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Abstract. While U-Net architectures remain the gold standard for med-
ical image segmentation, their deployment in resource-constrained en-
vironments demands aggressive model compression. However, finding
an optimally efficient configuration is computationally prohibitive, typ-
ically requiring exhaustive train-and-evaluate cycles to find the small-
est model that maintains peak performance. In this paper, we intro-
duce a training-free selection framework to automatically identify ultra-
lightweight, dataset-specific U-Net configurations directly at initializa-
tion. We observe that systematically scaling down U-Net channel width
induces a sharp transition from a stable performance plateau to repre-
sentational capacity collapse. To pinpoint this boundary without train-
ing, we propose a Jacobian-based sensitivity metric that scores discrete,
width-capped U-Net variants using a small set of unlabeled images. By
analyzing the total variation of this sensitivity curve, we isolate the
smallest stable configuration, which we denote as XTinyU-Net. Evalu-
ated across six diverse medical datasets within the nnU-Net framework,
XTinyU-Net achieves segmentation accuracy comparable to the heavy
nnU-Net baseline with 400×–1600× fewer parameters, and outperforms
contemporary lightweight architectures while utilizing 5×–72× fewer pa-
rameters. Code is publicly accessible on GitHub.

Keywords: Light-weight · Efficient · Deep learning · Medical image
segmentation

1 Introduction

Medical image segmentation is a foundational primitive for quantitative clinical
analysis across diverse modalities [1,15]. While modern deep neural networks
achieve remarkable fully-supervised performance, the deployment landscape is
rapidly shifting toward decentralized, resource-constrained environments such
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as point-of-care systems and portable devices. To bridge the gap between high
accuracy and low computational cost, numerous lightweight architectures have
been proposed. These specialized models reduce parameters and floating-point
operations via compact blocks, simplified decoders, or token mixing, as exem-
plified by UNeXt [21], CMUNeXt [20], MedNCA [11], TinyUNet [4], and Lea-
nUNet [8]. Despite this architectural proliferation, the canonical U-Net [18] re-
mains an exceptionally competitive baseline, frequently outperforming specially
crafted lightweight models when optimized with standardized pipelines like nnU-
Net [9].

These lightweight methods demonstrate that strong accuracy can be achieved
at low cost, yet they surface an inconvenient reality: efficiency is not a static,
one-size-fits-all architectural choice. For a fixed model family, the optimal budget
depends heavily on dataset-specific characteristics, including image resolution,
anatomical variability, noise, and label complexity. Consequently, practitioners
still rely on computationally prohibitive manual sweeps to train and evaluate
multiple candidate configurations. This expensive validation process undermines
the core promise of lightweight models in settings where rapid iteration is essen-
tial.

This paper targets the configuration selection problem directly, asking: How
aggressively can a properly configured U-Net be scaled down before its represen-
tational capacity collapses and segmentation performance degrades for a given
dataset? We focus on width scaling because channel dimensions dominate com-
putation in U-Net-style models, and it serves as the primary knob in many
lightweight designs. To isolate the effect of model capacity without confounding
factors, we instantiate our study within the standardized nnU-Net protocol.

To address this selection problem without training, our approach relates to
zero-cost neural architecture search (NAS) [14,5,13]. Existing training-free meth-
ods predict downstream accuracy using initialization-time statistics, with rep-
resentative directions including activation-based criteria (e.g., NASWOT [14],
SWAP [17]) and gradient-based criteria (e.g., SynFlow [19], SNIP [12]). How-
ever, these influential approaches are typically evaluated on classification tasks
and macro-level inter-architecture comparisons. In contrast, our intra-family,
dense-prediction setting requires reliably evaluating small architectural changes
where capacity regime transitions are highly pronounced. Rather than treating
the score as a global ranker, we utilize the Jacobian signal as a targeted collapse
detector to answer the practical deployment question: how small can the model
be before performance deteriorates?

Specifically, our contributions are as follows: ➊ We systematically analyze ag-
gressive U-Net capacity scaling and consistently observe a predictable two-regime
behavior: a broad performance plateau followed by an abrupt representational
collapse at ultra-small model sizes. ➋ Building on this observation, we intro-
duce a training-free, Jacobian-based framework for selecting dataset-adaptive
lightweight configurations directly at initialization. This robust metric instantly
isolates the optimal pre-collapse transition configuration, which we designate
as XTinyU-Net. ➌ Extensive evaluations across six diverse medical imaging
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datasets establish that XTinyU-Net achieves segmentation accuracy compara-
ble to the nnU-Net baseline while requiring up to 1600x fewer parameters, and
it consistently outperforms specialized state-of-the-art lightweight architectures
while utilizing 5x–72x fewer parameters.

