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Abstract
Surface defects on magnetic tiles and steel strips are small, sparse, and visually heterogeneous. Full
fine-tuning of a segmentation transformer can learn these patterns, but it is costly and data-hungry. We
ask where low-rank adaptation should put its capacity, and how the result changes when whole filename
groups are held out. We freeze a SegFormer-B0 encoder and adapt attention projections and MLP layers
with LoRA. On the Magnetic Tile Defect dataset, using six filename groups as held-out test sets and three
seeds, q/k/v/o plus MLP reaches 0.779 defect IoU, against 0.723 for attention-only q/k/v/o and 0.772 for
full fine-tuning. The difference from Full is 0.7 points, with a 95% interval from − 2.0 to + 3.4 (p = 0.54);
the study does not establish equivalence. Attention-only LoRA already supplies most of the adaptation
gain, and the MLP adapters close the residual gap on this dataset. On NEU-Seg, a steel-surface dataset,
the same configuration reaches 0.699, against 0.684 for attention-only LoRA and 0.715 for Full; the MLP
gain is smaller and not significant. The configuration trains 0.543M parameters, of which 0.395M is the
decoder head and 0.148M is adapter-specific. A BitFit baseline reaches 0.608, so the gain is not
explained by a few bias terms. A bottleneck adapter is close to qkvo + MLP on both datasets. Random
image splits compress the gap between attention-only LoRA and Full, while group-held-out splits expose
a larger gap; we report both and treat the difference as split sensitivity rather than proof of leakage.

1. Introduction
Visual inspection remains a bottleneck in magnetic-tile and steel-strip manufacturing. A blowhole, a
hairline crack, or a patch of fraying may occupy only a few dozen pixels, and the surrounding texture is
often louder than the defect itself. Segmentation models can help, and hierarchical transformers such as
SegFormer [1] have made the task more practical. The catch is familiar: these models are pre-trained on
natural images, and adapting them to grayscale industrial images requires labeled data, time, and GPU
memory.

Full fine-tuning is the default answer. It works, but it is a heavy hammer for a small factory dataset.
Parameter-efficient fine-tuning (PEFT) offers a lighter option: keep the pre-trained encoder frozen, add a
small number of trainable parameters, and adapt the representation to the target material. LoRA [2] is
attractive because it adds a low-rank update to an existing projection and leaves the original weights
untouched. Two practical questions remain open. First, where should the low-rank update be inserted in
a segmentation transformer? Second, does the adapter still help when a whole filename group is held
out, rather than a random subset of the same images?

Our first random-split result looked encouraging and slightly suspicious. Attention-only LoRA appeared
almost identical to full fine-tuning. When we held out an entire filename group, the gap widened. A
second change followed: the attention target that looked decisive on the random split lost most of its
advantage once the split changed. What survived was the MLP adapter. The paper keeps both protocols
and uses the group-held-out result as the main evidence. We use the term filename group rather than
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acquisition group because the public dataset documentation does not define what the expN prefix
represents; the split is group-aware at the filename level, and we do not claim strip-level separation.

This paper makes four contributions. First, we evaluate PEFT under a grouped filename split on MTD, so
that no group appears in both train and test. Second, we show that attention-only q/k/v/o already
supplies most of the adaptation gain, while MLP adapters close the residual gap: 0.723 for attention-only
LoRA, 0.779 for qkvo + MLP, and 0.772 for Full. Third, we repeat the comparison on NEU-Seg and obtain a
similar mean ordering of PEFT methods, although the MLP gain is small and not significant, and full fine-
tuning remains 1.6 points ahead. Fourth, we show that random image splits compress the LoRA-to-Full
gap relative to a group-held-out split, and we report that split sensitivity without attributing it to a single
mechanism. The result is a bounded empirical study, not a new adapter architecture.

