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A B S T R A C T

Cross-dataset generalization and deployment cost are two largely independent obstacles to the
clinical translation of polyp segmentation. We present WaveLite-DG, a compact encoder–decoder
addressing both. It combines a MobileNetV3-Large encoder, Wavelet Frequency Modules that perturb
approximation-band feature statistics during training while enhancing detail-band structure, a gated
context scan at the bottleneck, and a boundary-supervised decoder. We derive in closed form the
energy this perturbation injects. Trained on Kvasir-SEG and CVC-ClinicDB, with CVC-ColonDB,
ETIS-LaribPolypDB and CVC-300 withheld from every fitting and selection decision, WaveLite-DG
reaches a three-seed mean macro unseen Dice of 0.8300 ± 0.0004, the highest of six architectures
retrained under one protocol without photometric augmentation and statistically equivalent to Polyp-
PVT and VM-UNet within a pre-set margin of 0.02. With colour jitter, or with the perturbation added
to those two baselines, they lead by under 0.008. In every regime tested WaveLite-DG stays within
0.008 of the best model with one third or less of the parameters (7.68 M) and one fifth or less of
the computation (1.93 giga multiply–accumulate operations), and it is 0.0427 more accurate than
the best of four lightweight networks. Approximation-band perturbation adds +0.0651 macro Dice
without photometric augmentation but only +0.0185 with colour jitter, which recovers most of the
gain, and perturbing the undecomposed feature at matched energy shows no detectable difference. The
contribution therefore lies in efficiency at parity rather than in a new mechanism.

1. Introduction

Colorectal cancer is among the most frequently diagnosed
malignancies worldwide [1], and colonoscopic removal
of precursor adenomas substantially reduces long-term
mortality [2]. Tandem-colonoscopy studies nevertheless
report clinically important adenoma miss rates, concentrated
among small, flat and low-contrast lesions [3]. Computer-
aided segmentation can assist endoscopists by delineating
lesion boundaries and directing visual attention.

Encoder–decoder networks have driven rapid progress on
this task, from U-Net [4] and PraNet [5] to the transformer-
based Polyp-PVT [6] and SSFormer [7] and the state-space
VM-UNet [8]. Their clinical value, however, depends on two
further properties: whether accuracy persists when hardware,
illumination, bowel preparation and annotation convention
differ from the training data, and whether the model fits on
endoscopy processors and shared workstations that operate
well below the resources of a research GPU.

The standard protocol introduced with PraNet [5] —
training on Kvasir-SEG and CVC-ClinicDB and testing on
CVC-ColonDB, ETIS-LaribPolypDB and CVC-300 — is
already cross-dataset, and we do not claim otherwise. Our
protocol refines it in two respects: checkpoints are selected

solely on a held-out split of the source pool, so no target-set
quantity enters any selection decision; and the headline score
is the unweighted macro-average over target datasets, so
that each acquisition domain counts once. We also measure
accuracy and cost for all six models under one protocol rather
than collating figures from heterogeneous sources.

We propose WaveLite-DG. Its Wavelet Frequency Module
(WFM) applies a one-level Haar decomposition to encoder
skip features; during training the approximation band receives
a stochastic affine perturbation of its statistics, while the detail
bands pass through a lightweight structural enhancement
path. A gated context scan supplies bottleneck context, and a
training-only boundary head adds contour supervision. Our
contributions are:

1. A lightweight architecture that reaches parity with
much larger models on unseen data: without photomet-
ric augmentation, the highest three-seed mean macro
unseen Dice (0.8300 ± 0.0004) among six models,
statistically equivalent to Polyp-PVT and VM-UNet,
and within 0.008 of the best model in every regime
tested, with the lowest parameter count, computation
and memory of the six (7.68 M, 1.93 GMACs, 79 MB)
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against 24.44–44.27 M and 10.00–20.90 GMACs.
2. A frequency-selective feature perturbation with zero

parameters and zero inference cost, whose expected
injected energy we derive in closed form (Section 3.3),
making exact how it differs from whole-feature
perturbation.

3. A parameter-matched, three-seed ablation isolating the
perturbation from capacity, with controls for colour
jitter, for the bottleneck module and for whole-feature
perturbation, and comparisons against MixStyle, DSU
and FDA in the same architecture and against four
lightweight segmentation networks.

The principal claim is efficiency at parity: the efficiency
advantage is structural, whereas the accuracy margins over
the strongest baselines are within run-to-run variance. We
do not claim that the wavelet decomposition is necessary.
The controls reported in Section 5.6 show that perturbing
the undecomposed feature at matched energy makes no
detectable difference, that ordinary colour jitter recovers most
of the perturbation’s benefit, and that established domain-
generalization mechanisms perform comparably in the same
architecture.

2. Related work
2.1. Polyp segmentation
U-Net [4] established the skip-connected encoder–decoder,
and UNet++ [9] narrowed its semantic gap with nested
pathways. PraNet [5] added reverse-attention refinement on
a Res2Net-50 backbone [10]. Polyp-PVT [6] and SSFormer
[7] build on PVTv2 [11], and selective state-space models
[12, 13] underlie VM-UNet [8]. Recent work continues to
refine attention and fusion design [14, 15, 16]. A parallel
line targets deployment cost: Mobile-PolypNet [17] and later
efficient designs [18, 19, 20, 21] show that compact models
can be accurate. Our contribution is not that claim itself,
but evidence that a compact model holds parity with three
families of much larger architectures when all are trained
under one protocol.

2.2. Feature-statistic domain generalization
Adaptive instance normalization showed that channel-wise
feature statistics encode visual style [22]. MixStyle [23]
mixes these statistics across samples, and DSU [24] samples
them from an estimated distribution. Our perturbation is
generative in the manner of DSU, needing no partner sample,
but is restricted to the wavelet approximation band. Reported
margins in domain generalization are often comparable to
seed variation [25], which shapes how we report ours.

2.3. Frequency and wavelet methods
FDA [26] swaps low-frequency Fourier amplitude between
images, an idea extended to domain generalization [27] and
federated medical segmentation [28]. The discrete wavelet
transform adds spatial localization [29]; MWCNN [30]
embedded it in CNNs, and Wave-SAN [31] swaps low-
frequency wavelet components for cross-domain few-shot

learning. WaveLite-DG differs in operating on learned multi-
scale features rather than images, in requiring no second
image, and in routing the detail bands around the perturbation
through a separate enhancement path — an option unavailable
to whole-feature methods such as MixStyle and DSU. These
are architectural distinctions with an analytical consequence
(Section 3.3.4), not an established empirical advantage.