2 Method

We frame the search for an optimal lightweight segmentation network as a prob-
lem of detecting capacity collapse within a progressively scaled architecture fam-
ily. Rather than relying on expensive, iterative train-and-evaluate cycles, we
propose a training-free selection mechanism that operates entirely at random
initialization. Our approach proceeds in two main steps. First, we construct a
discrete, ordered family of candidate architectures by systematically constrain-
ing the maximum channel width of a standard baseline. Second, we evaluate
the input-output sensitivity of each untrained candidate using a Jacobian-based
metric. By analyzing the total variation of this initialization-time sensitivity
across the model family, we can pinpoint the critical capacity boundary where
the network transitions from a stable performance plateau to an unstable, post-
collapse regime. The configuration lying immediately on the stable side of this
boundary is selected as our highly efficient target architecture, XTinyU-Net.

2.1 U-Net scaling

We systematically investigate U-Net capacity limits by scaling network width
(channels) rather than depth (stages). Reducing depth alters the model’s induc-
tive bias by shrinking the theoretical receptive field and disrupting multi-scale
context aggregation. In contrast, width scaling provides a strictly controlled axis
for compression: it isolates representational capacity while perfectly preserving
the architecture’s foundational spatial topology and downsampling schedule.

Let Cbase
l = 2lC0, where C0 is the number of channels at the first stage and

L is the total number of stages, and let Cbase
max = Cbase

L−1 denote the maximum
channel dimensionality in the baseline configuration. We define a discrete family
of scaled models by imposing a geometric channel cap

Cmax(i) =
Cbase

max

2i
, i ∈ {0, 1, . . . , log2 Cbase

max } (1)

such that the channel width at stage l is then given by Cl(i) = min
(
2lC0, Cmax(i)

)
.

As i increases, the maximum allowable channel dimensionality decreases,
yielding progressively smaller models. For large values of i, the doubling pat-
tern across resolutions saturates and the network approaches a near-uniform
channel dimensionality across stages as in [8]. Importantly, the spatial hierarchy,
number of stages, and receptive-field growth remain unchanged, and all other
architectural and optimization settings are kept fixed. We use Cbase

max = 512 as in
nnU-Net [9] and thus end up with a family of 10 models. We denote the result-
ing ordered model family by {Mi}N−1

i=0 , where increasing index i corresponds to
progressively smaller channel caps and reduced model capacity.
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Fig. 1. U-Net width scaling curves (Dice vs parameters) and corresponding
initialization-time Jacobian sensitivity across datasets. The estimated collapse bound-
ary separates stable and unstable regimes; XTinyU-Net is selected as the smallest
configuration on the stable side.

When training the defined U-Net family across datasets, we consistently ob-
serve two distinct performance regimes (measured by Dice, as seen in Fig. 1) as
model size decreases. For moderate width reductions, segmentation performance
remains relatively stable, forming a broad plateau. Beyond a dataset-dependent
threshold, performance deteriorates sharply as models become severely under-
parameterized. We refer to these regimes as the pre-collapse and post-collapse
regions, respectively. Different datasets exhibit different transition points, reflect-
ing varying task complexity and representational requirements. This naturally
raises the following question: "Given a medical imaging dataset, can we esti-
mate the smallest configuration that remains within the pre-collapse regime, at
initialization without training the entire model family?"

2.2 Jacobian-Based Collapse Detection

Our hypothesis is that the transition from the pre-collapse to the post-collapse
regime is reflected in the local input–output sensitivity of the network at initial-
ization. As model capacity decreases, sufficiently narrow configurations exhibit
increased sensitivity to small perturbations in the input, indicating unstable
representational behavior near the capacity boundary.

Input–output sensitivity. To quantify how sensitive a given model Mi (from
the model family defined in 2.1) is to a given input x ∈ RC×H×W , where
C,H,W are the number of channels, image height, and width, respectively, we
take the input-output gradient, gi(x), of the model at random initialization as
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follows; gi(x) = ∇x

∑
n,h,w Mi(x; θi)n,h,w, where θi denotes the model param-

eters, Mi(x; θi) ∈ RN×H×W , and N is the number of classes. We then define
a scalar sensitivity measure si = ∥gi(x)∥2. For a set of K images {xk}Kk=1, we
aggregate the sensitivities by taking the average of the per-image sensitivities;
Si =

1
K

∑K
k=1 si.