2. Related Work

2.1 Surface defect segmentation
Industrial surface inspection has a long history in computer vision [12]. U-Net [3] and DeepLabv3+ [4]
remain strong supervised baselines, and datasets such as MVTec AD [5] and KolektorSDD [6] have made
evaluation more reproducible. Magnetic-tile inspection has moved from texture-feature clustering [13]
and handcrafted surface descriptors [14] to CNN detectors such as ELCNN [15] and local-structure
methods [16]. Steel-surface segmentation has been studied with multi-branch U-Nets [17] and domain-
adaptation detectors [18]. SegFormer [1] combines a hierarchical transformer encoder with a lightweight
MLP decoder; its encoder is a natural candidate for transfer learning, but full adaptation is expensive on
small datasets. Magnetic tile and steel strip are two materials with different textures and defect
morphologies, which makes them a useful pair for testing whether a PEFT result generalizes beyond one
dataset.

2.2 Parameter-efficient fine-tuning
PEFT methods adapt a frozen model with a small number of new parameters. Adapters [7] insert
bottleneck modules into transformer blocks; AdapterFusion composes adapter modules across tasks
[33], and Compacter reduces their parameter cost [34]; BitFit [8] trains only bias terms; LoRA [2]
decomposes a weight update into two low-rank matrices. LoRA has been widely used for language
models and is increasingly used in vision transformers [9]. Vision-oriented variants include visual prompt
tuning [19], AdaptFormer [20], and convolutional bypass adapters [21]; a unified view relates these
families [22], and LoRA has been extended to few-shot segmentation [23]. A recent guide surveys the
trade-offs among these approaches [24]. The original LoRA study already includes an MLP-target
ablation, so adapting fc1/fc2 is not a new adapter design. What is less settled is how that choice
behaves in dense prediction, on industrial images, and under a grouped split. Our comparison is
positioned there, not as a new PEFT method.

Page 3/20



Most PEFT papers report a single target set and a single split. That design makes it hard to separate the
effect of the adapter from the effect of the evaluation protocol. We vary both. The target sets range from
q/v to q/k/v/o to q/k/v/o plus MLP, and the protocols range from a random image split to a six-group
rotation. The contribution is the comparison itself; we do not propose a new adapter architecture. The
comparison matters because the two design choices interact. The target set that looks best on a
random split can lose its advantage once a whole group is held out.

2.3 Evaluation protocols
Random image splits are common in industrial defect papers. When images share a filename group,
random splits can place related crops on both sides; shortcut learning explains why this can inflate
performance [25], and such leakage is a recognized reproducibility problem [26]. Group-held-out splits
are stricter at the filename level and are the main protocol here. Grouped and domain-generalization
protocols are one response to this failure mode [27, 28]. We report the random-split result separately
because the contrast is informative, but we treat it as split sensitivity rather than measured leakage.

3. Methods

3.1 Problem and backbone
Given an RGB image x of size H×W×3, we predict a binary mask y of size H×W, where 1 marks a defect.
Images and masks are resized to 384×384 for MTD and 256×256 for NEU-Seg. SegFormer-B0 [1] is the
backbone: its encoder produces multi-scale features, and its decoder fuses them into a mask. The
encoder is pre-trained on ADE20K and kept frozen in all PEFT experiments.

3.2 Low-rank adaptation in attention and MLP
For a frozen linear projection W of size d×k, LoRA learns W' = W + BA, where B is d×r, A is r×k, and r is
much smaller than min(d,k). We compare three families: q/v, q/k/v/o, and the same attention targets
plus the two MLP projections (fc1 and fc2). Rank is varied over 4, 8, and 16. The original W stays frozen;
only A, B, and the decoder head receive gradients. Figure 1 shows the pipeline. The default configuration
in the main experiments is q/k/v/o plus MLP with r = 8, alpha = 16, and dropout 0.1; it trains 0.543M
parameters.

Most of the budget sits in the decoder head. That head has about 0.395M parameters; q/k/v/o at rank 8
adds 0.066M, and the two MLP projections add 0.082M. The comparison in Table 3 is therefore close to
a like-for-like test of where the capacity goes, and a larger rank shows little accuracy return.