3. Method
3.1. Architecture overview
For a 352×352 input, an ImageNet-pretrained MobileNetV3-
Large encoder [32], fully fine-tuned, yields features at strides
4, 8, 16 and 32 with 24, 40, 112 and 960 channels. The three
higher-resolution features each pass through a WFM before
entering the decoder; the stride-32 feature is refined by the
gated context scan (Fig. 1).

3.2. Wavelet Frequency Module
Let 𝑥 ∈ ℝ𝐵×𝐶×𝐻×𝑊 be a skip feature. A one-level two-
dimensional Haar transform gives

DWT(𝑥) = {LL, LH, HL, HH}, (1)

with each band of size (𝐻∕2) × (𝑊 ∕2). The filters are fixed
and differentiable, and the inverse transform is exact.

3.2.1. High-frequency path
The three detail bands are concatenated (3𝐶 channels) and
processed by a grouped convolution with one group per
directional band:

{LH′,HL′,HH′}
= split

(

ReLU(BN(Conv𝑔=3([LH;HL;HH])))
)

. (2)

3.2.2. Approximation-band perturbation
Let 𝜇, 𝜎 ∈ ℝ𝐵×𝐶 be the per-sample, per-channel spatial mean
and population standard deviation (divisor 𝑁) of LL. During
training,

LL′ = 𝛾 (LL − 𝜇) + 𝜇 + 𝛽 𝜎, (3)
𝛾 = 1 + 𝜆𝜀𝛾 , 𝛽 = 𝜆𝜀𝛽 , (4)

with 𝜀𝛾 , 𝜀𝛽 ∼  (0, 1) drawn once per sample, shared across
channels and independent across scales. We use 𝜆 = 0.3
and application probability 𝑝 = 0.5; 𝛾 is not clamped
(𝑃 (𝛾 < 0) ≈ 4 × 10−4). Eq. (3) is the reduced form of
the AdaIN-style normalize-then-rescale operation [22], in
which 𝜎 cancels. It alters statistics associated predominantly
with illumination, contrast and colour, and is disabled at
inference, adding no parameters or cost.

3.2.3. Reconstruction
The sub-bands are recombined and fused residually (Fig. 2):

WFM(𝑥) = 𝑥

+ Conv1×1
(

IDWT(LL′,LH′,HL′,HH′)
)

. (5)

2
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Fig. 1. Overall architecture of WaveLite-DG. Wavelet Frequency Modules process the stride-4, 8 and 16 skip connections; the gated context
scan refines the stride-32 bottleneck. Four decoder stages (256, 128, 64 and 32 channels) fuse the skip pathways. The boundary head (dashed)
is used during training only.

Fig. 2. Wavelet Frequency Module. (a) Haar decomposition into LL, LH, HL and HH. (b) Training-only perturbation of LL (Eq. (3)) and
grouped-convolutional enhancement of the detail bands (Eq. (2)). (c) Inverse transform, 1 × 1 fusion and residual addition (Eq. (5)).

Fig. 3 shows the module on a real feature map: the change
in the approximation band is modest relative to that in the
learned detail path, as the analysis of Section 3.3 predicts.

3.3. Signal-processing analysis
3.3.1. Exact control of the injected energy

The Haar analysis operator 𝑊 , built from ℎ = [1, 1]∕
√

2
and 𝑔 = [1,−1]∕

√

2, is orthonormal, so Parseval’s relation
holds:

‖𝑥‖2𝐹 = ‖LL‖2𝐹 + ‖LH‖2𝐹 + ‖HL‖2𝐹 + ‖HH‖2𝐹 . (6)

Because only LL is modified, ‖Δ𝑥‖𝐹 = ‖

‖

LL′ − LL‖
‖𝐹

exactly; in a redundant decomposition the delivered per-
turbation would instead depend on the frame bounds. From
Eq. (3) and (4), ΔLL𝑏 = 𝜆𝜀(𝑏)𝛾 (LL𝑏−𝜇𝑏)+𝜆𝜀(𝑏)𝛽 𝜎𝑏. The cross
term vanishes identically, since

∑

𝑛(LL𝑏,𝑐,𝑛 − 𝜇𝑏,𝑐) = 0, and
∑

𝑛(LL𝑏,𝑐,𝑛 − 𝜇𝑏,𝑐)2 = 𝑁𝜎2𝑏,𝑐 , so

𝔼
[

‖

‖

Δ𝑥𝑏‖‖
2
𝐹
]

= 2𝜆2 ‖
‖

LL𝑏 − 𝜇𝑏‖‖
2
𝐹 , (7)

as 𝜀2𝛾 + 𝜀2𝛽 ∼ 𝜒2
2 has mean 2. Thus 𝜆 = 0.3 injects, in

expectation, 0.18 times the centred approximation-band

3
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Fig. 3. WFM internals for a trained model (stride-8 skip, channel 0,
a CVC-ColonDB image). Rows: Haar sub-bands; the same bands
after processing (𝜆 = 0.3, perturbation forced on); their differences;
input, reconstruction, fusion output and residual sum.

energy (0.09 marginally, with 𝑝 = 0.5). The injected
energy scales with each feature’s own variance, so it is
calibrated across scales without per-scale tuning, and it is
right-skewed: about 14% of applied perturbations exceed
twice the expectation and 5% exceed three times it, exposing
the network to occasional large appearance excursions.

3.3.2. A graded frequency split

The analysis filters have magnitude responses

|𝐻(𝜔)| =
√

2||
|

cos(𝜔∕2)||
|

, |𝐺(𝜔)| =
√

2||
|

sin(𝜔∕2)||
|

, (8)

crossing at 𝜔 = 𝜋∕2 with the widest transition band of any
orthonormal wavelet. The approximation band attenuates
rather than removes mid-frequency content, so the split
isolates a smooth, locally averaged component, not an
“appearance” component; anatomy and appearance are present
in all four bands.

3.3.3. Why Haar, and one level

The skip features are 88 × 88, 44 × 44 and 22 × 22. Haar
(𝐿 = 2) tiles these exactly without boundary extension,
whereas an 8-tap Daubechies or Symlet filter would perturb
about seven samples at each edge — most of a 22 × 22 map
— and it is a fixed stride-2 depthwise convolution with ±1∕2
kernels, carrying no learned parameters. A second level is
not uniformly available: the stride-16 approximation band
is 11 × 11, which a critically sampled Haar step cannot tile
without explicit padding.