Cross-configuration normalization. Since the sensitivity magnitudes are ar-
bitrary, with Si ∈ [0,∞), we first normalize the values across the model configu-
rations for meaningful comparison as follows; S̃i = {Si − Smin}/{Smax − Smin}.
Empirically, we observe that in the unstable post-collapse regime, the changes
in the input-output sensitivity values between consecutive model configurations
are larger compared to the changes in the pre-collapse region.

Collapse detection. Thus, we define the transition configuration between the
pre- and post-collapse regimes to be the one that maximizes the average total
variation (TV) in the Jacobians in the post-collapse regime while minimizing
the average total variation (TV) in the pre-collapse regime. Let {Mi}N−1

i=0 be
the model configurations ordered from largest capacity (i = 0) to smallest ca-
pacity (i = N − 1). We define the local variation between consecutive model
configurations as dj = |S̃j+1 − S̃j |, where j ∈ {0, ..., N − 2}. For a candidate
split index k ∈ {2, . . . , N − 2}, we define the total variation in the post-collapse
(small models) and pre-collapse (large models) regions as

TVpost(k) =
1

N − k

N−2∑
j=k−1

dj , TVpre(k) =
1

k

k−1∑
j=0

dj , (2)

respectively. We select the collapse boundary as

k⋆ = argmax
k

(
TVpost(k)− TVpre(k)

)
, (3)

and choose Mk⋆−1 as the final pre-collapse configuration of choice. We dub this
configuration XTinyU-Net. This way, we obtain a lightweight architecture that
is as close to the transition point from pre- to post-collapse as possible (corre-
sponding to red stars in Fig. 1).

3 Experiments

Datasets We evaluate our method on six public medical image segmenta-
tion datasets spanning diverse modalities. Specifically, we utilize BUS-BRA [7],
EchoNet Dynamic [16], and ISIC 2018 [6]. We resize the ISIC data to 256×256 to
reduce its resolution due to computational constraints. Furthermore, we include
FiVES [10] for retinal fundus vessels, ACDC [3] for cardiac cine MRI structures,
and BraTS [2] for brain MRI tumor sub-regions. We maintain the default splits
of the datasets to ensure fairness across evaluations.
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Table 1. Results on BUS-BRA, EchoNet Dynamic, and ISIC 2018. We report Params,
FLOPs, Dice, and HD95 (mean±std over three runs). Best is bold and second best is
underlined. nnU-Net is shown in gray as the upper bound.

BUS-BRA EchoNet Dynamic ISIC2018
Config.

Params
(k)↓

FLOPS
(G)↓ Dice↑ HD95↓ Dice↑ HD95↓ Dice↑ HD95↓

UNeXt [21] 1471.94 4.59 83.43±13.78 20.19±20.77 91.52±3.91 12.09±13.99 88.58±12.86 20.64±23.33
CMUNeXt-S [20] 417.50 2.18 89.22±10.32 12.47±15.89 90.81±5.54 11.65±12.08 88.67±13.53 21.02±26.20
TinyU-Net [4] 481.11 3.32 80.88±17.91 27.97±27.30 89.57±5.74 18.35±18.30 86.37±15.48 24.25±26.35

XTinyU-Net 20.39 0.92 90.64±7.57 14.74±20.43 92.31±3.94 3.78±2.52 89.39±12.38 18.19±23.56

nnU-Net [9] 33,472.40 62.40 89.90±10.25 15.25±21.05 92.45±4.16 3.75±3.90 87.84±12.19 19.63±23.32

Implementation details We instantiate our approach within the nnU-Net
training and evaluation protocol in order to keep preprocessing, augmentation,
patch size, and optimization fixed across all configurations. This ensures that
performance differences primarily reflect capacity changes rather than variations
in the training recipe. All models are trained using the default nnU-Net settings
for each dataset. We report Dice and the 95th percentile Hausdorff distance
(HD95), and present results as mean and standard deviation over three runs.
We compare against recent efficient segmentation architectures targeting low-
compute settings, including UNeXt, CMUNeXt-S, and TinyU-Net. We train the
architectures using their open source code and following their respective publica-
tions. When also include nnU-Net as an upper-bound reference under the same
protocol.

4 Results and Discussion

4.1 Quantitative Results

U-Net scaling. Across all six datasets, width scaling reveals a consistent two-
regime pattern. As model capacity decreases, Dice remains relatively stable over
a broad range of channel caps before degrading sharply at very small widths.
This data-dependent pattern is visible in Fig. 1.