3.3 Objective and optimization
Defect pixels are rare. Class imbalance is a well-studied problem in dense prediction [29, 35]. We use a
class-weighted cross-entropy plus Dice loss [30, 32], with a positive weight estimated from the training
pixel ratio and capped at 20; the weighting follows the spirit of focal loss [31] while keeping the standard
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cross-entropy form. Dice is computed on the foreground logits. MTD models use 384×384 inputs, batch
size 2, 12 epochs, and AdamW; NEU-Seg models use 256×256, batch size 2, and 8 epochs. The decoder
head uses lr = 1e-3, LoRA uses lr = 5e-4, and weight decay is 1e-4. Full fine-tuning uses lr = 6e-5. Training
runs on a single 8GB RTX 4060 laptop GPU with PyTorch, HuggingFace Transformers, and PEFT. No test-
time adaptation is used.

3.4 Grouped filename splits
MTD filenames start with expN. The public dataset README (accessed 2026-10-27) does not define
what expN represents, so we treat each expN as a filename group rather than an acquisition unit. We run
leave-one-group-out (LOGO): each of exp1–exp6 is used once as test, the next group is validation, and
the remaining groups plus exp0 form the training set. No group appears in two splits. We repeat every
configuration with three seeds. This is a group-aware split at the filename level; we do not claim that it
separates strips or acquisition runs. For NEU-Seg, we use the official training/test split, hold out 10% of
training for validation, and report the official test set. The NEU-Seg split is weaker than LOGO, but it
provides an independent material and label source. The exact fold manifests are provided with this work
at https://github.com/ZhangShaoXuan-HIT/mtd-lora-seg (tag v1.0.0).

3.5 Baselines
We compare five baselines. Frozen trains only the decoder head. BitFit trains all bias terms plus the
decoder head. LoRA q/v and LoRA q/k/v/o train the corresponding low-rank matrices plus the decoder
head. qkvo + MLP adds the two MLP projections. Full fine-tuning updates all parameters. All methods
use the same loss, augmentation, epochs, and seeds. The MTD group-split comparison uses the exp6
group as test and exp3 as validation; this is also the group used to choose the target set and rank. The
LOGO comparison rotates all six groups. A pretrained DeepLabV3 model was run under the same budget
but is excluded from the comparison because it did not converge.

4. Experimental Setup

4.1 Datasets
MTD [10] contains 1,344 grayscale images from a magnetic-tile production line: 115 blowhole, 85 break,
57 crack, 32 fray, 952 free, and 103 uneven. Each image has a pixel-level mask; we threshold the mask at
127 to obtain binary labels. The dataset is highly imbalanced: free tiles dominate, and fray has only 32
images. The exp6 test group contains 225 images: 19 blowhole, 15 break, 10 crack, 6 fray, 158 free, and
17 uneven.

NEU-Seg [11] contains 4,470 steel-surface images with binary masks: 3,630 training and 840 test. We
hold out 10% of the training set for validation, leaving 3,267 training and 363 validation images. Unlike
MTD, NEU-Seg has no defect-free images in the official training/test folders; every image contains a
defect. This makes the task a pure foreground segmentation problem and provides a useful contrast to
the imbalanced MTD setting.
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4.2 Metrics and implementation
We report foreground defect IoU and Dice over the whole test set. Both metrics accumulate intersections
and unions over all images, rather than averaging per-image scores. The main MTD result is the mean
over six groups and three seeds; the main NEU-Seg result is the mean over three seeds. Full fine-tuning
on MTD LOGO was run with three seeds, and all methods use the same six groups.

5. Results

5.1 MTD: leave-one-group-out
Table 1 and Fig. 2 summarize the six-group rotation. Frozen is stable at 0.482 defect IoU; attention-only
LoRA reaches 0.723; adding MLP adapters lifts the mean to 0.779. Full fine-tuning reaches 0.772. The
MLP configuration is therefore 5.65 points above attention-only LoRA (paired t-test over six group
means, n = 6, df = 5, p = 0.0025) and 0.70 points above Full; that difference is not significant (p = 0.54),
and the 95% interval is -2.0 to + 3.4. It trains 0.543M parameters, of which 0.395M is the decoder head
and 0.148M is adapter-specific. Every group improves over attention-only LoRA; the gain ranges from 1.3
points on exp2 to 7.8 points on exp1. The MLP configuration is above Full on four of six groups, below by
3.8 points on exp5 and by 0.3 points on exp6.