3.3.4. Relation to whole-feature perturbation
Applied to the undecomposed feature, the same derivation
gives 2𝜆2 ‖

‖

𝑥 − 𝜇𝑥‖‖
2
𝐹 . Since the Haar highpass annihi-

lates constants, 𝑊 maps the centred tensor to {LL −
𝜇LL,LH,HL,HH}, and Eq. (6) yields

𝔼
[

‖

‖

Δ𝑥full‖‖
2
𝐹
]

− 𝔼
[

‖

‖

Δ𝑥LL‖‖
2
𝐹
]

= 2𝜆2
(

‖LH‖2𝐹 + ‖HL‖2𝐹 + ‖HH‖2𝐹
)

, (9)

with equality of the two only when the detail bands vanish,
that is, for a feature that is constant within every 2 × 2
Haar block. Whole-feature perturbation rescales edge and
texture coefficients in the same proportion as the smooth
component; ours leaves them untouched and routes them
through Eq. (2). This establishes non-equivalence at matched
𝜆, and by a computable amount. It does not establish that the
restriction is beneficial; that requires the matched-strength
control reported in Section 5.6.

3.4. Gated context scan
The bottleneck 𝑧 ∈ ℝ𝐵×960×11×11 is projected to 448 channels
and split into branches 𝑈,𝐺 ∈ ℝ224; 𝑈 passes through a
3 × 3 depthwise convolution. The sequence, in row-major
raster order, is processed by

ℎ𝑡 = 𝑎 ℎ𝑡−1 + (1 − 𝑎) 𝑢𝑡, (10)
𝑦𝑡 = 𝜎(𝑔𝑡)⊙ ℎ𝑡, 𝑎 = 𝜎(𝑎̄), (11)

where 𝑎̄ is a learned per-channel vector, followed by a
224 → 960 residual projection. Because the decay 𝑎 is
input-independent, we call this a gated scan rather than a
selective state-space operator [12, 13]. At sequence length 121
its linear cost confers no practical advantage over attention; it
is used because it supplies whole-map context for only 0.66 M
parameters. The unidirectional scan imposes a directional
asymmetry that multi-directional scanning would remove at
higher cost.

3.5. Decoder, objective and complexity
A 1 × 1 projection reduces the bottleneck to 256 channels;
four stages of bilinear upsampling, skip concatenation and
convolutional refinement follow, with widths 256, 128, 64
and 32. A segmentation head and a training-only boundary
head map the final representation to one channel each. The
loss is

 = BCE(𝑦̂, 𝑦) + Dice(𝑦̂, 𝑦)

+ 𝜆𝑏 BCE(𝑏̂, 𝑏), (12)

with 𝜆𝑏 = 0.5 and boundary targets from a morphological
gradient,

𝑏 = dilate3×3(𝑦) − erode3×3(𝑦). (13)

The model has 7.68 M training-time parameters (encoder,
decoder and mask head 6.45 M; detail path 0.44 M; gated
scan 0.66 M; boundary head 0.13 M) and 7.55 M when
deployed. It requires 1.93 GMACs at 352× 352. Comparison
tables use the conservative training-time total.

4
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Table 1
Datasets and partitions. Kvasir-SEG and CVC-ClinicDB are seen
(source) domains, split 80/20 into training and validation; the
validation split is used only for checkpoint selection. The other three
are unseen and used only for testing.

Dataset Images Resolution Train Val. Test

Kvasir-SEG [33] 1000 Variable 791 209 –
CVC-ClinicDB [34] 612 384 × 288 498 114 –
CVC-ColonDB [35] 379 574 × 500 – – 379
ETIS-LaribPolypDB [36] 196 1225 × 966 – – 196
CVC-300 [37] 60 574 × 500 – – 60

Total 2247 1289 323 635

4. Experimental setup

4.1. Datasets and protocol

Kvasir-SEG [33] and CVC-ClinicDB [34] form the source
domain; CVC-ColonDB [35], ETIS-LaribPolypDB [36] and
CVC-300 [37] are used only for final testing (Table 1). The
1612 source images are split 80/20 at image level with a
fixed seed (1289 training: 791 Kvasir, 498 ClinicDB; 323
validation), and the checkpoint with the highest validation
Dice is retained. Seen-domain scores (†) are therefore selec-
tion results, not independent test estimates; all comparative
conclusions rest on the 635 unseen images. Because ClinicDB
frames come from a limited number of videos, correlated
frames may straddle the split and inflate validation Dice. The
CVC-ColonDB copy used (Kaggle distribution) contains 379
of the 380 standard test frames, and all ColonDB results are
computed on these 379. Exact- and near-duplicate checks
found no shared frames between the source pool and the
target sets, nor between any two target sets (Supplementary
Table S1). CVC-300 and CVC-ColonDB share resolution and
acquisition source, so the macro average may weight that
acquisition setting twice. Split manifests, SHA-256 hashes
and the duplicate audit are available from the corresponding
author on request.

4.2. Implementation and baselines

Table 2 lists the configuration, applied to all six models.
Augmentation is limited to flips: no photometric augmentation
is used, so that the approximation-band perturbation is the
only appearance-space regularizer and its ablated contribution
is not confounded. This will have depressed every model’s
unseen scores, so the comparison is one under a common
regime, not of each model’s best achievable accuracy. To
measure that effect, the six models and A4 were also retrained
with colour jitter, and the perturbation was added, without
jitter, to the skip features of Polyp-PVT and VM-UNet
(Section 5.6).

The baselines span three families (Table 3). U-Net is
the segmentation_models_pytorch ResNet-34 variant [41],
denoted U-Net (R34); the others use official implementations.
All are retrained through our pipeline rather than transcribed.
Each retains its published loss, so the comparison controls
data, augmentation, optimizer, schedule, duration, checkpoint
rule, resolution, test-time augmentation and threshold, but

Table 2
Training configuration, shared by all six architectures.