XTinyU-Net. XTinyU-Net consistently selects a configuration near the em-
pirical collapse boundary while remaining on the stable side of the transition.
As shown in Tables 1 and 2, XTinyU-Net achieves performance comparable to
nnU-Net across datasets despite using over 400x–1600x fewer parameters. For
instance, on BUS-BRA, XTinyU-Net achieves 90.64% Dice compared to 89.90%
for nnU-Net while reducing parameters from 33,472k to 20.39k (over 1600×
fewer parameters) and FLOPs from 62.40G to 0.92G (∼ 68× reduction). Similar
trends are observed on EchoNet-Dynamic and ACDC, where Dice remains within
a narrow margin of the baseline despite substantial computational savings.
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Table 2. Results on FiVES, BraTS2020, and ACDC. We report Params, FLOPs, Dice,
and HD95 (mean±std). Best is bold and second best is underlined.

FIVES BraTS2021 ACDC
Config.

Params
(k)↓

FLOPS
(G)↓ Dice↑ HD95↓ Dice↑ HD95↓ Dice↑ HD95↓

UNeXt [21] 1471.67 4.59 68.98±7.14 13.25±10.71 71.08±17.81 26.71±16.26 72.00±14.28 8.38±6.52
CMUNeXt-S [20] 417.60 2.19 85.27±9.80 5.99±12.97 77.68±37.43 12.33±12.54 84.40±20.58 4.06±4.91
TinyU-Net [4] 481.31 3.34 84.72±8.07 6.99±12.63 75.43±17.75 17.48±20.02 71.28±22.29 14.35±17.19

XTinyU-Net 79.55 1.96 88.97±10.42 5.17±14.80 89.47 ± 11.30 4.15±5.27 91.86±6.06 2.53±8.98

nnU-Net [9] 33,472.40 33.36 88.57±10.03 5.08±13.13 91.19±11.17 2.89±3.33 91.37±6.01 2.27±6.65

Fig. 2. Qualitative results on BUS-BRA (top row), EchoNet-Dynamic (middle row),
and ISIC 2018 (bottom row). XTinyU-Net achieves high quality segmentation perfor-
mance.

Baseline comparison. Compared to recent efficient segmentation models (UN-
eXt, CMUNeXt-S, TinyU-Net), XTinyU-Net achieves competitive or superior
Dice while using over 5x-72x fewer parameters. These results suggest that dataset-
adaptive width selection can be as effective as architecture redesign for achieving
favorable performance-efficiency trade-offs.

4.2 Qualitative Results

Representative segmentation outputs are shown in Figs. 2 and 3. Despite having
significantly more parameters, baseline light-weight architectures exhibit frag-
mented masks, missing regions, and unstable boundaries. In contrast, XTinyU-
Net generates cleaner and more complete segmentations that closely resemble
ground-truth masks.

4.3 Ablation Study

As illustrated in Fig. 4, we evaluate the robustness of our Jacobian-based collapse
detection and compare it against existing zero-cost NAS metrics.
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Fig. 3. Qualitative results on FiVES (top row), BraTS2021 (middle row), and ACDC
(bottom row). XTinyU-Net achieves high quality segmentation performance.

Number of samples & Initialization: Our method exhibits robustness to
variations in the number of samples used (K), consistently identifying the same
model configuration even with a single sample image. The method also demon-
strates resilience to random initialization seeds, with the selected architectures
tightly clustered around two adjacent configurations. Crucially, these selected
models achieve competitive segmentation performance while requiring 5x to 72x
fewer parameters than existing lightweight networks.

NAS Metric Comparison: We observe that established NAS metrics (e.g.,
NASWOT, SWAP) scale monotonically with model capacity. This inherently
continuous increase renders existing metrics incapable of detecting the sharp
pre- to post-collapse transition boundary in U-Net architectures. Conversely,
our sensitivity measure exhibits a distinct peak that successfully isolates this
critical boundary.
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Fig. 4. Ablation study on EchoNet-Dynamic showing robustness of the proposed
Jacobian-based collapse detection method to number of samples used (K), random
initialization, and comparison with existing NAS metrics.



XTinyU-Net: Training-Free U-Net Scaling via Initialization-Time Sensitivity 9

5 Conclusion

We propose a training-free, Jacobian-based collapse detection method to identify
optimal, dataset-specific U-Net configurations directly at initialization. Evalu-
ated across six medical datasets, our resulting model, XTinyU-Net, matches
the segmentation performance of nnU-Net while requiring up to 1600x fewer
parameters. Furthermore, it outperforms specialized lightweight architectures
using 5x to 72x fewer parameters. Ultimately, we demonstrate that a properly
width-scaled standard U-Net provides a superior performance-efficiency trade-off
compared to custom lightweight designs.
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