Among the adapted methods, exp4 is hardest and exp6 is easiest; Frozen is least accurate on exp5, and
Full peaks on exp5. qkvo + MLP wins on all six groups relative to attention-only LoRA.

 
Table 1

MTD LOGO defect IoU (3 seeds); group means are reported in
Table 7.

Test group Frozen LoRA qkvo qkvo + MLP Full

exp1 0.4768 0.7158 0.7938 0.7902

exp2 0.5226 0.7297 0.7422 0.7190

exp3 0.4688 0.7055 0.7733 0.7387

exp4 0.5172 0.6568 0.7028 0.6816

exp5 0.4438 0.7517 0.8277 0.8655

exp6 0.4653 0.7781 0.8366 0.8393

5.2 NEU-Seg: steel surface
The same ordering transfers to steel. On NEU-Seg, Frozen reaches 0.483 defect IoU and 0.651 Dice;
attention-only LoRA reaches 0.684 and 0.812; qkvo + MLP reaches 0.699 and 0.823; Full reaches 0.715
and 0.834. MLP adaptation improves over attention-only LoRA by 1.57 points (paired t-test over three
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seeds, n = 3, df = 2, p = 0.235, not significant) and remains 1.56 points below Full (p = 0.013). The three
MLP seeds are tight (standard deviation 0.35 points). The mean gain is positive in two of three seeds;
seed 0 is -0.2 points. This is a mean-level directional agreement, not a uniform ordering across seeds.

Steel is the harder test for our interpretation. The MLP gain is real but modest, and Full keeps a clear
lead. One reading is that steel defects are larger and more contrastive, so attention adaptation already
captures much of the signal and the MLP has less room to help. Another reading is that the NEU-Seg
split is closer to the training distribution, which compresses differences among PEFT methods. We
cannot separate these explanations with the current data. The honest statement is that MLP adaptation
is the best PEFT on both datasets, and that its advantage over Full is material only on MTD.

 
Table 2

NEU-Seg results over three seeds (mean ± std). MLP
adaptation is the best PEFT, but Full remains 1.6 points

ahead.
Method defect IoU Dice

Frozen baseline 0.4826 ± 0.0176 0.6509 ± 0.0160

LoRA qkvo 0.6835 ± 0.0109 0.8120 ± 0.0077

qkvo + MLP 0.6992 ± 0.0035 0.8230 ± 0.0024

Bottleneck adapter 0.6879 ± 0.0140 0.8150 ± 0.0099

Full fine-tune 0.7148 ± 0.0014 0.8336 ± 0.0009

5.3 Baselines and parameter efficiency
Table 3 isolates the effect of the adaptation method on the MTD exp6 design-selection group. This group
split uses exp3 for validation and all remaining groups for training, so its exp6 values differ from the
exp6 LOGO fold in Table 1. BitFit improves over Frozen by 13.7 points, which confirms that adapting the
encoder helps. Attention-only LoRA improves over BitFit by another 13.6 points, so the gain is not
explained by a few bias terms. Adding MLP adapters lifts the result to 0.852 defect IoU and 0.920 Dice,
10.8 points above attention-only LoRA and 3.4 points above Full. The bottleneck adapter lands at 0.840,
close to qkvo + MLP and also above Full. This is the one place where our attention-only expectation
broke, and we report it openly. On NEU-Seg, MLP adaptation is still the best PEFT, but Full remains 1.6
points ahead. A scratch U-Net and a pretrained DeepLabV3 were run under the same budget and did not
converge to a useful result; we exclude both from the comparison rather than presenting a training
failure as an architecture result. Figure 3 places the methods on an accuracy-versus-parameters plane;
qkvo + MLP and the adapter sit above Full, and their uncertainty ranges overlap.
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Table 3
MTD exp6 design-selection group: adaptation method vs trainable

footprint (3 seeds). This group was used to choose the target set and
rank, so it is not an unseen-test estimate. qkvo + MLP is the strongest

method here; its advantage over Full does not transfer to NEU-Seg.
Method Trainable defect IoU Dice

