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Abstract. Fine-tuning foundation models for Earth Observation is com-
putationally expensive, with high training time and memory demands for
both training and deployment. Parameter-efficient methods reduce train-
ing cost but retain full inference complexity, while post-hoc compression
optimizes inference only after costly full fine-tuning. We introduce SIM-
PLER, a pre–fine-tuning architecture selection method that reduces in-
ference and deployment costs by identifying an effective model depth
before adaptation. SIMPLER exploits stabilization of representations in
deeper layers of pre-trained vision transformers: it computes layer-wise
representation similarity on unlabeled task data and applies an auto-
mated scoring function to select redundant layers, with no gradients,
magnitude heuristics, or hyperparameter tuning required. On Prithvi-
EO-2, SIMPLER prunes up to 79% of parameters while retaining 94% of
baseline performance, yielding a 2.1× training speedup and 2.6× infer-
ence speedup. The method generalizes to TerraMind (a multimodal EO
foundation model) and ImageNet-pretrained ViT-MAE, demonstrating
applicability across tasks, architectures, and spectral modalities. Code is
available at https://gitlab.citius.gal/hpc4rs/simpler.

Keywords: Representation Similarity · Model Compression · Founda-
tion Models · Efficient Fine-tuning · Earth Observation · Vision Trans-
formers · Structured Pruning

1 Introduction

Training and deploying large-scale Earth Observation (EO) foundation models
imposes substantial computational costs [34]. For example, fine-tuning Prithvi-
EO-2 [35] (ViT [7] model, 300M parameters) on BigEarthNetv2 dataset crop
mapping requires nearly 2.81 hours on a 4-GPU H200 cluster with 128 GB-
VRAM total memory, while inference costs scale linearly with model depth,
limiting deployment on satellites, drones, and edge devices that are critical for
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(a) Trade-off between training/inference efficiency and mIoU on MADOS for Prithvi-EO-2. Training
and inference efficiency are computed as the reciprocal of their respective times (1/time), normalized
to [0,1] Higher values indicate better efficiency.
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(b) Complete pipeline from layer representation extraction to fine-tuning.

Fig. 1: Overview of the proposed SIMPLER method. The upper radar plot summa-
rizes the trade-off between training/inference efficiency and mIoU performance on the
MADOS dataset. The lower panel illustrates the complete pipeline, from layer repre-
sentation extraction to fine-tuning of the reduced model.

applications including disaster response and precision agriculture [22]. These
constraints motivate efficiency research: reducing both training and inference
costs without sacrificing the generalization capabilities that make foundation
models [2] valuable for Earth observation tasks [6, 41] (Fig. 1a).

Existing solutions address only training or inference cost. Parameter-efficient
fine-tuning methods constrain updates to low-rank subspaces or adapter mod-
ules, dramatically reducing training memory and time while leaving inference
complexity unchanged; all transformer blocks remain active during deployment.
Conversely, structured pruning compresses models for faster inference but op-
erates post-hoc: practitioners must complete expensive full fine-tuning, analyze
task-specific weight statistics, iteratively prune and retrain, and finally deploy
(Fig. 1b). This sequential workflow incurs high computational cost before de-
livering efficiency gains and relies on post-adaptation parameters rather than
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pre-trained representational structure. No existing method reduces both train-
ing and inference costs in a unified manner.

We propose SIMPLER (SIMilarity-based Parameter Lightweight Efficient
Reduction) based on exploiting a key observation: deep layers in pre-trained
vision transformers produce nearly identical representations when processing
downstream task samples [31], revealing redundancy before any adaptation oc-
curs. SIMPLER (Fig. 1b) selects optimal architecture depth by computing layer-
wise representation similarity on unlabeled task samples from the pre-trained
model. Using Centered Kernel Alignment [21], we measure how each layer trans-
forms input distributions, partition the similarity matrix at candidate cutoff
points, and apply a scoring function that balances representational diversity in
retained layers against stability in pruned layers. This automatically identifies
the cutoff without magnitude thresholds, gradient computation, or hyperparam-
eter search, enabling architecture selection before fine-tuning begins.

In particular, we make three contributions:

– We show that representation similarity on pre-trained features predicts post-
fine-tuning layer importance. This fact is validated by ablation studies show-
ing that pruned architectures retain full capacity when trained from scratch
while pre-training provides gains of 42-43%.

– The proposed automated scoring criterion identifies optimal depth without
hyperparameter tuning, with CKA-selected cutoffs (5 blocks, 94% perfor-
mance) substantially outperforming alternative metrics (2 blocks, 76% per-
formance).

– The approach generalizes across foundation models (Prithvi-EO-2, Terra-
Mind, ViT-MAE [12]), task types (segmentation, classification, time series),
and spectral modalities (multispectral EO, RGB natural images).

2 Related Work

Parameter-efficient fine-tuning (PEFT) methods like LoRA [15], adapters [4,
14], and visual prompts [18] constrain updates to low-rank subspaces or bot-
tleneck modules, dramatically reducing training costs while maintaining task
performance. However, these methods operate in weight space, assuming all lay-
ers contribute meaningfully. At inference, the full model depth remains active,
offering no reduction in deployment costs.

