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Abstract

Seismic trace denoising is a long-standing problem in
geophysical data processing, and recent work has shown
that vision foundation models pre-trained on natural im-
ages can be adapted to it parameter-efficiently rather
than trained from scratch. Such adaptation is typically
applied uniformly across all transformer layers, but it
is not known where along the network the adaptation
effort is actually needed — that is, where the repre-
sentation gap between natural images and seismic data
is concentrated. We investigate this question for two
structurally distinct families of parameter-efficient fine-
tuning (PEFT): Low-Rank Adaptation (LoRA), which
injects a low-rank update into the attention projections,
and Pfeiffer bottleneck adapters, which insert a resid-
ual MLP module after the feed-forward sub-layer. Us-
ing a DINOv3 ViT-S/16 backbone on active-source seis-
mic image denoising and holding the per-layer parameter
budget fixed across both mechanisms, we sweep adapta-
tion placement across restricted subsets of the twelve
transformer layers within the DINOv3 architecture and
measure denoising quality at each placement. We find
that adaptation is strongly concentrated in the early lay-
ers: placing modules on only the first four layers recovers
most of the denoising quality of full adaptation at one
third of the adapter parameters, and even a single early
layer is already competitive with full adaptation, while
a roughly monotonic early-to-late importance ordering
holds across placements. Crucially, this profile is near-
identical for the two mechanisms at matched budget, in-
dicating that the effect is a property of where adaptation
is applied rather than of the particular PEFT design.
These results suggest that, for this task and backbone,
the natural-image-to-seismic gap is primarily a low-level,
input-stage shift, and that early-layer-heavy placement
is an effective and economical default for PEFT-based
adaptation of vision foundation models to seismic data.

1 Introduction

A seismic recording images the subsurface as a field of
coherent reflection events — the layered arrivals that
trace geological structure — overlaid by incoherent noise
introduced during acquisition. Seismic denoising is the
task of recovering the coherent signal from this corrupted
record (Figure 1), and it is a long-standing problem in
geophysical data processing because the quality of every
downstream interpretation step depends directly on how
cleanly the signal is recovered.
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Figure 1: Example of a noisy/clean seismic image pair from
the active-source dataset of Sheng et al., cropped.

Classical denoising methods based on linear and non-
linear filtering have been studied for decades but re-
quire careful per-dataset parameter tuning and degrade
when signal and noise overlap in their spectral or kine-
matic properties [8]. Deep learning approaches have
made substantial progress on this problem, but typi-
cally require task-specific models trained from scratch
on curated datasets, limiting their generalisation across
surveys. This has motivated foundation models pre-
trained on broad data and adapted to downstream tasks:
Sheng et al. [8] introduced the Seismic Foundation Model
(SFM), a Vision Transformer pretrained on millions of
seismic patches, with strong performance across down-
stream tasks including denoising. However, training
a domain-specific foundation model from scratch re-
quires substantial data and compute. An alternative is
to adapt existing vision foundation models pretrained
on natural images: Zhao et al. [13] showed that DI-
NOv3 [9], a general-purpose vision foundation model,
can be adapted to seismic denoising at modest compu-
tational cost using Low-Rank Adaptation (LoRA) [3].

LoRA belongs to the broader family of parameter-
efficient fine-tuning (PEFT) methods, which adapt a
frozen backbone by training only a small number of
added parameters. We study it alongside a structurally
different design, the Pfeiffer bottleneck adapter [6], so
we can separate effects intrinsic to a particular adapter
from properties of the adaptation problem itself — such
as where in the network adaptation is actually needed.

PEFT is conventionally applied uniformly across all
transformer layers. Yet a ViT’s layers are not inter-
changeable: early layers handle low-level structure, while
later layers abstract semantics. Hence, the natural-
image-to-seismic mismatch may concentrate at one end
of the network rather than spread evenly across it.
Whether it does, and where, has not been studied for
seismic data. This research therefore investigates the
following questions:

RQ1 Which layers of DINOvS are most important to

adapt when transferring to seismic denoising?

RQ2 Is the resulting layer-wise importance profile consis-

tent across structurally distinct PEFT methods and
different datasets?

RQ3 What does that profile reveal about where the

natural-image-to-seismic representation gap is con-
centrated?

To answer them, we insert PEFT modules — LoRA
and Pfeiffer adapters — into restricted subsets of DI-
NOv3 layers and evaluate denoising performance on the
active-source dataset of Sheng et al. [8], complemented
by a post-hoc analysis of the trained per-layer Pfeiffer
adapter weights to localise where adaptation accumu-
lates, and we repeat the placement sweep on a second,
synthetic dataset (ThinkOnward’s Image Impeccable de-
noising challenge [10]) to test whether the profile trans-
fers.



2 Background

2.1 Vision Transformers and feature
hierarchies.

A Vision Transformer (ViT) divides an image into fixed-
size patches, embeds each patch as a token, and processes
the resulting sequence through a stack of transformer
layers, each combining multi-head self-attention with a
token-wise feed-forward network (FFN) under residual
connections and layer normalisation. DINOv3 [9] is a
general-purpose ViT pretrained on natural images with
a self-supervised objective, yielding features that trans-
fer well to a range of downstream tasks. As in convolu-
tional networks, representations in a ViT are organised
hierarchically: early layers respond to low-level struc-
ture such as edges and local texture, while later layers
encode increasingly abstract, semantic content. This hi-
erarchy is central to the present work, since it implies
that the mismatch between natural-image and seismic
data does not have to be uniform across depth — it may
be concentrated at one end of the network.

2.2 Parameter-efficient fine-tuning.

Parameter-efficient fine-tuning (PEFT) adapts a pre-
trained model to a new task by training only a small
number of additional parameters while the backbone re-
mains frozen, avoiding the cost and overfitting risk of
full fine-tuning. It originated in NLP — bottleneck
adapters [2] and low-rank weight updates (LoRA) [3]
were both introduced for adapting large language mod-
els. The same techniques now transfer to vision trans-
formers [1]. The family spans several structurally dis-
tinct designs; this study uses two representatives, LoRA
and the Pfeiffer bottleneck adapter [6], whose exact for-
mulations are deferred to Section 3.3.