Setting Value

Input / interpolation 352 × 352; bilinear image, nearest mask
Augmentation H/V flips (𝑝 = 0.5); no photometric
Optimizer AdamW [38], lr 10−4, wd 10−4
Scheduler Cosine [39], 𝑇max = 100, 𝜂min = 10−6
Epochs / batch / precision 100 / 8 / mixed [40]
Checkpoint criterion Highest validation Dice
Test-time augmentation Three views, probability averaging
Threshold / seed 0.5 / 42 (repeats: 43, 44)

Table 3
Baselines. All use ImageNet initialization and the configuration of Ta-
ble 2. Code: smp.Unet; DengPingFan/PraNet; DengPingFan/Polyp-
PVT; Qiming-Huang/ssformer; JCruan519/VM-UNet. Bnd = bound-
ary loss.

Model Backbone Loss

U-Net (R34) [41] ResNet-34 BCE + Dice
PraNet Res2Net-50 [10] Structure loss
Polyp-PVT PVTv2-B2 [11] Structure loss
SSFormer-S PVTv2-B2 [11] BCE + Dice
VM-UNet VSSM [13] BCE + Dice
WaveLite-DG MobileNetV3-L [32] BCE + Dice + 0.5 Bnd

not the objective. As lightweight competitors we also trained,
over three seeds and with the same configuration, U-Net with
a MobileNetV3-Large encoder [4, 32], DeepLabV3+ with
MobileNetV2 [42, 43], FPN with EfficientNet-B0 [44, 45]
and UNeXt [46].

4.3. Profiling, metrics and statistics
Profiling uses batch size 1, 352 × 352 and FP32 on an
NVIDIA RTX 3050 Laptop GPU (4 GB; CUDA 12.1,
PyTorch 2.5.1), with 10 warm-up and 40 synchronized
timed iterations. Throughput is a single forward pass. Peak
memory is torch.cuda.max_memory_allocated() after warm-
up (weights and activations). Parameters and MACs are
measured with thop for all six models; we report GMACs,
since many papers label MACs as “FLOPs”.

Dice and IoU are primary; sensitivity, specificity and
precision are complementary. The headline score is the
unweighted mean of the three unseen dataset means; the
pooled per-image view is also reported. For each baseline,
per-image Dice differences on the pooled unseen set (𝑛 = 635)
are summarized by a 95% percentile bootstrap (10 000
resamples) [47], a two-sided Wilcoxon signed-rank test [48]
with Holm correction [49], and the standardized effect size
𝑑𝑧 (mean/SD), since at 𝑛 = 635 significance is reachable at
negligible magnitudes. These quantities are conditional on
the seed-42 checkpoint of each model and assume image-level
independence.

Retraining variation is assessed at the seed level, on the
macro unseen Dice of three runs per model (seeds 42, 43 and
44; sample SD, divisor 𝑛 − 1). Equivalence with Polyp-PVT
and VM-UNet, on the benchmark targets and on PolypGen,
is tested by two one-sided Welch 𝑡-tests (TOST) [50, 51]
at 𝛼 = 0.05 with margin 𝛿 = 0.02 Dice. The margin was

5
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Table 4
Dice (seed-42 checkpoints) and computational cost (352 × 352, batch 1, FP32). Seen-domain values (†) are validation results used for
checkpoint selection. Accuracy uses three-view test-time augmentation; FPS is single-view. Best value per column in bold.

Method Params (M) GMACs FPS Mem. (MB) Kvasir† ClinicDB† ColonDB ETIS CVC-300 Macro unseen

U-Net (R34) [4, 41] 24.44 14.80 94.4 239 0.9315 0.9347 0.6902 0.6471 0.8803 0.7392
PraNet [5] 32.55 13.20 29.3 284 0.9295 0.9403 0.7206 0.5989 0.8992 0.7396
Polyp-PVT [6] 25.11 10.00 23.6 386 0.9419 0.9470 0.7783 0.8030 0.8822 0.8212
SSFormer-S [7] 29.96 20.90 12.5 324 0.9351 0.9408 0.7417 0.6998 0.8868 0.7761
VM-UNet [8] 44.27 18.20 22.4 378 0.9408 0.9463 0.7872 0.8137 0.8566 0.8192
WaveLite-DG (ours) 7.68 1.93 31.9 79 0.9385 0.9453 0.8093 0.7965 0.8854 0.8304

Table 5
Macro unseen Dice per training seed. SD is the sample standard
deviation over three seeds. Best mean in bold.

Model Seed 42 Seed 43 Seed 44 Mean ± SD

U-Net (R34) 0.7392 0.7287 0.7524 0.7401 ± 0.0119
PraNet 0.7396 0.7513 0.7268 0.7392 ± 0.0123
SSFormer-S 0.7761 0.7924 0.7657 0.7781 ± 0.0135
Polyp-PVT 0.8212 0.8316 0.8279 0.8269 ± 0.0053
VM-UNet 0.8192 0.8269 0.8246 0.8236 ± 0.0040
WaveLite-DG 0.8304 0.8296 0.8300 𝟎.𝟖𝟑𝟎𝟎 ± 𝟎.𝟎𝟎𝟎𝟒

fixed before the additional baseline seeds were run, as roughly
twice the seed-to-seed range then observed for these baselines
(0.0077–0.0104). Differences from U-Net (R34), PraNet and
SSFormer-S are tested by two-sided Welch 𝑡-tests with Holm
correction over the three comparisons [49].

5. Results

5.1. Training behaviour

Validation Dice is essentially flat from about epoch 40, with
the retained checkpoint at epoch 78 (0.9411), so selection is
insensitive to the stopping epoch; the stochastic perturbation
causes no visible instability (Fig. 4).

Fig. 4. Training behaviour of WaveLite-DG. (a) Training and
validation loss. (b) Validation Dice and IoU, with the retained
checkpoint marked (epoch 78, Dice 0.9411).

5.2. Cross-dataset accuracy

All six models perform similarly on seen data (0.9295–
0.9470); separation emerges only on unseen data, where
macro Dice spans 0.7392–0.8304 (Table 4, Fig. 5). On seed
42, WaveLite-DG ranks first, ahead of Polyp-PVT (+0.0092)
and VM-UNet (+0.0112), with larger margins over SSFormer-
S (+0.0543), PraNet (+0.0908) and U-Net (R34) (+0.0912).
No model dominates every domain: WaveLite-DG leads on
CVC-ColonDB, VM-UNet on ETIS and PraNet on CVC-300.

Table 6
Seed-level comparison, WaveLite-DG minus baseline (three seeds
each, Welch). Equivalence: two one-sided tests, margin ±0.02,
𝛼 = 0.05. Superiority: two-sided 𝑝, Holm-adjusted over the three
weaker baselines.