Model compression addresses inference costs through complementary
strategies. Structured pruning [9, 28, 43, 45] removes entire architectural com-
ponents (layers, attention heads, channels), achieving substantial compression
while maintaining competitive performance on standard hardware. The critical
limitation is timing [36]: structured pruning operates post-hoc, after complet-
ing expensive full fine-tuning. Practitioners must analyze task-specific weight
statistics, iteratively prune and retrain, incurring full training costs upfront be-
fore efficiency gains are realized. Magnitude-based criteria can misidentify layer
importance, removing layers with small weights that perform valuable transfor-
mations [10].
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Knowledge distillation [13, 38, 40, 44] transfers knowledge from large teacher
models to compact students, achieving impressive compression ratios but re-
quiring training the new models from scratch. Quantization [26, 27, 46] reduces
numerical precision, compressing models and accelerating inference through spe-
cialized hardware. While effective and orthogonal to our approach, quantization
does not address architectural depth or training efficiency.

Adaptive depth methods enable flexible model capacity at deployment.
LayerDrop [8] applies structured dropout during training, allowing arbitrary
depth sub-networks to be extracted at inference without additional fine-tuning.
Early exiting methods [1, 37, 42] attach auxiliary classifiers to intermediate lay-
ers, enabling samples to terminate inference early once a confidence criterion is
met. While these approaches offer deployment flexibility, and potential inference
savings, they increase training complexity and do not explicitly identify a single
optimal architecture based on pre-trained representations prior to fine-tuning.

Representation similarity metrics provide tools for analyzing neural
network internals. Centered Kernel Alignment (CKA) [21] measures similarity
through kernel methods with invariance to orthogonal transformations.
SVCCA [30] applies singular value decomposition before canonical correlation
analysis. Jaccard similarity [20] quantifies overlap in k-nearest neighbor graphs.
These metrics reveal that vision transformers produce increasingly uniform rep-
resentations in deeper layers [3, 16, 31], a deep-layer redundancy also reported
for large language models [11], as self-attention enables early global information
aggregation while residual connections propagate features across depth. How-
ever, prior work uses these metrics exclusively for post-hoc analysis of trained
models [29]. The crucial distinction is the stage of analysis: representation simi-
larity patterns visible in pre-trained models on downstream task data are never
exploited to inform architecture decisions before fine-tuning begins.

Table 1: Comparison of adaptation strategies and computational cost.

Method Stage Train Cost Inf. Cost

LoRA During Low Baseline
Post-hoc Pruning After High Low
SIMPLER Before Low Low

Adaptation Stage and Cost Comparison. As shown in Table 1, we com-
pare methods according to the stage at which adaptation occurs (before, during,
or after fine-tuning) and their training and inference costs; SIMPLER acts in pre-
trained representation space, yielding low train and inference cost while avoiding
layer-level and weight-specific constraints.



SIMPLER 5

3 Methodology

SIMPLER selects optimal architecture depth for foundation model adaptation
through representation similarity analysis before fine-tuning begins.

3.1 Problem Formulation

Given pre-trained model Fpre with L layers and representations hℓ, downstream
task T with dataset D, we identify optimal cutoff c∗ ∈ {2, . . . , L−2} minimizing
depth while preserving data-relevant features:

c∗ = argmax
c∈{2,...,L−2}

score(c;S,Fpre) (1)

where S ⊂ D is a small unlabeled sample set. We then fine-tune Fc∗ (layers 1 to
c∗) with data head HD, avoiding full model adaptation costs.

3.2 Representation Similarity Metrics

We compute layer similarity matrix Z ∈ RL×L where Zi,j quantifies redundancy
between layers i and j. We evaluate three metrics: CKA [21] (invariant to orthog-
onal transforms, O(N2D2) complexity); Jaccard [20] (nearest-neighbor overlap
with parameter k); SVCCA [30] (SVD-based canonical correlation, O(ND2)
complexity). While our approach is metric-agnostic, CKA provides the most
consistent results across datasets and architectures (see Suppl. Mat. Sec. A for
detailed analysis).

Motivation. Pre-trained representation similarity predicts post-fine-tuning
layer importance through two complementary mechanisms. When consecutive
layers produce highly similar representations on downstream task data, their
transformations are redundant for that distribution. During fine-tuning via gra-
dient descent, the loss landscape exhibits flat directions along these aligned rep-
resentations, making it difficult to differentiate them through task-specific learn-
ing. Consequently, one layer captures the essential transformation while other
layers contribute marginally. We empirically validate this hypothesis in Sec. 4
through ablations showing that pruned architectures retain full capacity when
trained from scratch (Tab. 5).

This contrasts with magnitude-based pruning, which risks discarding layers
with small weights that perform valuable transformations, and gradient-based
pruning, which requires expensive backpropagation and estimates task-specific
loss sensitivity rather than intrinsic representational redundancy.