2.3 Layer-wise adaptation.

Adaptation is conventionally applied uniformly across
all transformer layers, but recent work questions whether
this is necessary. Surgical fine-tuning [4] shows that tun-
ing only a contiguous subset of layers, while freezing the
rest, can match or outperform tuning the whole network,
and crucially that which subset is best depends on the
type of distribution shift: input-level shifts such as im-
age corruptions are best addressed by adapting the ear-
liest layers, while feature- and output-level shifts favour
progressively later ones. Notably, surgical fine-tuning
operates in the full fine-tuning regime — it updates the
entire weights of the selected layers rather than insert-
ing small parameter-efficient modules. Within PEFT,
related approaches instead allocate a fixed budget non-
uniformly across layers, for example by dynamically re-
allocating low-rank capacity during training [12] or se-
lecting which layers to tune for efficiency [1]. Whether
the depth-dependence established for full-weight tuning
also governs adapter-based transfer, and which end of
the network the natural-image-to-seismic shift favours,
has not been studied.

3 Methodology

3.1 Backbone and pipeline

The backbone is DINOv3 ViT-S/16 [9], consisting of
L = 12 transformer layers with hidden dimension d =
384 and patch size 16. The backbone is frozen through-
out and adapted by inserting a parameter-efficient fine-
tuning (PEFT) module — either LoRA or a Pfeiffer
adapter (Section 3.3) — into a chosen subset of its trans-
former layers, while a trainable convolutional decoder
maps the resulting features back to a denoised patch.
The frozen backbone contains roughly 21.6M parame-
ters and receives no gradient updates; the only train-
able components are the convolutional decoder (~ 1.27M
parameters) and the inserted PEFT modules (~ 49.6k
parameters per layer for Pfeiffer, ~ 49.2k for LoRA),
so that even full 12-layer adaptation trains under 0.6M
backbone-side parameters. The full denoising pipeline
— input preprocessing, the convolutional decoder, the
training loop, and the loss function — is adopted from
Zhao et al. [13], with preprocessing, the training proto-
col, and evaluation detailed in Sections 3.2, 3.6, and 3.7.
The benefit of reusing this pipeline is that it is already
validated for LoRA-based seismic denoising, so we can
study layer placement on a proven setup rather than re-
engineering one. We train both mechanisms under iden-
tical conditions, so any difference between them reflects
the adaptation mechanism rather than confounding im-
plementation choices. We disable the kurtosis-guided
test-time adaptation step described by Zhao et al., since
the question of interest is the supervised, train-time con-
tribution of PEFT modules at different layers.

3.2 Preprocessing

The same preprocessing is applied during training and at
test time. Each seismic section is first standardised per
sample by subtracting its own mean and dividing by its
own standard deviation. For paired data, the clean tar-
get is normalised with the statistics of its noisy input,
so that the two remain on a common scale. Because
DINOv3 expects three-channel RGB images, the single-
channel seismic input is then replicated across three
channels. Sections are processed in 224 x 224 patches
with a stride of 112 pixels (50% overlap). At infer-
ence, the per-patch predictions are de-normalised with
the stored per-sample statistics and stitched back into a
full section, averaging over the overlapping regions.

3.3 PEFT mechanisms

We study two structurally distinct families of PEFT,
chosen so that they differ in both where they intervene
in a transformer layer and how they modify its forward
pass. Because both are applied to the same transformer
layers and matched in per-layer parameter budget (Sec-
tion 3.4), any difference in behaviour between them is
attributable to the adaptation mechanism rather than
to differences in budget or placement, and the layer-wise
comparisons that follow isolate where adaptation is ap-
plied. We describe each mechanism in turn:



Pfeiffer adapters. A Pfeiffer bottleneck adapter [6] is
a small residual module inserted after the feed-forward
sub-layer of a transformer layer. Given a hidden repre-
sentation h € RY, the adapter applies

h «— h+W,

up U(Wdown h) )

where Wyo,n € R™? and Wy € R4 are the trainable
down- and up-projection matrices, 7 < d is the bottle-
neck dimension, and o is a GELU nonlinearity. In our
implementation the adapter is attached via a forward
hook on the MLP sub-module of each targeted trans-
former layer, so that the adapter output is added to the
layer’s MLP output prior to the layer-level residual con-
nection. The bottleneck dimension is fixed at r = 64,
yielding approximately 49,600 trainable parameters per

layer. Following standard practice, the up-projection
W, is initialised to zero, so that each adapter begins

as an identity map and the pretrained forward pass is
recovered exactly at the start of training.

ViT-S/16 Transformer Layer

Next Layer

4)‘ Feed-Forward NN r—)
384 — 64 GELU 64— 384

Figure 2: Pfeiffer adapter. A bottleneck adapter inserted
after the feed-forward sub-layer of a transformer layer: a
down-projection (384 — 64), a GELU nonlinearity, and an
up-projection (64 — 384), added back through a residual
connection (a50k trainable parameters per layer).

LoRA. Low-Rank Adaptation [3] keeps the pretrained
weights frozen and learns a low-rank update in parallel
with them. For a frozen projection matrix W, € R%*¢
acting on a hidden representation h, the adapted output
is

Woh — Wyh+2BAh,

where A € R™*? and B € R¥" are the trainable low-
rank factors, r < d is the rank, and « is a fixed scaling
factor. The factor B is initialised to zero so that the
update is inactive at the start of training. We apply
LoRA to the four attention projections of each layer —
the query, key, value, and output projections — with
rank r = 16, scaling o = 64, and dropout 0.1, using the
peft library. This yields 49,152 trainable parameters
per layer, matching the Pfeiffer budget to within 0.9%.!
Because both mechanisms are inserted into the same lay-
ers at this matched per-layer budget, the layer-subset
comparisons in Section 3.4 isolate where adaptation is
applied rather than how much capacity it has.

!The 448-parameter difference is exactly the Pfeiffer
adapter’s down- and up-projection bias vectors (64 + 384),
which the LoRA formulation does not include.
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Figure 3: LoRA adaptation. A trainable low-rank update
2BA is added in parallel to each frozen attention projec-
tion W, of a transformer layer; only the factors A and B are
trained, while W, stays frozen.