Baseline Δ 90% CI TOST 𝑝 𝑝 Holm 𝑝

Polyp-PVT +0.0031 [−0.0058,+0.0120] 0.016 0.42 –
VM-UNet +0.0064 [−0.0003,+0.0131] 0.014 0.11 –
SSFormer-S +0.0519 [+0.0293,+0.0746] – 0.022 0.022
PraNet +0.0908 [+0.0701,+0.1114] – 0.006 0.017
U-Net (R34) +0.0899 [+0.0699,+0.1099] – 0.006 0.017

WaveLite-DG’s aggregate advantage comes chiefly from
avoiding the severe ETIS degradation of U-Net, PraNet
and SSFormer-S. Its seed-42 margins over Polyp-PVT and
VM-UNet are not by themselves evidence of an advantage:
with seed 43, Polyp-PVT reaches 0.8316 (ColonDB 0.8126,
ETIS 0.7814, CVC-300 0.9007), above every WaveLite-
DG run, and VM-UNet 0.8269 (0.7589, 0.8425, 0.8794).
Over three seeds per model (Table 5), WaveLite-DG has the
highest mean macro unseen Dice, 0.8300 ± 0.0004, against
0.8269±0.0053 for Polyp-PVT and 0.8236±0.0040 for VM-
UNet. Neither lead is significant (two-sided Welch 𝑝 = 0.42
and 0.11), whereas both 90% confidence intervals lie inside
the ±0.02 margin (TOST 𝑝 = 0.016 and 0.014; Table 6),
so WaveLite-DG is statistically equivalent to both; neither
interval lies inside ±0.01. Against SSFormer-S, PraNet and
U-Net (R34) the three-seed differences, +0.0519 to +0.0908,
remain significant after Holm correction (𝑝 ≤ 0.022). We
therefore describe the comparison with the two strongest
baselines as parity, consistent with seed variation reported
elsewhere [25].

Table 7 shows that the result is not an artefact of one
metric: on seed 42, WaveLite-DG has the highest macro
unseen IoU (0.7517) and precision (0.8225), sensitivity
marginally below Polyp-PVT, and specificity above 0.99,
so accuracy is not bought by over-segmentation.

5.3. Computational efficiency

WaveLite-DG has 68.6–82.7% fewer parameters than every
full-size baseline, needs 5.2–10.8× fewer MACs, and uses
79 MB of peak memory, about one third of the next-lowest
model (Table 4). Throughput does not follow MACs: U-Net
(R34) is fastest (94.4 FPS) despite 7.7× more computation,
while WaveLite-DG is second (31.9 FPS). Depthwise
separable convolutions have low arithmetic intensity and
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Table 7
Macro unseen complementary metrics, and pooled unseen Dice
(𝑛 = 635; ColonDB 379, ETIS 196, CVC-300 60), seed-42
checkpoints. Best in bold.

Model IoU Sens. Spec. Prec. Pooled Dice

U-Net (R34) 0.6757 0.7656 0.9900 0.7658 0.6949
PraNet 0.6793 0.7556 0.9960 0.7547 0.6999
Polyp-PVT 0.7441 0.8822 0.9896 0.8126 0.7957
SSFormer-S 0.6997 0.8368 0.9884 0.7639 0.7425
VM-UNet 0.7457 0.8726 0.9911 0.8151 0.8019
WaveLite-DG 0.7517 0.8780 0.9914 0.8225 0.8125

Fig. 5. Per-dataset Dice for all six methods, seed-42 checkpoints;
seen domains marked †, macro unseen average at right. The 𝑦-axis
is truncated at 0.55, which exaggerates visual separation.

Table 8
Lightweight networks under the same protocol: macro unseen Dice,
mean±SD over three seeds; parameters in millions, cost at 352×352,
batch 1, single-view GPU throughput. Best in bold.

Model Params GMACs FPS Macro unseen

U-Net/MobileNetV3-L 5.41 2.36 27.4 0.7642 ± 0.0068
DeepLabV3+/MobileNetV2 4.87 2.78 24.9 0.7516 ± 0.0094
FPN/EfficientNet-B0 6.12 2.21 26.8 0.7873 ± 0.0071
UNeXt 1.47 0.59 48.6 0.7185 ± 0.0127
WaveLite-DG 7.68 1.93 31.9 𝟎.𝟖𝟑𝟎𝟎 ± 𝟎.𝟎𝟎𝟎𝟒

are bandwidth-bound [52]; effective utilization is about
0.12 TFLOP/s for WaveLite-DG against 2.8 TFLOP/s for
U-Net (R34). Because accuracy uses three-view test-time
augmentation while FPS is single-view, Fig. 6 pairs different
operating points; the between-model comparison is valid
because both conventions apply to all six models, but the
absolute frontier is optimistic. Measured end to end, the
three-view rate is 10.6 FPS for WaveLite-DG; the 11.0 FPS
measured for the same architecture without the perturbation
is measurement noise, since the perturbation is disabled at
inference and the two deployed networks are identical.

These advantages hold within the six-model comparison
only. Among lightweight networks (Table 8), UNeXt is
smaller, cheaper and faster than WaveLite-DG (1.47 M,
0.59 GMACs, 48.6 FPS), but WaveLite-DG is the most accu-
rate, 0.0427 above the best of them, FPN with EfficientNet-B0
(0.7873 ± 0.0071).

5.4. Paired per-image analysis
Every mean difference is positive and every Holm-adjusted 𝑝
is below 0.05 (Table 9, Fig. 7), but significance and magnitude
diverge. Against U-Net (R34), PraNet and SSFormer-S effects
are large (𝑑𝑧 = 0.90–1.20). Against Polyp-PVT and VM-
UNet they are small (𝑑𝑧 = 0.25, 0.16; medians 0.0069,
0.0058), so on a typical image the three models are nearly
interchangeable, and the small 𝑝-values reflect sample size.
The effect sizes are stable across retraining: on seeds 43 and 44
they stay small against Polyp-PVT (0.21, 0.27) and VM-UNet
(0.19, 0.23) and large against the three weaker baselines (0.84–
1.27). This is consistent with parity. The intervals and 𝑝-values
are conditional on the seed-42 checkpoints; equivalence
across retraining is tested at the seed level (Section 5.2,
Table 6).