Frozen baseline 0.40M 0.4709 ± 0.0104 0.6402 ± 0.0097

BitFit 0.41M 0.6082 ± 0.0156 0.7563 ± 0.0121

LoRA qkvo 0.46M 0.7438 ± 0.0320 0.8527 ± 0.0209

qkvo + MLP 0.54M 0.8516 ± 0.0113 0.9198 ± 0.0066

Bottleneck adapter 0.49M 0.8404 ± 0.0071 0.9133 ± 0.0042

Full fine-tune 3.71M 0.8174 ± 0.0161 0.8994 ± 0.0098

5.4 Per-class behavior
The aggregate gain is not uniform. Table 4 breaks down the exp6 design-selection group by defect class
for Frozen and attention-only LoRA. Crack remains the hardest class for both models, although LoRA
improves it from 0.384 to 0.541. Uneven benefits most (+ 0.300), while Fray is already high under Frozen
and gains less (+ 0.070). The mean over the five defect classes is 0.546 for Frozen and 0.720 for LoRA;
this unweighted mean is not the pooled foreground IoU in Table 3. Per-class results for qkvo + MLP are
not available, which is a limitation of this analysis.

 
Table 4

Per-class IoU on the MTD exp6 design-selection group
(seed 0), Frozen vs attention-only LoRA; qkvo + MLP is not

available. The mean is an unweighted average over five
defect classes.

Class Frozen IoU LoRA IoU Δ

Blowhole 0.5431 0.6829 + 0.1398

Break 0.5629 0.7691 + 0.2062

Crack 0.3840 0.5407 + 0.1567

Fray 0.7899 0.8595 + 0.0696

Uneven 0.4488 0.7486 + 0.2998

Mean (5 classes) 0.5457 0.7202 + 0.1745

5.5 Qualitative comparison
Figure 4 shows four defects from the exp6 design-selection group. The frozen model often produces a
loose blob around the defect; attention-only LoRA follows thin cracks and frayed edges more closely. The
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difference is largest on Crack, where the frozen prediction spills into the surrounding texture, and
smallest on Fray, where the defect region is large and both models find it. The MLP variant is
quantitatively stronger, but the examples show only the attention contrast; they are illustrative and not
evidence for the final recipe.

5.6 Why the evaluation protocol matters
Table 5 compares three protocols on the same attention-only model family. Under a random image split,
LoRA reaches 0.759 and Full 0.777. Under the exp6 group split, LoRA is 0.744 and Full 0.817. Across the
six-group LOGO mean, LoRA is 0.723 and Full 0.772. The random split changes train/test composition
and may allow related crops to cross the split. We do not have a duplicate or near-duplicate
measurement, so we treat the difference as split sensitivity rather than proof of leakage. Figure 5 shows
the two constructions: in the left panel, every group contributes to both train and test; in the right panel,
exp6 is kept whole for testing. The group-held-out result is harder, and we use it as the main evidence.

 
Table 5

Protocol comparison for attention-only LoRA (3 seeds). Random
splitting compresses the gap to Full relative to group-held-out

evaluation. The three rows also differ in train/test composition, so the
contrast is descriptive.

Protocol Frozen LoRA qkvo (attn only) Full

Random images 0.4415 0.7590 0.7774

Group exp6 0.4709 0.7438 0.8174

LOGO mean (6 groups) 0.4824 0.7229 0.7724

5.7 Design ablation
Table 6 reports the group-split ablation over three seeds. Without MLP adapters, q/v and q/k/v/o are
almost tied (0.744 vs 0.746 at rank 16/8); the earlier random-split result that favored q/k/v/o by seven
points does not survive. Adding MLP adapters is the dominant effect: q/v jumps to 0.811 and q/k/v/o to
0.852. With MLP adapters present, q/k/v/o is still 4.1 points above q/v, so the target set is a secondary
but real factor. Rank is weak: r8 is slightly better than r16 for q/k/v/o + MLP (0.852 vs 0.842) and uses
fewer parameters. We therefore used q/k/v/o + MLP with rank 8 in the main experiments, while treating
the target and rank comparison as exploratory.
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Table 6
Single-group design probe