3.4 Experimental conditions

The following configurations are compared to systemat-
ically evaluate layer-wise adaptation importance:

e Decoder-only baseline. The backbone is frozen
and no adaptation modules are inserted; only the
decoder is trained. This serves as the lower-bound
reference for what the pretrained DINOv3 features
deliver with no adaptation.

o Full (uniform) adaptation. Adaptation
modules—LoRA [3] at rank 16 or Pfeiffer
adapters—are inserted into all twelve transformer
layers. This isolates the effect of the adapter mech-
anism at matched adapter parameter budget and
uniform layer coverage, with the LoRA variant re-
producing the configuration of Zhao et al. [13].

o Four-layer segments (early, middle, late).
Adapters (evaluated separately for both LoRA and
Pfeiffer) are inserted only into the first four layers
(1-4), the middle four layers (5-8), or the last four
layers (9-12). These conditions utilise one third of
the full-coverage parameter budget and provide a
coarse, layer-level view of the layer-wise importance
profile.

o Single-layer sweep. A single adapter module
(evaluated separately for both LoRA and Pfeif-
fer) is inserted into exactly one of the twelve
transformer layers, swept across all layers | €
{1,...,12} in independent runs. This provides a
high-resolution, layer-by-layer diagnostic of where
the natural-image-to-seismic representation gap is
concentrated at minimal adapter parameter cost.

3.5 Post-hoc weight analysis

Beyond performance sweeps, we analyse the trained
adapter weights of the full-coverage Pfeiffer model di-
rectly. We restrict this analysis to Pfeiffer by design. Its
down- and up-projections are explicit, separately stored
matrices, so each can be profiled on its own. LoRA’s up-
date is instead a single low-rank product % BA whose
factors are not two separable projections, leaving no
matched per-matrix quantity to compare across mecha-
nisms. This analysis is therefore mechanism-specific cor-
roboration of the cross-mechanism sweeps, not a claim

about LoRA.



For each layer £, we compute two summary statistics
for both the down-projection (VV(Z>

down) and up-projection

(Wﬁf))) matrices independently. The first is the Frobenius

norm (|[W||p = Eij W?), serving as a measure of the

overall magnitude of the learned update. The second is
the effective rank [7], an entropy-based measure of the
dimensional complexity of the learned transformation.
Given the singular values o4, ..., 0, of W, it is defined as

erank(W) = exp ( Zpi Ingi) ) p; = %7
i 37
(1)

yielding a value in [1,7]. A low effective rank indi-
cates that the matrix exploits only a small subspace of
its available bottleneck capacity, while a value close to
the bottleneck dimension r = 64 indicates full capacity
utilisation. These per-layer curves serve as a diagnos-
tic readout of where the trained uniform-adapter model
concentrates its learned updates, corroborating the em-
pirical layer-subset performance results from within the
Pfeiffer parameterisation.

3.6 Training protocol

All conditions share an identical optimisation setup; the
only variation between runs is the set of trainable param-
eters defined by the condition. The backbone is frozen
throughout and only the inserted PEFT module (or de-
coder) parameters receive gradient updates.

Optimiser and schedule. We use AdamW [5] with
an initial learning rate of 6 x 107* and weight decay
10~2. The learning rate follows a linear warm-up over the
first 10 epochs, after which it decays towards zero along
a cosine schedule whose horizon is fixed at the full 50-
epoch budget. Training runs for at most 50 epochs but
may terminate earlier under the early-stopping criterion
described below; the cosine horizon remains pegged to
50 epochs irrespective of where a run stops, so that runs
reaching the full budget follow an identical schedule.

Loss function. The training objective is a balanced
combination of mean-squared error and MS-SSIM:

L= % ’CMSE("& xclcan)"’_ % (1_MS_SSIM(EL\'7 xclcan))’ (2)

with an 11 x 11 Gaussian window and the standard five-
scale weighting [11].

Data, validation split, and checkpoint selection.
The 2,000 paired (noisy, clean) examples from the Sheng
et al. [8] training split are partitioned into 1,600 train-
ing and 400 validation examples by a fixed seeded split.
The split seed is held constant across every run and ev-
ery condition, so that all configurations are selected and
compared against an identical held-out validation set.
Training uses a batch size of 24 patches per iteration.
At the end of every epoch we evaluate mean MS-SSIM-
C on the 400 validation examples, and the checkpoint
achieving the highest validation MS-SSIM-C is retained

as the model for that run; selection is therefore based on
generalisation to held-out data rather than on the final-
epoch state. Early stopping with a patience of 10 epochs,
keyed on validation MS-SSIM-C, halts training once the
validation metric has not improved for ten consecutive
epochs.

Repetitions and hardware. Fach experimental con-
dition is run for five independent repetitions. Repeti-
tions differ by an explicit per-run random seed, derived
deterministically from the run index and recorded for
each run, which governs adapter and decoder initialisa-
tion as well as training-time data ordering; the validation
split seed is held fixed across all repetitions so that only
the trainable initialisation and ordering vary. All results
are reported as mean 4+ standard deviation across the
five runs. When comparing two conditions, we apply a
two-sided Welch’s (unequal-variance) two-sample t-test
to their five per-run mean scores, computing each run’s
mean over the test set first so that runs, not individ-
ual patches, are the units of comparison; we report the
per-metric p-value and treat p < 0.05 as significant.?
All training is performed on a single NVIDIA RTX 3080
GPU.

3.7 Evaluation

Primary test set. The test set is the test partition of
the same SFM dataset of Sheng et al. [8] used for train-
ing, comprising 4,000 unlabelled noisy field recordings
for which no clean reference traces are available at evalu-
ation time. For this test set, we adopt two reference-free
proxy metrics, both derived from the multi-scale struc-
tural similarity index (MS-SSIM) [11].

MS-SSIM. The primary metric is MS-SSIM(z;,, Z),
the structural similarity between the noisy input and
the denoised output; higher values indicate that coher-
ent signal structure is preserved while incoherent noise is
suppressed. Because it compares the output to the noisy
input rather than to a clean reference, this proxy can-
not by itself separate effective denoising from inaction:
a do-nothing model that returns its input scores near-
perfectly. In practice MS-SSIM and the full-reference
MS-SSIM-C rank our configurations consistently, so it
remains a useful proxy where clean labels are unavail-
able. We use the standard five-scale MS-SSIM [11] with
an 11 x 11 Gaussian window, and note two implementa-
tion choices for reproducibility: the per-scale maps are
rescaled from [—1,1] to [0,1] via (s + 1)/2 before the
across-scale product, and the dynamic range L in the
constants C; = (0.01L)2, Cy, = (0.03L)? is inferred per
image (L = 2 for the per-sample-standardised inputs,
L = 255 for raw [0, 255] data). This implementation is
adopted from Zhao et al. [13] and is used identically for

2The reported p-values are uncorrected for multiple com-
parisons. The borderline results (p ~ 0.05) would not survive
a correction such as Holm—Bonferroni and should be read
with corresponding caution; the smaller p-values (p < 0.01)
that underpin our main claims comfortably survive it.



the training loss (Section 3.6), the reference-free proxy,
and the full-reference MS-SSIM-C below.