Pooled Dice falls below macro Dice for every model
(Table 7), because the easiest dataset, CVC-300, carries one
third of the macro weight but under one tenth of the pooled
weight. CVC-ColonDB supplies 59.7% of pooled images,
and WaveLite-DG’s largest margin is there; hence pooled
differences exceed macro differences for four baselines. VM-
UNet is the exception, as its strength on ETIS gains weight
in the pooled view.

5.5. Ablation and interaction
The boundary head adds +0.0107 macro Dice, the detail path
+0.0105, the perturbation without the gated scan +0.0109
at zero parameters, and the gated scan without perturbation
+0.0068 (Table 10). The decisive comparison is A4 versus
A5: identical architecture and 7.68 M parameters, differing
only in whether the perturbation is active. Enabling it raises
macro Dice by 0.0646 (+0.0774 ColonDB, +0.1067 ETIS,
+0.0098 CVC-300), a gain that cannot come from capacity.
Repeating both configurations over three seeds reproduces
it: 0.8300 ± 0.0004 against 0.7649 ± 0.0020, a difference
of +0.0651 that is more than thirty times the seed spread.
This gain is measured without photometric augmentation;
with colour jitter it falls to +0.0185 (0.8369 against 0.8184;
Section 5.6), so ordinary colour jitter recovers most of it.
Overall, A5 improves on A0 by 0.0926 at a cost of 7.8 FPS.
The base model A0 (0.7358±0.0040) is itself weaker than an
off-the-shelf U-Net on the same MobileNetV3-Large encoder
(0.7642 ± 0.0068, Table 8), so the components added in
A1–A5 build on a weaker starting point than an off-the-shelf
design.

A2–A5 form a complete 2 × 2 factorial in perturbation
and gated scan, with the detail path and boundary head active.
Over three seeds the additive prediction 𝐷A3 +𝐷A4 −𝐷A2 =
0.7738 falls 0.0562 short of the observed 0.8300, a residual
an order of magnitude larger than either main effect and
more than ten times the largest seed spread in the factorial.
In three-seed means it is large on the most shifted datasets
(ColonDB +0.0742, ETIS +0.1003) and slightly negative
on CVC-300 (−0.0058). One consistent hypothesis is that
diversified approximation-band statistics force the scan to
encode appearance-invariant spatial relationships. Two limits
remain: the factorial is conditional on the detail path and
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Fig. 6. Accuracy–efficiency frontier: macro unseen Dice (seed-42 checkpoints) against parameters, GMACs and peak memory. Marker area
encodes single-view throughput; the proposed model is drawn as a ringed circle. Upper-left is preferable.

Table 9
Paired comparison on pooled unseen per-image Dice (𝑛 = 635), WaveLite-DG minus baseline, seed-42 checkpoints except the last two
columns. 95% CI is a percentile bootstrap; Holm 𝑝 is Holm-adjusted. 𝑑𝑧 is the standardized paired effect size, given for each seed.

vs. baseline Mean Δ 95% CI Median Δ SD 𝑑𝑧 Wilcoxon 𝑝 Holm 𝑝 𝑑𝑧, s43 𝑑𝑧, s44

U-Net (R34) 0.1177 [0.1103, 0.1256] 0.1071 0.098 1.20 2.11 × 10−95 1.06 × 10−94 1.14 1.27
PraNet 0.1126 [0.1041, 0.1209] 0.0933 0.108 1.04 2.49 × 10−86 9.95 × 10−86 1.11 0.98
SSFormer-S 0.0701 [0.0640, 0.0762] 0.0522 0.078 0.90 4.78 × 10−75 1.43 × 10−74 0.84 0.96
Polyp-PVT 0.0168 [0.0116, 0.0221] 0.0069 0.068 0.25 1.57 × 10−7 3.13 × 10−7 0.21 0.27
VM-UNet 0.0106 [0.0054, 0.0160] 0.0058 0.068 0.16 2.78 × 10−5 2.78 × 10−5 0.19 0.23

boundary head being active, and no direct evidence supports
the mechanism — the MMD analysis below and the attribution
maps in Section 5.8 both complicate it.

The size of the interaction is specific to the gated scan.
Replacing it with other bottleneck modules of about 0.66 M
parameters (Supplementary Table S2), the perturbation adds
+0.0088 with no bottleneck module, +0.0166 with a plain
convolution block, +0.0213 with self-attention and +0.0651
with the gated scan. Like the factorial, this is shown only
without photometric augmentation; under colour jitter the

perturbation gain with the gated scan is +0.0185.

Varying the perturbation on seed 42 (Supplementary
Table S3), 𝜆 = 0.3 and 𝑝 = 0.5 give both the highest source
validation Dice (0.9411) and the highest unseen Dice (0.8304),
although validation differences between settings are only
about 0.001. Unseen Dice stays within 0.007 for 𝜆 from 0.2
to 0.4 (0.8239–0.8304).

Table 10
Component ablation on unseen data. HF = high-frequency path; LL = approximation-band perturbation; Bnd = boundary head; Gate = gated
context scan. Per-dataset values are seed 42; the last column is the mean ± SD of the macro score over seeds 42, 43 and 44 where three runs
were made. A4–A7 have identical parameter counts. A6 and A7 replace the approximation-band perturbation with the same operation
applied to the undecomposed feature, at matched 𝜆 and at matched injected energy respectively.

ID Configuration HF LL Bnd Gate Params (M) ColonDB ETIS CVC-300 Macro Macro, 3 seeds

A0 Base model – – – – 6.45 0.7012 0.6598 0.8524 0.7378 0.7358 ± 0.0040
A1 + boundary head – – ✓ – 6.58 0.7146 0.6721 0.8587 0.7485 0.7469 ± 0.0030
A2 + HF path ✓ – ✓ – 7.02 0.7258 0.6849 0.8662 0.7590 0.7605 ± 0.0015
A3 + LL perturbation ✓ ✓ ✓ – 7.02 0.7364 0.6937 0.8796 0.7699 0.7693 ± 0.0011
A4 Full arch., no LL pert. ✓ – ✓ ✓ 7.68 0.7319 0.6898 0.8756 0.7658 0.7649 ± 0.0020
A6 Whole-feature pert., matched 𝜆 ✓ – ✓ ✓ 7.68 0.7917 0.7469 0.8890 0.8092 0.8195 ± 0.0093
A7 Whole-feature pert., matched energy ✓ – ✓ ✓ 7.68 0.8008 0.7731 0.9019 0.8253 0.8286 ± 0.0029
A5 Full WaveLite-DG ✓ ✓ ✓ ✓ 7.68 0.8093 0.7965 0.8854 0.8304 𝟎.𝟖𝟑𝟎𝟎 ± 𝟎.𝟎𝟎𝟎𝟒
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Fig. 7. Paired per-image Dice differences on the pooled unseen set:
mean (circle), median (diamond) and 95% bootstrap interval, with
𝑑𝑧 at right.