3.3 Automated Layer Selection

We partition similarity matrix Z at cutoff c into ZTL = Z[0:c − 1, 0:c − 1]
(retained layers, c × c) and ZBR = Z[c:L, c:L] (pruned layers, (L−c) × (L−c)).
For a square block M ∈ Rk×k, let δ(M) = 1

(k−1) k

∑k−2
i=0

∑k−1
j=0 |Mi,j − Mi+1,j |
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Fig. 2: Similarity metrics comparison (CKA, Jaccard, SVCCA) on MADOS dataset
(weak semantic segmentation) with Prithvi-EO-2 300M. Higher values (yellow) indi-
cate greater similarity between layer representations, while lower values (blue) indicate
greater divergence.

denote the mean absolute consecutive-row difference. Variability measures are
then:

∆TL = δ(ZTL), ∆BR = δ(ZBR) (2)

where ∆TL captures diversity in retained layers (high indicates rich features)
and ∆BR captures stability in pruned layers (low indicates redundancy). The
optimal cutoff maximizes c∗ = argmaxc∈{2,...,L−2}(∆TL − ∆BR), requiring no
hyperparameter tuning. Procedure: (1) Extract representations {h1, . . . ,hL}
from S; (2) Compute Z; (3) Select c∗ maximizing score; (4) Fine-tune Fc∗ with
head HD. Complete pseudocode is provided in Suppl. Mat. Algorithm S1.

3.4 Fine-Tuning Strategies

Once optimal architecture Fc∗ has been selected via representation similarity
analysis, any fine-tuning strategy can be applied to adapt the reduced model
to the downstream task. SIMPLER operates in architecture space (layer selec-
tion) rather than weight space (parameter updates), making it orthogonal and
complementary to parameter-efficient fine-tuning methods. In our experiments,
we evaluate two strategies: (1) Full fine-tuning trains all parameters of Fc∗

and task head HT to maximize performance on the downstream task; (2) SIM-
PLER with LoRA applies low-rank adaptation [15] to the reduced encoder
Fc∗ , achieving compound efficiency gains by reducing both architectural depth
(fewer layers) and trainable parameters (low-rank updates). SIMPLER is com-
patible with other PEFT methods such as adapters [14], prefix tuning [25], or
prompt tuning [23], as architecture selection does not constrain weight-space
optimization strategies.

An important practical advantage over post-hoc structured pruning is that
SIMPLER produces standard dense models avoiding the need for specialized
sparse inference libraries. The reduced architecture can be deployed directly
on any standard PyTorch or TensorFlow runtimes without any modification,
facilitating integration across HPC, cloud, and edge environments.
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4 Experiments

We conduct comprehensive experiments to evaluate SIMPLER across multi-
ple downstream tasks, datasets, and model configurations. Our experimental
design addresses three key objectives: (1) confirming that similarity patterns
in EO foundation models exhibit the representation stabilization observed in
prior work; (2) benchmarking SIMPLER against existing techniques in terms
of performance-efficiency trade-offs; and (3) validating the generalization of the
approach across different foundation model architectures.

4.1 Experimental Setup

Tasks and Datasets. We evaluate SIMPLER across three diverse tasks: seman-
tic segmentation on MADOS [19] for Marine Debris/Oil Spill detection with weak
supervision; multi-label classification on BigEarthNetv2 [5] (19 co-occurring land
cover classes); time series analysis on Sen4Map [32] for crop type mapping. We
primarily use Prithvi-EO-2 [35] (300M and 600M parameters). The results are
validated on TerraMind [17] for generalizability.

Baselines. We compare against: (1) Full Fine-tuning (all parameters);
(2) LoRA [15] (encoder frozen; decoder and LoRA parameters trained; config-
uration details in Suppl. Mat. Sec. F); (3) Post-hoc Structured Pruning [9, 24]
(20% and 40% compression, magnitude-based, with retraining; reported times
include full fine-tuning + pruning + retraining); (4) SIMPLER with LoRA (com-
bining both approaches, only LoRA parameters and decoder are fine-tuned). An
adaptive-depth baseline (LayerDrop [8]) is also reported in Suppl. Mat., Sec. G.

Implementation Details. We extract representations from 500 sampled
images per dataset (see sample size analysis in Fig. 3). Jaccard uses k = 20
neighbors. Cutoff selection maximizes score(c) = ∆TL −∆BR without hyperpa-
rameter tuning. Complete training hyperparameters, LoRA configurations, and
computational requirements are provided in Suppl. Mat. Sec. F.

Evaluation Metrics. We report task-specific performance (mIoU for seg-
mentation, accuracy for classification) and efficiency metrics (total/trainable pa-
rameters, training/inference speedup, FLOPs), measured on identical hardware.

4.2 Analysis of Similarity Metrics

We begin by investigating whether representation stabilization patterns docu-
mented in vision transformers models [31] manifest in EO foundation models.
All three similarity metrics (CKA, Jaccard, SVCCA) reveal distinct progres-
sive stabilization of representations in Prithvi-EO-2 when computed on MADOS
samples from the pre-trained model (Fig. 2). Early layers (0-5) exhibit low self-
similarity and high inter-layer variability (indicated by the darker off-diagonal
regions), reflecting the rapid evolution of features as the model processes low-
level visual information. In contrast, the middle layers (6-15) show a gradual
increase in similarity, serving as a transitional phase. Crucially, the deep lay-
ers (16-24) display high block-diagonal similarity (bright yellow regions in CKA



8 V. Barreiro et al.

10 25 50 75 10
0

25
0

50
0

10
00

2

4

6

8

Sample Size (log scale)

C
ut

off
(b

lo
ck

s)