MS-SSIM-R. The secondary metric follows the MS-
SSIM-R signal-leakage measure of Zhao et al. [13]:

MS-SSIM-R = MS-SSIM(z;,,, z;, — Z), (3)

which quantifies how much of the input’s signal struc-
ture has leaked into the extracted noise residual; lower
values are better. A high MS-SSIM together with a low
MS-SSIM-R characterises a model that separates signal
from noise without discarding coherent energy. Like MS-
SSIM, this proxy does not penalise inaction — a do-
nothing model also scores well — so neither reference-
free metric can rule out inaction on its own.

Full-reference metrics. Where clean references are
available — the held-out validation split and the gen-
eralisation set introduced below — we additionally re-
port mean absolute error (MAE), peak signal-to-noise
ratio (PSNR), and the full-reference MS-SSIM-C =
MS-SSIM(Z jeans ). Lower MAE and higher PSNR and
MS-SSIM-C indicate closer agreement with the ground
truth. Because these compare the output to the clean la-
bel rather than the noisy input, they cannot be satisfied
by leaving the input untouched; MS-SSIM-C is the full-
reference counterpart of the primary proxy and resolves
the inaction ambiguity. MS-SSIM-C is also the quan-
tity used for checkpoint selection (Section 3.6) on the
held-out validation split, while the reference-free proxies
are computed only on the unlabelled test partition and
never enter selection.

Secondary test set. To probe whether our models
behave the same way on a different dataset, we evaluate
them on a generalisation set drawn from the ThinkOn-
ward Image Impeccable challenge® — a collection of syn-
thetic 3D seismic volumes (1259 x 300 x 300) supplied
as paired noisy and clean versions. We use the first part
of this dataset (15 volumes), extracting evenly spaced
inline sections and tiling them into 224 x 224 patches to
obtain 450 clean/noisy pairs. Each volume is rescaled
to [0,255] (clipped at the 2nd and 98th percentiles); be-
cause inputs are standardised per sample (Section 3.2),
this amplitude convention — different from the roughly
[—8, 8] range of the SFM data — is invisible to the net-
work and affects only visualisation. This set is held out
and never used for training.

4 Results
4.1 Uniform Adaptation: Full Coverage vs.
Baseline

To establish the performance boundaries of adapta-
tion, we first compare the full-coverage conditions (full
LoRA and full Pfeiffer) against the decoder-only base-
line. Figure 4 shows a representative section denoised
by all three. Operating on the unadapted backbone, the

3https://thinkonward.com/app/c/challenges

decoder-only model already suppresses much of the in-
coherent noise and recovers the broad reflector structure
— it is a working denoiser, not a failure case — but it
does so coarsely, smoothing over the finer reflector de-
tail and fault geometry. Both LoRA and Pfeiffer adapta-
tion visibly sharpen these features, restoring continuous,
well-resolved reflectors, and the two mechanisms yield
similar outputs. Adapting the frozen backbone thus re-
covers fine detail that the decoder, despite its far larger
parameter count, cannot recover on its own.
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ode < __Full Pfeiffer
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Figure 4: Denoising comparison on a single seismic section.
From left to right: the noisy input, and the outputs of the
decoder-only baseline, the full LoRA adaptation, and the full
Pfeiffer adaptation. The decoder-only model suppresses noise
but reconstructs reflectors coarsely, blurring fine detail and
geometry. Adapted models recover sharper, more continuous
details and perform similarly.

This qualitative picture is reinforced by the metrics
(Figure 5). Both LoRA and Pfeiffer-adapted models
substantially outperform the decoder-only model, raising
MS-SSIM from 0.660 to 0.940 (LoRA) and 0.943 (Pfeif-
fer) and lowering MS-SSIM-R from 0.874 to 0.636 and
0.624 respectively. At a matched parameter budget the
two adaptations perform almost identically, differing by
only 0.002 in MS-SSIM and 0.012 in MS-SSIM-R, and a
Welch’s two-sample ¢-test (Section 3.6) finds no signif-
icant difference on either metric (p = 0.06, p = 0.18).
With only m = 5 runs these tests are underpowered,
however: Pfeiffer is consistently ahead on both metrics
with a large effect size on MS-SSIM (Cohen’s d ~ 1.4),
so a small genuine edge cannot be ruled out, being too
fine to resolve at five runs. We therefore claim practical,
rather than statistical, equivalence: the two mechanisms
are interchangeable for our purposes, so the placement
sweeps that follow vary where adaptation is applied while
holding the adapter design effectively fixed.
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Figure 5: Uniform adaptation performance. Denoising qual-
ity (MS-SSIM, higher is better) and signal leakage (MS-
SSIM-R, lower is better) of the decoder-only baseline com-
pared to full 12-layer adaptation using LoRA and Pfeiffer
adapters.

