Variant Mean entropy (bits) Mean radius (patches)

2D-1ch 7.43± 0.02 6.64± 0.08
2.5D-3ch 7.53± 0.03 6.93± 0.10
2.5D-5ch 7.55± 0.02 7.05± 0.21

normalised independently before inference, matching the per-
crop normalisation used during training.
Two MS-SSIM values are reported per run. The centre-region
MS-SSIM is computed on the central 224× 224 region of the
stitched output, and the full-slice MS-SSIM is computed over
the entire 300× 300 stitched slice. Both are measured against
the clean target. The two values are produced by the same
stitching pipeline and the same normalisation. They are not
directly comparable to the centre-crop results in Table 3, be-
cause the stitching pipeline uses a different normalisation ref-
erence for the full slice.
Table 13 reports the results, and Figure 12 shows representa-
tive stitched slices. The variant ordering 2.5D-5ch > 2.5D-3ch
> 2D-1ch is preserved on both the centre region and the full
slice. The neighbouring-slice advantage is therefore spatially
general and is not an artefact of the centre crop. Full-slice MS-
SSIM is higher than centre-region MS-SSIM for every variant.
This is expected, because the slice borders contain structurally
simpler content that is easier to reconstruct, which raises the
average once the borders are included. The higher full-slice
value does not indicate that stitching improves denoising. The
gap between the two regions narrows as more neighbouring
context is added, from +0.0324 for 2D-1ch to +0.0189 for
2.5D-5ch.
This diagnostic uses the seed-42 data split with three training
seeds, 42, 43, and 44, rather than the nine-run protocol of the
main results. Its absolute values are therefore lower than those
in the main table, and it is treated as supporting evidence rather
than a replicated result.

Table 13: Full-slice overlap-stitching diagnostic on the Image Impec-
cable test partition. Each centre-crop-trained checkpoint is applied
with Hann-weighted overlap stitching to reconstruct full 300 × 300
slices. The centre-region column is MS-SSIM on the central 224 ×
224 region of the stitched output, and the full-slice column is MS-
SSIM over the whole stitched slice, both compared with the clean
target. The final column is the full-slice value minus the centre-region
value; it is positive because the slice borders are structurally simpler,
not because stitching improves denoising. Values are mean ± stan-
dard deviation over three training seeds (42, 43, and 44) on the seed-
42 data split. They are therefore supporting rather than replicated
evidence and are not directly comparable to the centre-crop results in
Table 3.

Variant Centre MS-SSIM ↑ Full MS-SSIM ↑ Full − Centre

2D-1ch 0.7882± 0.0053 0.8206± 0.0009 +0.0324
2.5D-3ch 0.8296± 0.0042 0.8542± 0.0009 +0.0245
2.5D-5ch 0.8512± 0.0025 0.8700± 0.0014 +0.0189



Figure 10: Final-block head-averaged self-attention for an Image Impeccable slice (volume 42623483, slice 827). Each row uses one query
patch, marked by a cyan cross: a high-amplitude location (top) and a low-amplitude location (bottom). Attention is shown on a relative colour
scale.

Figure 11: Per-channel input-gradient saliency of the 2.5D-5ch model for the same slice. The top row shows the five input slices, the central
slice is outlined in cyan. The bottom row shows the absolute gradient of the output energy with respect to each input slice, on a shared colour
scale.

Figure 12: Full-slice stitching examples on the Image Impeccable slice (volume 42623483, slice 827) using the 2.5D-3ch variant.
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