0

200

400

600

W
al

lT
im

e
(s

)

(a) Cutoff stability and computation time

10 25 50 75 10
0

25
0

50
0

10
00

0

20

40

60

80

Sample Size (log scale)

P
ea

k
M

em
or

y
(G

B
-R

A
M

)

2

3

M
at

ri
x

V
ar

ia
nc

e
(×

1
0
−
3
)

(b) Memory and CKA matrix variance

Fig. 3: Sample size sensitivity analysis for CKA computation on MADOS (Prithvi-
300M). Left: Cutoff selection stabilizes at 500 samples (std=0.53, 5.6× reduction from
10 samples) with acceptable computation time (218s vs. 678s for 1000 samples). Right:
Memory consumption scales linearly (36.8GB at 500 samples), while CKA variance
remains stable. The 500-sample configuration provides optimal balance between cutoff
stability, computational efficiency, and memory footprint. Notice that the computation
time is in CPU and RAM, not VRAM

and SVCCA), indicating that representations have stabilized and consecutive
layers are performing redundant transformations. This varying redundancy pro-
file across depth confirms the hypothesis of representation stabilization in EO
foundation models and justifies the use of our layer selection strategy.

Sample size selection for CKA analysis. We investigate the sensitivity
of cutoff selection to the number of samples used for CKA computation (Fig. 3).
With only 10 samples, the selected cutoff exhibits high variance (mean=5.5,
std=2.95 blocks), leading to unstable layer selection across random draws. In-
creasing to 500 samples dramatically stabilizes selection (mean=4.5, std=0.53
blocks, 5.6× variance reduction), while maintaining practical computational cost
(218s) and memory consumption (36.8GB RAM). Further increasing to 1000
samples yields full convergence (std=0.00) at 3.1× higher computational cost
(678s) and 2× memory consumption (74GB-RAM). The matrix variance metric
(right panel) remains consistent across sample sizes (mean ≈ 0.003), confirm-
ing that CKA similarity patterns converge with sufficient samples. Based on
this empirical analysis, we use 500 samples for all experiments, achieving stable
automated layer selection without excessive computational overhead.

4.3 Performance-Efficiency Trade-offs

We evaluate SIMPLER’s effectiveness in balancing task performance with com-
putational efficiency across three downstream tasks, demonstrating consistent
compression with competitive accuracy.

Semantic Segmentation (MADOS). SIMPLER (Tab. 2) retains 94%
baseline performance (mIoU 62.8% vs 66.9%) while reducing the 300M Prithvi-
EO-2 model to just 64.57M parameters (79% reduction), achieving 2.1× training
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Table 2: Task 1 - Semantic Segmentation: Results on MADOS dataset comparing
SIMPLER against baseline methods. Results show mean ± std over 5 runs. Best results
highlighted with light green , second best with light gray .

Training Cost Inference Cost Performance

Model Method Params
(M)

Train
(M)

Time
(min)

Mem
(GB)

FLOPs
(G)

Thr.
(img/s)

Inf
(s)

mIoU
(%)

Acc
(%)

300M

Baseline 303.90 303.90 15.90±4.80 11.70±0.47 238.50 33.02±1.94 3.04±0.18 66.9±2.5 95.3±1.2
Baseline with LoRA 306.32 2.42 11.77±2.17 8.76±0.50 238.50 31.62±1.13 3.17±0.11 59.6±1.5 94.1±0.6
Baseline + Prune 20% 240.92 240.92 24.34±5.09 11.70±0.47 189.07 35.33±4.02 2.87±0.36 58.4±1.6 93.2±2.0
Baseline + Prune 40% 177.94 177.94 22.51±4.83 11.70±0.47 139.64 47.03±6.03 2.16±0.25 47.9±3.7 87.2±3.6
SIMPLER (Ours) 64.57 64.57 7.46±1.62 2.83±0.08 50.67 88.72±15.04 1.16±0.21 62.8±1.2 94.2±1.1
SIMPLER with LoRA (Ours) 65.12 0.55 4.31±0.28 2.46±0.10 50.67 79.51±14.44 1.30±0.21 60.4±1.4 91.8±1.2

600M

Baseline 631.21 631.21 29.20±8.11 25.06±1.09 646.85 16.28±0.31 6.15±0.12 69.6±2.2 94.1±1.5
Baseline with LoRA 635.20 3.99 29.55±4.85 17.99±1.05 646.85 15.22±0.63 6.58±0.28 63.5±1.5 95.1±0.3
Baseline + Prune 20% 513.14 513.14 48.75±10.08 25.06±1.09 525.86 18.62±1.15 5.39±0.34 60.8±5.5 92.8±2.7
Baseline + Prune 40% 375.40 375.40 42.34±8.84 25.06±1.09 384.70 25.08±0.90 3.99±0.14 55.6±2.0 90.2±3.5
SIMPLER (Ours) 80.24 80.24 7.70±1.90 3.97±0.16 82.22 77.26±11.27 1.33±0.24 62.2±2.0 90.5±3.4
SIMPLER with LoRA (Ours) 80.79 0.55 6.49±1.18 3.27±0.12 82.22 64.92±9.56 1.57±0.19 58.1±1.3 88.8±2.1

Table 3: Task 2 - Multi-label Classification: Results on BigEarthNetv2 dataset com-
paring SIMPLER against baseline methods. Results show mean ± std over 5 runs. Best
results are highlighted with light green , second best with light gray .