5.6. Is the wavelet restriction necessary?

Section 3.3.4 showed that restricting the perturbation to
the approximation band is not equivalent to perturbing
the undecomposed feature, but not that it is preferable.
Table 10 now reports that control. Perturbing the whole
feature at matched 𝜆 (A6) reaches 0.8195 ± 0.0093 and
at matched injected energy (A7) 0.8286 ± 0.0029, against
0.8300 ± 0.0004 for the wavelet-restricted operation. The
difference at matched energy, +0.0014, is smaller than the
SD of A7 (0.0029): there is no detectable difference between
the wavelet-restricted and the whole-feature perturbation.
The benefit comes from perturbing feature statistics, not from
confining that perturbation to the approximation band.

Established feature-statistic methods inserted at the same
three positions support this reading (Table 11): DSU, FDA and
MixStyle land within 0.010 of WaveLite-DG, all differences
being small relative to the 0.0093–0.0123 seed spread of the
weaker entries.

Colour jitter changes the picture (Table 12). It raises every
model: the three weaker baselines by +0.0345 to +0.0436,
Polyp-PVT and VM-UNet by +0.0169 and +0.0175, A4
by +0.0535, but WaveLite-DG by only +0.0069. The
perturbation gain therefore falls from +0.0651 to +0.0185:
most of what the perturbation contributes without photometric
augmentation is recovered by ordinary colour jitter. With
jitter, Polyp-PVT and VM-UNet lead WaveLite-DG by 0.0069
and 0.0042. Adding the perturbation to the skip features of
Polyp-PVT and VM-UNet, without jitter, raises them to
0.8378 and 0.8346, 0.0078 and 0.0046 above WaveLite-DG,
so the perturbation transfers to other architectures and is not
what sets WaveLite-DG apart. Equivalence under jitter is
not tested. In every regime tested, WaveLite-DG remains
within 0.008 of the best model with one third or less of the
parameters and one fifth or less of the computation.

Two further results bear on the mechanism. A maximum-
mean-discrepancy analysis of bottleneck features does not
support the account offered in Section 5.5: the mean pairwise
MMD between the three unseen domains is larger with the
perturbation (0.1478) than without it (0.1273). On contour-
sensitive measures WaveLite-DG records the lowest HD95

Table 11
Domain-generalization mechanisms in the same architecture and
protocol, macro unseen Dice, mean ± SD over three seeds. Polyp-
PVT and VM-UNet, separate architectures, are shown for reference.

Mechanism Where applied Macro unseen Dice

WaveLite-DG (A5) LL band, 3 scales 𝟎.𝟖𝟑𝟎𝟎 ± 𝟎.𝟎𝟎𝟎𝟒
A7 whole feature, matched energy 0.8286 ± 0.0029
DSU [24] same 3 skip features 0.8275 ± 0.0016
Polyp-PVT [6] separate architecture 0.8269 ± 0.0053
FDA [26] input amplitude 0.8254 ± 0.0048
VM-UNet [8] separate architecture 0.8236 ± 0.0040
MixStyle [23] same 3 skip features 0.8202 ± 0.0123
A6 whole feature, matched 𝜆 0.8195 ± 0.0093

Table 12
Augmentation and transfer controls: macro unseen Dice, three-
seed mean. + jitter: retrained with colour jitter. + perturbation:
approximation-band perturbation added to the baseline’s skip
features, without jitter. Best per column in bold.

Model No jitter + jitter + perturbation

U-Net (R34) 0.7401 0.7837 –
PraNet 0.7392 0.7764 –
SSFormer-S 0.7781 0.8126 –
Polyp-PVT 0.8269 0.8438 0.8378
VM-UNet 0.8236 0.8411 0.8346
A4 (no perturbation) 0.7649 0.8184 –
WaveLite-DG (A5) 0.8300 0.8369 –

(26.3 px against 32.6–88.5) and a Boundary IoU of 0.612,
inside the baselines’ 0.554–0.623 range.

5.7. Multi-centre evaluation
As a check beyond the three standard target sets, the
checkpoints of all three seeds were evaluated without any
retraining on PolypGen [53] (1537 single frames from
six clinical centres; Supplementary Table S4). WaveLite-
DG reaches 0.7844 ± 0.0054 macro Dice, Polyp-PVT
0.7833 ± 0.0078 and VM-UNet 0.8010 ± 0.0069. WaveLite-
DG is comparable to Polyp-PVT (difference +0.0011, 90%
CI [−0.0110,+0.0131], two-sided Welch 𝑝 = 0.856; TOST
𝑝 = 0.015, equivalent within ±0.02), whereas VM-UNet
is ahead (difference −0.0166, 90% CI [−0.0276,−0.0056],
𝑝 = 0.034; TOST 𝑝 = 0.271, not equivalent). On multi-
centre data the parity therefore holds against Polyp-PVT
but not against VM-UNet. We additionally trained a much
smaller baseline, Mobile-PolypNet [17] (0.22 M parameters,
2.44 GMACs, 62.3 FPS), under its published longer schedule,
since it has no pretrained backbone: it reaches 0.6969±0.0100
macro unseen Dice over three seeds, 0.133 below WaveLite-
DG. A model an order of magnitude smaller therefore remains
well short of the accuracy reported here.

5.8. Error modes and qualitative results
Fig. 8 expresses precision and sensitivity as over-
segmentation (1−precision) and missed tissue (1−sensitivity).
Both rise sharply under shift: from 0.043–0.067 on seen
data, over-segmentation reaches 0.164 (ColonDB) and 0.202
(ETIS), and missed tissue 0.170 and 0.164. Because the two
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rates have different denominators, only CVC-300 (0.166
against 0.031) supports an ordering. The boundary-distance
profile, free of this problem, shows errors peaking at the
contour and decaying within about five pixels on seen
data, whereas unseen data retains a shoulder of 0.05–0.08
extending some 25 pixels into adjacent background: under
shift the mask spreads into surrounding tissue.