4.2 Coarse Localisation: 4-Layer Sweeps

Having established the efficacy of full adaptation, we re-
strict the parameter budget to a single four-layer seg-
ment to localise where adaptation is most critical. Fig-
ure 6 shows a clear, monotonic early-to-late importance
ordering for both mechanisms. Placing adapters exclu-
sively in the first four layers (the early segment) recovers
approximately 99% of full-adaptation MS-SSIM (LoRA
0.934 and Pfeiffer 0.938, against 0.940 and 0.943 for full
coverage) at one third of the adapter parameter budget
(Table 3), and comes close to full adaptation on signal
leakage as well (MS-SSIM-R = 0.62-0.64 for both): the
gap from full coverage is negligible for Pfeiffer (Cohen’s
d ~ 0.1) and, for LoRA, a small but consistent difference
that five runs cannot resolve. The middle segment yields
lower MS-SSIM and higher leakage, and the late segment
lower still (=~ 0.73 MS-SSIM), though all three segments
remain well above the decoder-only baseline (0.66). The
ordering is consistent across both LoRA and Pfeiffer and
across both metrics, indicating that the domain shift is
localised to the early layers rather than distributed uni-
formly across depth.
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Figure 6: Coarse localisation via 4-layer sweeps. Denoising
quality and signal leakage when adapters are restricted to the
early (1-4), middle (5-8), and late (9-12) layers. Early-layer
adaptation clearly outperforms middle and late placements.
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4.3 High-Resolution Localisation:
Single-Layer Sweeps

The coarse localisation is refined by the single-layer
sweeps, isolating the contribution of individual layers.
As shown in Figure 7, adaptation efficacy is concentrated
in the earliest layers for both mechanisms. A single
LoRA adapter placed in layer 1 already reaches full 12-
layer LoRA adaptation on MS-SSIM — in fact slightly
but reliably exceeding it (0.943 versus 0.940; p = 0.035).
A single Pfeiffer adapter in layer 1 reaches MS-SSIM
~ 0.92 against ~ 0.94 for full Pfeiffer and matches full
Pfeiffer on signal leakage (MS-SSIM-R =~ 0.63). Aside
from a departure from monotonicity among the earliest
layers (a second-layer dip examined in Section 5), effi-
cacy decreases with depth through the middle layers and,
for the latest layers, approaches or falls to the decoder-
only baseline.

0.80-

MS-SSIM (1 better)

MS-SSIM-R (! better)

1 2 3 4 5 6 7 8 9 10 1 12
Transformer layer index

Decoder-only Full LoRA Full Pfeiffer ~ —e— LORA (single layer) —=— Pfeiffer (single layer)

Figure 7: High-resolution single-layer sweeps. MS-SSIM and
MS-SSIM-R scores for models utilising exactly one layer with
adaptation, swept across all 12 layers. Performance peaks in
the earliest layers and decays with depth.

4.4 Generalisation to a Second Dataset

The sweeps so far use a single dataset, leaving open
whether the early-layer importance profile reflects the
denoising task or merely an idiosyncrasy of the SFM
data. We therefore repeat the single-layer sweeps on
the independent, synthetic Image Impeccable set (Sec-
tion 3.7). The full-reference metrics for the uniform-
coverage conditions, available wherever clean labels ex-
ist, confirm the headline effects on this second dataset
(Table 1): full adaptation again improves sharply over
the decoder-only baseline on every metric and on both
datasets—on Image Impeccable, MS-SSIM-C rises from
0.77 to 0.91, PSNR from 15.9 to 20.4dB, and MAE falls
from 28.6 to 17.0—and the performance parity between
the two mechanisms holds on this second dataset as well,



agreeing to within 0.001 MS-SSIM-C under full coverage
on both labelled sets.

Table 1: Full-reference denoising metrics against the clean
label (mean over five runs) for the decoder-only baseline and
full LoRA /Pfeiffer adaptation, on the two datasets with clean
references. MAE and PSNR are amplitude-scale dependent
and comparable only within a dataset block; MS-SSIM-C is
scale-invariant.

MAE] PSNR (dB)t MS-SSIM-C1
SFM held-out validation

Decoder-only 0.546 21.30 0.750
Full LoRA 0.202 30.59 0.938
Full Pfeiffer 0.199 30.72 0.939
Image Impeccable (synthetic)

Decoder-only 28.59 15.91 0.770
Full LoRA 17.01 20.44 0.910
Full Pfeiffer 17.04 20.43 0.910

Beyond these uniform-coverage anchors, the layer-wise
importance profile itself reproduces (Figure 8). Overlay-
ing the single-layer sweeps of both datasets on the same
two reference-free MS-SSIM metrics—so that the SFM
test-set curves of Section 4.3 and the Image Impeccable
curves are directly comparable—shows efficacy concen-
trated in the earliest layers and decaying with depth for
both datasets and both mechanisms; the single layer-1
LoRA adapter again slightly exceeds full LoRA, and even
the minor second-layer dip recurs. That the four sweep
curves track one another so closely indicates that the
layer-wise importance profile is a property of the natural-
image-to-seismic transfer itself, robust to both the choice
of adapter mechanism and the evaluation dataset.

Ms-SSIM-R (signal leakage)
(lower is better)

MS-SSIM (denoising quality)
(higher is better)
0954 & —e— LoRA - SFM test 0.90-
~=~ LoRA - Image Impeccable
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Figure 8: Cross-dataset generalisation of the single-layer
sweeps. Denoising quality (MS-SSIM, left) and signal leak-
age (MS-SSIM-R, right) for a single adapter in each of the
12 layers; mechanism is encoded by colour (LoRA / Pfeiffer)
and dataset by linestyle (SFM test set, solid; Image Impec-
cable, dashed), with bands of +1 standard deviation over five
runs. The profile peaks in the earliest layers and decays with
depth — including the shared second-layer dip in denoising
quality (left) — regardless of mechanism or dataset.

4.5 Mechanism-Specific Corroboration:
Pfeiffer Weight Analysis

Finally, we analyse the trained weights of the full-
coverage Pfeiffer model to ask whether the network in-

trinsically favours early-layer updates when given capac-
ity at every layer. As noted in Section 3.5, this reading
is available only for Pfeiffer; it corroborates the cross-
mechanism sweeps from within one mechanism rather
than forming an independent test.

Figure 9 plots the Frobenius norm and effective rank
of the down- and up-projections (Wygyn, W,,,) across the
12 layers, averaged over five runs. Two patterns stand
out. First, both projections are front-loaded — the up-
date magnitude (Frobenius norm) is concentrated in the
early layers and falls away through the deeper ones —
though the peak location differs: W, is largest at the
very first layer, whereas W, peaks across the first few
(layers 2-4) before declining. This broadly tracks the
performance sweeps, but less cleanly than the placement
results themselves. Second, the two projections differ
sharply in effective rank: Wy, stays near-full (~ 57—
60) at every layer, whereas W,p 18 consistently lower and
noisier (~ 53 at the first layer, falling and fluctuating
through the deeper layers). Unlike the smooth perfor-
mance decay, this rank profile is only loosely monotonic.
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Figure 9: Layer-wise Frobenius norms and effective ranks
of the full-coverage Pfeiffer model, averaged over five runs.
The magnitude of the learned updates (top) is concentrated
in the early layers for both projections. The effective rank
(bottom) shows that the up-projection uses markedly less of
its dimensional capacity than the down-projection, most so
in the deeper layers, corroborating the early-layer importance
observed in the empirical sweeps.