Training Cost Inference Cost Performance

Model Method Params
(M)

Train
(M)

Time
(min)

Mem
(GB)

FLOPs
(G)

Thr.
(img/s)

Inf
(s)

mAP
(%)

F1-macro
(%)

F1-micro
(%)

300M

Baseline 303.91 303.91 168.87±6.60 127.84±0.76 238.49 37.67±0.04 2.65±0.00 73.4±0.5 66.8±0.7 77.7±0.2
Baseline with LoRA 306.33 2.42 230.65±17.90 93.8±0.88 240.38 34.89±0.08 2.87±0.01 72.2±0.4 66.3±0.7 77.6±0.1
SIMPLER (Ours) 51.98 51.98 40.66±1.64 23.76±0.00 40.78 110.05±0.36 0.91±0.00 71.2±0.3 65.3±0.3 76.4±0.2
SIMPLER with LoRA (Ours) 52.43 0.45 92.29±16.33 19.04±0.40 41.12 105.11±0.42 0.95±0.00 70.1±0.2 64.2±0.4 76.5±0.1

speedup and 2.6× inference speedup. Compared to LoRA (which reduces train-
able parameters but maintains full inference architecture), SIMPLER provides
2.7× inference speedup at comparable performance. Combining SIMPLER with
LoRA provides both benefits: 0.55M trainable parameters (0.2% of original),
fastest training (4.31 min), 90% baseline performance.

Post-hoc pruning requires full fine-tuning + retraining (22-24 min for 300M
vs SIMPLER’s 7.46 min). While 40% pruning achieves 72% of baseline (mIoU
47.9%), it shows higher variance (±3.7), suggesting sensitivity to magnitude-
based criteria. For 600M, SIMPLER retains 89% of baseline (mIoU 62.2% vs
69.6%) with 87% parameter reduction (80.24M) and 3.8× training speedup,
demonstrating scalability and the advantage of pre-fine-tuning architecture se-
lection.

Multi-label Classification (BigEarthNetv2). On the more complex multi-
label classification task with 19 co-occurring classes, SIMPLER achieves 83%
compression (51.98M parameters) while retaining 97% baseline mAP (71.2% vs
73.4%), with 4.2× training speedup and 2.9× inference speedup (Tab. 3).

For BigEarthNetv2 (300M), SIMPLER reduces the number of parameters
to 17% (51.98M) while retaining 97% of baseline mAP (71.2% vs 73.4%), with
2.9× of inference speedup and 4.2× of training speedup. The slightly larger per-
formance gap vs MADOS reflects increased task complexity (19 co-occurring
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Table 4: Task 3 - Time Series Classification: Results on Sen4Map dataset comparing
SIMPLER against baseline methods. Results show mean ± std over 5 runs. Best results
are highlighted with light green , second best with light gray .

Training Cost Inference Cost Performance

Model Method Params
(M)

Train
(M)

Time
(min)

Mem
(GB)

FLOPs
(G)

Thr.
(img/s)

Inf
(s)

OA
(%)

AA
(%)

F1-macro
(%)

Kappa
(%)

300M

Baseline 303.90 303.90 133.81±8.48 75.72±2.88 238.49 4.72±0.00 21.16±0.01 75.4±0.2 65.0±0.4 66.6±0.3 69.7±0.3
Baseline with LoRA 306.31 2.41 930.42±257.38 53.60±2.04 240.38 3.79±0.09 26.40±0.65 75.8±0.3 65.1±0.7 66.9±0.6 70.1±0.4
SIMPLER (Ours) 89.76 89.76 55.62±3.83 23.28±1.08 70.44 15.55±0.03 6.43±0.01 73.6±0.1 61.8±0.7 63.8±0.4 67.4±0.1
SIMPLER with LoRA (Ours) 90.50 0.74 398.17±40.71 17.72±0.56 71.01 12.32±0.08 8.12±0.05 73.9±0.2 61.5±0.6 63.8±0.4 67.6±0.2

land-cover classes). Combining SIMPLER with LoRA achieves 0.45M train-
able parameters (0.1% of original) with comparable performance (mAP 70.1%),
validating compatibility with parameter-efficient fine-tuning and automatically
adapting model capacity to task complexity.

Time Series Analysis (Sen4Map). For time series crop type mapping,
SIMPLER compresses the model by 70% (89.76M parameters) while retaining
96% baseline F1-macro (63.8% vs 66.6%), demonstrating 3.3× inference speedup
and 2.4× training speedup (Tab. 4).

For Sen4Map (300M), SIMPLER reduces parameters by 70% (89.76M) while
retaining 96% of baseline F1-macro (63.8% vs 66.6%), with 3.3× inference speedup
and 2.4× training speedup. The results demonstrate consistent parameter re-
duction (70-83%) with 94-97% performance retention across all three task types
(segmentation, classification, time series), validating SIMPLER’s broad applica-
bility to diverse EO applications.