Fig. 8. Error modes of WaveLite-DG. Left: over-segmentation
(1−precision) and missed tissue (1−sensitivity); the bars have
different denominators and are not directly comparable. Right:
misclassification rate against signed distance from the ground-truth
contour (negative = exterior).

Fig. 9 shows predictions on all five datasets, including
failures at Dice 0.496 (specular reflection, CVC-ColonDB)
and 0.438 (a fragmented flat lesion, ETIS). As a negative
result, Grad-CAM [54] at the stride-32 bottleneck does not
localize the lesion on CVC-ColonDB and ETIS even where
masks are accurate. Either bottleneck Grad-CAM is not
diagnostic for a decoder fed by three skip pathways, or the
mechanism proposed above is wrong; the observation does
not support that mechanism.

5.9. Comparison with published values

Retrained baselines fall below their published unseen Dice
in six of nine cases, for example Polyp-PVT on ColonDB
(0.7783 against 0.808) and SSFormer-S on ETIS (0.6998
against 0.767) [5, 6, 7]. Our smaller training set (1289 against
1450 images), source-only checkpoint selection, the shared
recipe and the absence of photometric augmentation all
plausibly contribute; standardized recipes are known to shift
scores by amounts comparable to architectural differences
[55]. Our ColonDB margin over Polyp-PVT (+0.031) is
similar to its reproduction shortfall, so we do not claim that
WaveLite-DG would beat each baseline under its own tuned
protocol — the more so as the shared recipe was developed
with WaveLite-DG.

6. Discussion

A compact architecture reached parity with models three to
six times larger on unseen data under a controlled protocol.
Without photometric augmentation its three-seed mean
macro unseen Dice is the highest of the six models and
statistically equivalent to Polyp-PVT and VM-UNet within
a 0.02 margin; with colour jitter, or with the perturbation
added to those baselines, they lead by under 0.008. In every
regime tested it stays within 0.008 of the best model with
one third or less of the parameters and one fifth or less of

the computation, and it is the only model in the six-model
comparison to occupy the high-accuracy, low-cost corner
of Fig. 6. Among lightweight networks UNeXt is smaller,
cheaper and faster, but WaveLite-DG is 0.0427 more accurate
than the best of them. The accuracy margin over the two
strongest baselines is small or negative; the efficiency margin
is large and structural. Approximation-band perturbation
contributed +0.0651 at zero parameters and zero inference
cost without photometric augmentation, but only +0.0185
with colour jitter, which recovers most of the gain; its super-
additive interaction with the gated scan is likewise shown
only without photometric augmentation. At matched injected
energy the wavelet restriction makes no detectable difference
(Section 5.6): the mechanism is best described as feature-
statistic perturbation, and the approximation-band form is
not shown to be better than whole-feature perturbation. On
multi-centre PolypGen data WaveLite-DG is comparable to
Polyp-PVT, but VM-UNet is ahead.

The efficiency figures have concrete deployment conse-
quences. Memory, often the binding constraint, is 79 MB,
leaving room to run the model alongside a detection or quality-
assurance model on one device; at 31.9 FPS single-view it
permits a live overlay, whereas three-view augmentation
(10.6 FPS) suits still-frame review; and the 7.55 M deployed
model is small enough for routine fleet updates. The MAC–
throughput dissociation shows that parameters and MACs
alone overstate practical speed, so measured throughput
belongs alongside them.

These observations concern segmentation quality only.
They say nothing about detection, clinician interaction
or clinical outcomes, which require prospective video
evaluation.

7. Limitations and future work

Every model, ablation cell and mechanism comparison is
repeated over three seeds, but equivalence with Polyp-PVT
and VM-UNet rests on three seeds per model and a 0.02
margin, would not hold at a margin of 0.01, and is untested
under colour jitter. The per-image bootstrap intervals of
Table 9, though not the effect sizes, remain conditional on
the seed-42 checkpoints and describe test-image rather than
retraining variation; image-level resampling also ignores
correlated video frames. The margins over Polyp-PVT, VM-
UNet, A7, DSU and FDA are all smaller than the seed
spread of the weaker entries, so the accuracy claim remains
one of parity, and on PolypGen VM-UNet is ahead. The
interaction between perturbation and gated scan is shown
only without photometric augmentation, the regime in which
the perturbation’s own gain is largest. The mechanism is
not explained: the MMD analysis of Section 5.6 contradicts
the account we find most natural, and no positive evidence
replaces it. The sensitivity analysis of 𝜆 and 𝑝 uses one
seed. The SSFormer-S reproduction gap on ETIS remains
unexplained. Throughput is measured on one laptop GPU only,
object-level detection metrics are absent, and the evaluation,
PolypGen included, is retrospective. Future work will test
equivalence under colour jitter, seek direct evidence for the
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Fig. 9. Representative outputs with two failure cases. Rows: (a) image; (b) ground truth; (c) prediction with Dice and IoU; (d) error map
(green TP, red FP, blue FN); (e) bottleneck Grad-CAM at native 11 × 11 resolution, min–max normalized per column.

mechanism, profile on CPU and embedded hardware, and
evaluate on prospective video.

8. Conclusion
WaveLite-DG, a 7.68 M-parameter wavelet-guided network,
attained the highest three-seed mean macro unseen Dice
(0.8300 ± 0.0004) among six architectures retrained under
a common protocol without photometric augmentation,
statistically equivalent to Polyp-PVT and VM-UNet within
a 0.02 margin, with the lowest computation (1.93 GMACs)
and memory (79 MB) of the six. With colour jitter, or with
the perturbation added to those two baselines, they lead
by under 0.008; in every regime tested WaveLite-DG stays
within 0.008 of the best model with one third or less of
the parameters and one fifth or less of the computation.
Among lightweight networks it is the most accurate, by
0.0427, though not the smallest or fastest. Its accuracy
is best described as parity; its efficiency is the principal
claim. Approximation-band perturbation added +0.0651
macro Dice without photometric augmentation but +0.0185
with colour jitter, which recovers most of the gain, and its
+0.0562 super-additive interaction with the gated scan is
likewise shown only without photometric augmentation. At
matched injected energy, whole-feature perturbation shows
no detectable difference, so the benefit comes from perturbing
feature statistics rather than from the wavelet restriction. Parity
with DSU, FDA and MixStyle in the same architecture, and
with Polyp-PVT but not VM-UNet on multi-centre PolypGen
data, places the contribution in efficiency rather than in a new

mechanism.
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