5 Discussion

Across both adapter mechanisms, denoising performance
concentrates overwhelmingly in the earliest transformer
layers: a single layer-1 adapter recovers most of the
quality of full twelve-layer adaptation — matching or
slightly exceeding it for LoRA, and within a small mar-
gin for Pfeiffer — at one twelfth of the adapter param-
eter budget. That two architecturally distinct PEFT
mechanisms yield the same layer-wise importance pro-
file indicates the effect is a property of where adaptation
is applied rather than of how the adapter is constructed.
This strong concentration of adaptation importance in
the earliest layers suggests that the representation gap
between natural images (the DINOv3 pretraining do-
main) and seismic recordings is fundamentally a low-



level, input-stage shift. While natural-image tasks rely
heavily on deep, abstract semantic representations (e.g.,
object identity), active-source seismic denoising depends
on structural coherence, local wavelets, and phase align-
ments. Consequently, recalibrating the network’s foun-
dational feature extractors at the input stage is largely
sufficient to bridge the domain gap, rendering deep-layer
adaptation mostly redundant for this task.

A second line of evidence comes from the decoder-
only baseline. Adding even a single early-layer adapter
— under 4% more trainable parameters on top of the
shared 1.27M-parameter decoder — raises full-reference
MS-SSIM-C from 0.750 to above 0.93 (Table 1), a gain
the decoder cannot reach on its own at any point in our
experiments. Because the decoder is identical across con-
ditions, the gain is attributable to the early-layer adap-
tation rather than to decoder capacity; we leave open
only the finer question of why, since we did not examine
the intermediate representations.

A third, mechanism-internal line of evidence comes
from the trained Pfeiffer weights (Figure 9). The large
magnitude gap between Wy, and W, should not be
over-read: it is largely an artefact of standard adapter
initialisation, which sets W, near zero so the mod-
ule begins training as an identity map. The effective-
rank asymmetry, however, is a genuine structural sig-
nal — Wy,wn holds a near-full rank at every layer
while W, stays well below it and declines with depth.
This suggests the adapter continually reads a high-
dimensional summary of the residual stream but writes
back an intrinsically lower-dimensional correction, in-
creasingly so in the deeper layers. Together with the
early-concentrated update magnitudes, the weight ge-
ometry echoes the placement sweeps from within a single
mechanism: the network spends both its magnitude and
its dimensional capacity where it matters most, in the
earliest layers.

While the macro-trend heavily favours early-layer
adaptation, the high-resolution sweeps reveal more nu-
anced behaviour. Within the earliest layers the decay is
not smooth but exhibits a distinct, non-monotonic per-
turbation whose shape differs slightly between the two
mechanisms. For Pfeiffer, the second layer underper-
forms the highly performant first, third, and fourth lay-
ers; for LoRA, the first and third layers are the strongest,
with both the second and fourth layers dipping below
them. This dip is statistically robust (Appendix B),
present across adaptation mechanisms, and recurs on the
Image Impeccable set (Figure 8), so it is a genuine de-
parture from monotonicity rather than run-to-run noise.
We do not attempt to explain its origin here.

Finally, while LoRA and Pfeiffer adapters exhibit
closely matched performance profiles across all place-
ments, small discrepancies remain, plausibly reflecting
their distinct architectural interventions — LoRA mod-
ifies the attention projections in parallel, whereas Pfeif-
fer acts on the feed-forward output sequentially. These
are second-order perturbations on the shared early-layer
profile rather than departures from it.

6 Conclusions and Future Work

This study investigated the layer-wise importance of
parameter-efficient fine-tuning when transferring the DI-
NOv3 vision foundation model to active-source seismic
denoising, comparing two structurally distinct mecha-
nisms: LoRA and Pfeiffer adapters. We found that the
representation gap between natural images and seismic
data is strongly concentrated in the earliest stages of the
network. A single adapter of either type placed in the
initial layers recovers most of the denoising performance
of a fully adapted model at a fraction of the adapter
parameter cost. Critically, both mechanisms trace the
same performance profile across every configuration we
tested, so what matters is where adaptation is applied,
not which adapter is applied. For adapting the DINOv3
backbone to seismic data, the efficient approach is there-
fore to adapt only the earliest layers and leave the deeper
ones unmodified, rather than spreading adapters uni-
formly across all layers as is typically done.

Several directions would strengthen and extend these
findings. The most immediate is to test whether the
early-layer profile holds for other backbones, which
would establish whether the profile reflects DINOv3
specifically or natural-image pretraining more broadly,
and whether finer features such as the second-layer
dip survive a change of backbone. The sweeps could
also be extended to the other downstream tasks these
models serve — regression tasks such as interpolation
or reflectivity-model inversion, and segmentation tasks
such as facies classification — to test whether the same
placement profile governs adaptation beyond denoising.
The mechanism axis can likewise be broadened to fur-
ther PEFT families, for example prefix-tuning or (IA)?,
to test whether the placement profile is invariant beyond
the two adapter types studied here. A complementary
direction would shift the emphasis from efficiency to per-
formance: this study minimised and equalised the per-
layer budget, but future work could instead spend a fixed
budget where it matters most, allocating capacity asym-
metrically by concentrating rank or width in the first
few layers and omitting it from the rest, or trading de-
coder capacity for adapter capacity by pairing a lighter
decoder with richer early-layer adaptation. Finally, the
profile’s transfer across different seismic data — particu-
larly passive recordings, whose noise differs substantially
from active-source data — remains open.