Performance Trade-offs: For the time series task (Sen4Map), the baseline
with LoRA achieves slightly superior performance (66.9% F1-macro) compared
to SIMPLER (63.8% F1). However, this comes at the cost of 16.7× slower train-
ing (930.42 min vs 55.62 min) and offers zero reduction in inference cost (FLOPs
remain 240.38G). In contrast, SIMPLER provides a substantial reduction in
both training time (2.4× speedup) and deployment costs (FLOPs reduced to
70.44G, a 3.4× decrease) while retaining 96% of baseline performance. This
trade-off reflects different optimization priorities: time series tasks with complex
temporal dependencies may benefit from full-depth architectures when accuracy
is paramount and inference constraints are relaxed, while SIMPLER is better
suited for deployment-critical scenarios requiring both training efficiency and
low-latency inference, such as on-device processing for disaster response or real-
time edge monitoring. For resource-constrained scenarios requiring both efficient
training and low-latency edge deployment, SIMPLER’s combined efficiency ad-
vantages are decisive.

4.4 Ablation Studies

Similarity Metric Comparison. CKA outperforms Jaccard and SVCCA for
layer selection (Tab. 5). While Jaccard/SVCCA select aggressive cutoff (layer
2, 9% parameters), they severely degrade performance to 76% baseline mIoU.
CKA selects conservative cutoff (layer 5, 21% parameters) while preserving 94%
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Table 5: Ablation Studies on MADOS (300M): (Top) Similarity metrics; (Bottom)
Pre-training impact.

Experiment Configuration Cutoff Params (M) mIoU (%) Acc (%)

Metric
Baseline (Full) 24 bl. 303.90 66.9±2.5 95.3±1.2
SIMPLER (Jaccard/SVCCA) 2 bl. 26.78 50.7±3.4 84.6±0.8
SIMPLER (CKA) 5 bl. 64.57 62.8±1.2 94.2±1.1

Pre-training

Baseline (From Scratch) 24 bl. 303.90 46.7±2.4 83.0±0.8
Baseline (Fine-tuning) 24 bl. 303.90 66.9±2.5 95.3±1.2
Baseline (LoRA) 24 bl. 306.32 59.6±1.5 94.1±0.6

SIMPLER (From Scratch) 5 bl. 64.57 44.1±1.9 81.9±1.3
SIMPLER (Fine-tuning) 5 bl. 64.57 62.8±1.2 94.2±1.1
SIMPLER (LoRA) 5 bl. 65.12 60.4±1.4 91.8±1.2

of baseline performance, demonstrating superior task-relevant depth identifica-
tion. The 3-layer difference yields 18% performance gap, validating CKA as
default metric. CKA’s advantage arises from its invariance to orthogonal trans-
formations and smooth gradient properties with respect to layer depth, enabling
robust identification of semantic similarity rather than superficial feature align-
ment. In contrast, Jaccard’s discrete nearest-neighbor structure and SVCCA’s
sensitivity to low-variance dimensions can lead to overly aggressive pruning that
removes layers still contributing meaningful transformations. CKA’s consistent
performance across three model families (Prithvi-EO-2, TerraMind, ViT-MAE)
and four downstream tasks demonstrates its generality for pre-fine-tuning layer
selection. Linear probing analysis (Suppl. Mat. Sec. E) provides complemen-
tary evidence: while Block 2 (Jaccard/SVCCA) achieves 33.00% probe mIoU
vs. Block 5 (CKA) at 30.26%, the fine-tuning results demonstrate that CKA’s
selection better captures task-relevant features during adaptation.

Pre-training Impact Analysis. SIMPLER’s 5-block architecture (Tab. 5)
achieves nearly identical from-scratch performance as the full 24-block baseline
(mIoU 44.1% vs 46.7%), indicating removed layers contribute minimal architec-
tural capacity. However, pre-training provides substantial gains (43% and 42%
relative improvement), confirming SIMPLER preserves the most valuable pre-
trained features. Linear probing on frozen representations (Suppl. Mat. Sec. E)
corroborates this finding: Block 6 achieves peak performance (34.03% mIoU),
validating that SIMPLER’s automated selection of Block 5 captures semanti-
cally optimal depth without gradient-based search.

Random Data Ablation. Representation stabilization arises from learned
features, not architectural artifacts (Fig. 4). Random noise inputs produce uni-
formly high similarity (0.998-1.000) with 115× narrower range than real data
(0.77-1.00), confirming SIMPLER exploits genuine learned hierarchies requiring
downstream task samples.

Block-Selection Ablation. At matched depth, selecting random or last-k
blocks instead of the early blocks chosen by SIMPLER degrades performance to
the from-scratch range, confirming the gains stem from retaining the transferable
early layers rather than from depth reduction alone (Suppl. Mat. Sec. G).
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Fig. 4: CKA similarity for random noise (Gaussian, Uniform). Uniformly high simi-
larity (0.998-1.000) with 115× narrower range vs. real data confirms learned features,
not architectural artifacts.

Table 6: Task 1 - Semantic Segmentation: Results on MADOS dataset using
TerraMind-Large, TerraMind-Small and TerraMind-Tiny models comparing SIMPLER
against baseline methods. Results show mean ± std over 5 runs. Best results are high-
lighted with light green , second best with light gray .

Training Cost Inference Cost Performance

Model Method Params
(M)

Train
(M)

Time
(min)

Mem
(GB)

FLOPs
(G)

Thr.
(img/s)

Inf
(s)

mIoU
(%)

Acc
(%)

TerraMind-L

Baseline 304.89 304.89 8.84±1.76 8.38±0.51 61.69 124.91±10.20 3.18±1.08 70.1±2.7 97.1±0.3
Baseline with LoRA 320.82 15.93 10.34±1.37 6.11±0.50 64.81 69.73±3.10 3.10±0.30 66.1±2.9 96.3±0.3
SIMPLER (Ours) 53.23 53.23 4.79±0.54 1.62±0.09 10.76 661.24±19.94 1.05±0.63 58.8±2.1 92.7±2.6
SIMPLER with LoRA (Ours) 56.05 2.82 4.25±0.89 1.24±0.08 11.31 386.94±7.23 0.99±0.47 59.0±2.7 94.2±0.7

TerraMind-S

Baseline 22.37 22.37 6.48±2.01 1.02±0.04 4.74 279.23±6.25 1.06±0.37 53.0±1.1 87.9±1.9
Baseline with LoRA 26.07 3.70 10.57±3.18 0.95±0.04 5.47 158.57±0.60 1.14±0.14 40.4±7.2 86.7±4.3
SIMPLER (Ours) 9.96 9.96 6.06±1.15 0.55±0.02 2.10 588.62±7.43 0.76±0.20 53.6±3.7 88.9±1.6
SIMPLER with LoRA (Ours) 11.59 1.63 8.18±1.87 0.52±0.02 2.42 338.56±3.46 0.81±0.19 41.3±4.7 85.7±4.0

TerraMind-T

Baseline 5.88 5.88 5.15±0.48 0.53±0.01 1.33 236.13±30.85 8.14±5.83 56.3±2.5 91.4±2.3
Baseline with LoRA 7.79 1.92 10.16±3.56 0.54±0.02 1.71 151.15±12.20 1.92±0.43 53.5±4.1 93.1±1.3
SIMPLER (Ours) 2.32 2.32 4.85±0.90 0.32±0.01 0.52 762.76±7.53 0.54±0.13 53.8±4.0 89.5±1.4
SIMPLER with LoRA (Ours) 3.06 0.74 7.75±1.91 0.32±0.00 0.66 433.44±6.89 0.66±0.25 50.5±5.0 85.8±0.6

4.5 Generalization Across Foundation Models

To validate generalization beyond Prithvi-EO-2, we evaluate SIMPLER on Ter-
raMind [17], a multimodal EO foundation model, across three scales: Large,
Small, and Tiny on MADOS (Tab. 6).

SIMPLER consistently achieves 55–83% parameter reduction across all three
TerraMind scales while retaining 84–101% of baseline mIoU (Tab. 6). Two find-
ings stand out. First, for TerraMind-Small, SIMPLER improves over the base-
line (mIoU 53.6% vs 53.0%) despite halving the parameters. Second, cross-scale
comparison reveals that reducing a larger model with SIMPLER outperforms
natively smaller architectures: TerraMind-Large reduced to 53.23M parameters
(mIoU 58.8%) surpasses TerraMind-Small baseline (22.37M, mIoU 53.0%) by
5.8 points, indicating that richer representations learned during large-scale pre-
training are preserved after layer selection. At the smallest scale, SIMPLER en-
ables ultra-lightweight deployment (2.32M parameters, 762 img/s) while retain-
ing 96% baseline mIoU, opening practical avenues for satellite on-board process-
ing. These results advocate for a “reduce large” strategy, selecting depth from a
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Table 7: Generalization validation on ViT-MAE (pre-trained on ImageNet) for
CIFAR-100 classification. Results show mean ± std over 5 runs. Best results high-
lighted with light green , second best with light gray . Training from scratch (without
pre-training) results are provided in Suppl. Mat. Sec. B for comparison.

Training Cost Inference Cost Performance

Method Params
(M)

Train
(M)

Time
(min)

Mem
(GB-VRAM)

FLOPs
(G)

Thr.
(img/s)

Inf
(s) Accuracy (%)

Baseline 303.40 303.40 49.31±5.37 49.59±1.46 59.70 119.11±1.19 1.02±0.15 88.8±0.4
Baseline with LoRA 309.72 6.42 116.50±12.61 57.75±0.59 60.94 88.78±0.49 1.49±0.26 91.8±0.2
SIMPLER (Ours) 38.88 38.88 42.97±1.37 9.06±1.02 7.60 822.51±3.48 0.22±0.01 72.8±0.3
SIMPLER with LoRA (Ours) 40.51 1.73 28.51±11.57 9.62±0.13 7.92 583.11±26.54 0.78±0.73 67.9±2.1

single well-trained foundation model, over training multiple smaller models inde-
pendently. Beyond the optical modality, SIMPLER also generalizes to Sentinel-1
SAR (BigEarthNet-S1 with TerraMind-Large), retaining 93% of baseline mAP
at ∼12× fewer parameters (Suppl. Mat. Sec. G).