7 Responsible Research

The primary responsibility concern for a study of this
kind is reproducibility. All experimental conditions
share an identical backbone (DINOv3 ViT-S/16), op-
timiser, learning-rate schedule, batch size, and epoch
budget, so that the only variable across runs is the set
of layers receiving adapters. The train/validation split
is determined by a fixed seed held constant across ev-
ery run and condition, so that all configurations are
selected against an identical held-out set; each repe-
tition uses an explicit per-run seed derived from the



run index, and these seeds are recorded alongside the
reported metrics so that individual runs can be re-
produced from the saved artifacts. Checkpoint selec-
tion retains the epoch of highest validation MS-SSIM-
C rather than the final-epoch state, and all reported
figures are averaged over five independent repetitions.
The pipeline builds on the codebase of Zhao et al. [13],
whose preprint we cite directly. The full codebase —
training scripts, adapter implementations, and evalu-
ation pipeline — is available at https://github.com/
baykalokandemir /layerwise-peft-seismic; access is pro-
vided to the thesis committee, and the repository will
be released publicly following the defence.

Because clean reference traces are unavailable for the
test partition, denoising quality on the test set is mea-
sured with reference-free proxy metrics rather than a
ground-truth MS-SSIM (% ;.. Z). This is a genuine lim-
itation: as detailed in Section 3.7, neither reference-free
proxy can by itself separate effective denoising from inac-
tion, so we base the conclusions on the full-reference met-
rics (MS-SSIM-C, PSNR, MAE) when available, which
rule this out. Relatedly, our central conclusion, while
reproduced across two adaptation mechanisms and two
datasets, is still demonstrated within a deliberately
narrow scope — one task and one backbone family.
The agreement between two structurally distinct PEFT
mechanisms strengthens the case that the early-layer
profile is a property of the adaptation problem rather
than of any one adapter, but generalising to PEFT as
a whole remains an inference from two representatives
rather than a proof, and we frame the early-layer find-
ing accordingly.

Finally, the approach is favourable on computational
grounds, training at most a few hundred thousand pa-
rameters on a single consumer GPU rather than fully
fine-tuning the backbone or pretraining a seismic foun-
dation model from scratch.

A Appendix: Use of Generative Al
Tools

In accordance with the TU Delft guidelines on the use
of generative Al in end projects, we disclose here how
such tools were used during this research. Generative
AT was used for proofreading, literature-search support,
code scaffolding and automation, and formatting. All re-
search design, experimental work, results, analysis, and
conclusions are our own. We retain full responsibility
for the accuracy, originality, and integrity of all con-
tent. Where Al was used to summarize literature, it was
prompted to provide sources, which were then verified
against the original papers.

Models used. Claude Opus 4.7, Claude Opus 4.8, and
Claude Code.

The examples below are representative of the type of
assistance requested and are not an exhaustive list of
prompts used.

Writing support.

e “Provide alternative formulations of this sentence:

2

e “How appropriate is the strength of the language
used in this paragraph?”

e “Check for spelling inconsistencies in this file: ..”
e “Locate instances where we made the following
claim: ..”

Literature support.

e “What are the main alternative PEFT designs other
than Low-Rank Adaptation?”

e “What were the five downstream tasks tested in the
SFM paper?”

o Al was prompted to cite sources for factual claims;
all such sources were verified against the original
papers.

Programming and automation support.

e “Decompose the functionality in this Jupyter note-
book into smaller Python files according to this
structure: ...”

o “Create a script to queue the training loops for mod-
els in these configurations: ..”

o “Edit this testing script so that the .csv schema
looks like this: ..”

e Generating regular expressions to locate content
within the manuscript, small inline scripts for file
manipulation, and populating fields involving com-
plex directory paths.

e “Compare the numbers in the current version of this
table to our results in x.csv.”

Visualization support.

o “Using our data format for x.csv and y. csv, create
a script to plot metrics A and B as a line chart.
Use variables for the titles, labels, colors, and data
directories for us to populate.”

Formatting support.

e “Make this table span across two columns instead
of one.”

e “Turn the results from our precomputed CSV file
into a LaTeX table.”

B Statistical Significance Tests

Table 2 reports the full set of Welch’s two-sample ¢-tests
underlying the significance claims in Sections 4 and 5.
Each test compares two conditions on their five per-run
mean scores, as described in Section 3.6.
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Table 2: Welch’s two-sample t-tests on the five per-run mean
scores (A = first — second condition; L = LoRA, Pf = Pfeif-
fer). d is Cohen’s d (pooled SD); * marks p < 0.05. p-values
are uncorrected for multiple comparisons (see Section 3.6).

MS-SSIM MS-SSIM-R
Comparison A p d A p d
Mechanism equivalence (§4.1)
Pf vs. L, full +0.0024 0.061 +1.38 —0.0120 0.179 —0.98
Subset vs. full (§4.2—4.3)
Early vs. full, L —0.0061 0.002* —2.95 +0.0072 0.153 +1.00

Early vs. full, Pf  —0.0044  0.003* —2.78 +0.0014 0.887 +0.09
Layer 1 vs. full, L 40.0027  0.035* +1.60 —0.0025 0.536 —0.41
Layer 1 vs. full, Pf —0.0215  0.003* —3.85 +0.0094 0.335 +0.65

Second-layer dip (§5)

Layer 2 vs. 1, L —0.0318 < 0.001* —5.73 +0.0260 0.058 +1.59
Layer 2 vs. 3, L —0.0098 0.044* —1.76 —0.0102 0.457 —0.49
Layer 2 vs. 1, Pf —0.0360 < 0.001* —4.89 +0.0336 0.038* +1.69
Layer 2 vs. 3, Pf —0.0218 0.001* —4.05 —0.0092 0.504 —0.45

C Parameter Counts Across
Configurations

Table 3 reports the trainable parameter counts for each
coverage level and mechanism.

Table 3: Trainable parameter counts across configurations.
Adapter counts only the inserted PEFT parameters; Total
tr. adds the trained decoder (1.27 M); the frozen backbone
(21.6 M) is shared by all rows and excluded. Single-layer
places one adapter (one layer), coarse four (a four-layer seg-
ment), and full all twelve.

Trainable parameters

Method Coverage Adapter Total trainable

Decoder-only 0 1.27TM
Single-layer ~ 49.2K 1.32M
LoRA  Coarse 196.6 K 1.47M
Full 589.8 K 1.86 M
Single-layer 49.6 K 1.32M
Pfeiffer Coarse 198.4K 1.47M
Full 595.2K 1.87TM

D Per-Configuration Results

Table 4 reports the full set of denoising metrics for every
trained configuration, averaged over the five repetitions.
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Table 4: Per-configuration denoising results, mean over five repetitions. SFM test uses the reference-free proxies (no clean
labels); SEM wvalidation and Image Impeccable additionally report full-reference metrics against the clean label. 1/| indicate
whether higher/lower is better. All SSIM columns are multi-scale: SSIM = reference-free MS-SSIM (input, output), SSIM-R
= signal-leakage MS-SSIM-R, SSIM-C = full-reference MS-SSIM(clean, output). PSNR/MAE scales differ between datasets
(per-sample standardised SFM vs. [0, 255] Image Impeccable) and are not cross-dataset comparable.