Validation on RGB-Only Foundation Models (ViT-MAE + CIFAR-
100). Beyond multispectral EO data, SIMPLER generalizes to standard RGB vi-
sion transformers. On ViT-MAE (ImageNet pre-trained, CIFAR-100 fine-tuned),
SIMPLER achieves 87% parameter reduction (38.88M vs 303.40M) while retain-
ing 82% baseline accuracy, with 81.7% memory reduction (9.06 GB-VRAM vs
49.59 GB-VRAM), 1.1× training speedup, 7.9× FLOPs reduction, and 6.9×
inference throughput improvement (Tab. 7).

For ViT-MAE on CIFAR-100, SIMPLER achieves 87% parameter reduction
while retaining 82% baseline accuracy (72.8% vs 88.8%), with 81.7% memory
reduction and 6.9× inference throughput improvement. The from-scratch com-
parison (Suppl. Mat. Sec. B) confirms SIMPLER preserves layers most enriched
by pre-training rather than selecting based on architectural capacity alone. These
results demonstrate that SIMPLER’s representation-based layer selection gen-
eralizes beyond multispectral EO data to standard RGB vision transformers.

4.6 Discussion

SIMPLER exploits a key property of pre-trained vision transformers: consecu-
tive layers producing highly similar representations on downstream task data
perform redundant transformations for that distribution. Our ablation stud-
ies (Tab. 5) validate this principle empirically. The pruned 5-block architecture
achieves nearly identical from-scratch performance as the full 24-block base-
line (mIoU 44.1% vs 46.7%), confirming that removed layers contribute minimal
architectural capacity. However, pre-training provides substantial gains (42-43%
relative improvement for both architectures), demonstrating that SIMPLER pre-
serves layers most enriched with pre-trained features rather than merely selecting
based on capacity.

The multi-scale TerraMind evaluation (Tab. 6) reinforces this finding: at
every scale, a SIMPLER-reduced model retains or even surpasses the baseline of
the next-smaller architecture, while inheriting the richer representations of the
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larger pre-training. This consistent cross-scale pattern suggests that investing
in a single large-scale pre-training and deriving task-specific reduced models
via SIMPLER is more cost-effective than training multiple smaller foundation
models independently.

The method delivers greatest benefits when deployment efficiency is criti-
cal for edge devices, satellites, or resource-constrained environments requiring
low-latency inference and both training and inference costs matter simulta-
neously. For scenarios prioritizing absolute accuracy where inference costs are
unconstrained (e.g., cloud-based batch processing), parameter-efficient meth-
ods like LoRA may be preferable as they maintain full model depth. SIM-
PLER addresses the common case in Earth observation applications requiring
on-board processing, where no existing method simultaneously reduces both
training and deployment costs. These gains transfer to embedded hardware:
on an NVIDIA Jetson Orin, SIMPLER delivers a ∼3.9× on-device inference
speedup (Suppl. Mat. Sec. G).

Representation stabilization naturally emerges in foundation models trained
via masked-autoencoding self-supervised objectives. However, architectures em-
ploying contrastive (e.g., SoftCon [39]) or explicit collapse-prevention (e.g., DI-
NOv3 [33] with KoLeo regularization) objectives may instead exhibit oscillating
or non-stabilizing similarity patterns (Suppl. Mat. Sec. C). Practitioners can
verify applicability via CKA heatmap analysis on 500 task samples: clear block-
diagonal structure in deep layers indicates suitability, while uniform or oscillating
patterns suggest alternative approaches.

5 Conclusion

SIMPLER introduces a paradigm shift in foundation model compression: rather
than pruning task-adapted weights post-hoc or assuming all layers are necessary
during training, we analyze pre-trained representations on downstream task data
to select architecture depth before fine-tuning begins. By computing layer-wise
similarity through Centered Kernel Alignment, our automated scoring criterion
identifies redundant depth without setting any hyperparameters, achieving 55–
87% parameter reduction while retaining 82–101% performance across semantic
segmentation, multi-label classification, and time series analysis on multispectral
EO data, and RGB classification on natural images. Validation across diverse
foundation models (Prithvi-EO-2, TerraMind, ViT-MAE) and datasets (MA-
DOS, BigEarthNetv2, Sen4Map, CIFAR-100) establishes representation simi-
larity as a predictive signal for layer importance that simultaneously reduces
training costs, inference costs, and memory footprint, enabling deployment on
resource-constrained hardware.

Multi-scale evaluation on TerraMind (Large, Small, Tiny) shows that
SIMPLER-reduced models consistently match or outperform natively smaller ar-
chitectures, with depth reduction even acting as implicit regularization at smaller
scales. These findings advocate for a “reduce once” paradigm: investing in a sin-
gle large-scale pre-training and deriving task-specific reduced architectures via
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similarity-based layer selection, rather than training multiple smaller foundation
models independently.

SIMPLER generalizes to foundation models trained with MAE-style self-
supervised objectives, which naturally exhibit the representation stabilization
the method exploits. For models employing alternative pre-training strategies,
practitioners can verify applicability through CKA heatmap analysis as de-
tailed in Suppl. Mat. Sec. C. Having validated SIMPLER across architectures,
sensing modalities (multispectral, RGB, SAR), and task types, we leave its ex-
tension to paradigms without deep-layer stabilization, such as contrastive and
collapse-prevention models, as the principal direction for future work (Suppl.
Mat., Sec. C).
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