SFM test SFM validation Image Impeccable
Placement SSIM 1T SSIM-R| PSNRT MAE] SSIM?T SSIM-R| SSIM-C1 PSNR{T MAE| SSIM{ SSIM-R|] SSIM-C7?T
Decoder-only baseline
(no adapters) 0.660 0.874 21.30 0.55  0.678 0.857 0.750 1591 28.59 0.779 0.788 0.770
Pfeiffer
Single-layer sweeps
Layer 1 0.921 0.633 29.84 0.22  0.801 0.797 0.932 19.40 19.65 0.914 0.692 0.877
Layer 2 0.885 0.667 29.11 0.24  0.799 0.799 0.928 17.51  24.38 0.876 0.721 0.842
Layer 3 0.907 0.676 28.78 0.24  0.795 0.803 0.926 18.68  20.87 0.908 0.739 0.871
Layer 4 0.901 0.654 28.11 0.26  0.790 0.804 0.920 18.92 20.04 0.918 0.704 0.884
Layer 5 0.861 0.717 25.98 0.32  0.768 0.812 0.888 18.51  20.46 0.893 0.731 0.873
Layer 6 0.822 0.707 24.32 0.39  0.747 0.825 0.854 17.37 23.83 0.852 0.741 0.839
Layer 7 0.783 0.770 23.53 0.43 0.734 0.830 0.834 17.48 23.15 0.851 0.754 0.839
Layer 8 0.751 0.817 22.89 0.46  0.722 0.837 0.815 17.17  24.09 0.836 0.773 0.826
Layer 9 0.716 0.845 22.28 0.49  0.708 0.841 0.794 16.63 25.82 0.817 0.767 0.809
Layer 10 0.688 0.845 21.83 0.51  0.697 0.847 0.777 16.18 27.40 0.799 0.779 0.791
Layer 11 0.699 0.821 21.57 0.53  0.689 0.848 0.765 16.14 27.66 0.797 0.766 0.788
Layer 12 0.643 0.893 21.25 0.55  0.677 0.858 0.748 16.00 28.48 0.774 0.805 0.765
Coarse sweeps
Layers 1-4  0.938 0.625 30.16 0.21  0.803 0.797 0.935 20.32  17.21 0.945 0.709 0.905
Layers 5-8  0.880 0.703 26.58 0.30 0.774 0.809 0.897 19.13 18.99 0.910 0.698 0.889
Layers 9-12 0.726 0.831 22.39 0.48 0.712 0.838 0.799 16.76  25.44 0.820 0.769 0.811
Full adaptation
Layers 1-12 0.943 0.624 30.72 0.20  0.805 0.792 0.939 20.43 17.04 0.952 0.690 0.910
LoRA
Single-layer sweeps
Layer 1 0.943 0.633 30.49 0.21  0.807 0.796 0.935 20.96 15.99 0.956 0.708 0.915
Layer 2 0.911 0.659 29.68 0.22  0.802 0.798 0.932 18.33  23.10 0.892 0.694 0.859
Layer 3 0.921 0.669 29.16 0.23  0.799 0.799 0.929 19.23 19.47 0.924 0.727 0.884
Layer 4 0.908 0.673 28.59 0.25  0.795 0.801 0.925 18.97  20.03 0.917 0.714 0.883
Layer 5 0.868 0.711 26.64 0.30 0.776 0.809 0.900 18.29 21.30 0.888 0.744 0.865
Layer 6 0.827 0.741 25.14 0.36  0.757 0.819 0.872 17.67 23.16 0.856 0.753 0.841
Layer 7 0.796 0.764 24.17 0.40 0.744 0.827 0.851 17.48 23.52 0.850 0.752 0.838
Layer 8 0.759 0.795 23.26 0.44 0.728 0.833 0.826 17.18  24.11 0.842 0.763 0.830
Layer 9 0.713 0.842 22.64 0.47  0.715 0.840 0.805 16.86  25.15 0.820 0.779 0.811
Layer 10 0.693 0.869 22.06 0.50  0.703 0.843 0.785 16.45 26.35 0.805 0.789 0.796
Layer 11 0.684 0.856 21.69 0.52  0.692 0.850 0.770 16.14 27.58 0.793 0.784 0.785
Layer 12 0.683 0.811 21.49 0.53  0.686 0.849 0.761 15.87 28.88 0.779 0.766 0.772
Coarse sweeps
Layers 1-4 0.934 0.643 30.12 0.21 0.803 0.795 0.936 20.41 17.02  0.948 0.706 0.907
Layers 5-8  0.894 0.668 26.93 0.29  0.778 0.807 0.903 18.94 19.63 0.908 0.716 0.883
Layers 9-12 0.734 0.811 22.69 0.47  0.717 0.836 0.808 16.89 24.99 0.827 0.761 0.818

Full adaptation
Layers 1-12  0.940 0.636 30.59 0.20  0.804 0.795 0.938 20.44 17.01 0.951 0.698 0.910




	Introduction
	Background
	Vision Transformers and feature hierarchies.
	Parameter-efficient fine-tuning.
	Layer-wise adaptation.

	Methodology
	Backbone and pipeline
	Preprocessing
	PEFT mechanisms
	Experimental conditions
	Post-hoc weight analysis
	Training protocol
	Evaluation

	Results
	Uniform Adaptation: Full Coverage vs. Baseline
	Coarse Localisation: 4-Layer Sweeps
	High-Resolution Localisation: Single-Layer Sweeps
	Generalisation to a Second Dataset
	Mechanism-Specific Corroboration: Pfeiffer Weight Analysis

	Discussion
	Conclusions and Future Work
	Responsible Research
	Appendix: Use of Generative AI Tools
	Statistical Significance Tests
	Parameter Counts Across Configurations
	Per-Configuration Results