(test=exp6, 3 seeds). This table
was used to choose the

configuration and is not an unseen-
test estimate; the rank and target-

set differences are exploratory.
Configuration defect IoU

r4 q/v 0.692

r8 q/v 0.720

r16 q/v 0.744

r8 q/k/v/o 0.746

r8 q/v + MLP 0.811

r8 q/k/v/o + MLP 0.852

r16 q/k/v/o + MLP 0.842

5.8 Cross-dataset summary
Table 7 collects the main results. On MTD LOGO, qkvo + MLP is 0.70 points above Full, with a 95%
interval from − 2.0 to + 3.4 (p = 0.54); we do not claim equivalence. Because exp6 was used to choose
the configuration, we also computed the five-group mean excluding exp6: qkvo + MLP 0.768, Full 0.759, a
difference of + 0.89 (p = 0.52). Removing exp6 does not change the substantive conclusion. On NEU-Seg,
qkvo + MLP is 1.56 points below Full. The exp6 design group is not included in Table 7. The two datasets
have different class compositions and input sizes, so their point differences should not be compared
directly.

 
Table 7

Main results across datasets. Δ is qkvo + MLP minus Full in defect IoU points. The MTD
difference is not an equivalence result; the 95% interval is -2.0 to + 3.4.

Dataset / protocol Frozen LoRA qkvo qkvo + MLP Full Δ (points)

MTD LOGO (6 groups) 0.4824 0.7229 0.7794 0.7724 + 0.70

NEU-Seg (steel) 0.4826 0.6835 0.6992 0.7148 -1.56

6. Discussion
Why does the frozen decoder baseline fail so badly? The ADE20K features are rich, but they were not
trained to separate faint grayscale textures. The decoder head can only reweight what the encoder
already exposes. Attention-only LoRA changes the attention pattern, but it leaves the MLP layers
untouched; on MTD it reaches 0.723. Adding low-rank updates to the MLP projections lifts the same
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model to 0.779. The MLP layers evidently hold part of the capacity needed to separate these textures.
Full fine-tuning remains ahead on NEU-Seg by 1.6 points. On MTD the two methods are not significantly
different, but the interval is wide enough that we do not call them equivalent.

The design probe suggests a narrower lesson. Attention target selection is a secondary knob: without
MLP adapters, q/v and q/k/v/o are almost tied (0.744 vs 0.746); with MLP adapters, q/k/v/o is 4.1 points
above q/v (0.852 vs 0.811). Rank is weak: r8 is slightly better than r16 for q/k/v/o + MLP and uses fewer
parameters. These differences come from one design group and should be read as exploratory. The
main change is whether the MLP projections receive low-rank capacity at all; attention-only LoRA alone
is consistently weaker.

The adapter result points in the same direction. A bottleneck adapter is another way to add capacity
around the MLP path; it reaches 0.776 on MTD LOGO, close to qkvo + MLP (0.779, p = 0.71), and the two
are not significantly different. On NEU-Seg, qkvo + MLP is the best PEFT at 0.699, but Full remains 1.6
points ahead. The practical recommendation is narrower than a general recipe: adding MLP capacity is a
reasonable option when attention-only LoRA is insufficient, but it should be validated on a held-out
group.

The protocol finding is a warning about split sensitivity. The random-split result looked more favorable
than the group-held-out result. We keep both because the difference is informative. Under MTD LOGO,
attention-only LoRA is 5.0 points behind Full, and adding MLP adapters closes that gap. The comparison
is descriptive: the two splits also differ in train/test composition, and we have not measured near-
duplicate overlap.

Limitations. The expN prefix is not documented as an acquisition session; the split is at filename level
and is not verified at strip or batch level. Full fine-tuning on MTD LOGO uses three seeds, but its group-to-
group spread is larger than that of qkvo + MLP (0.065 vs 0.047, population standard deviation over the
six group means), so the mean comparison should be read with that heterogeneity in mind. NEU-Seg has
a random train/validation split and no defect-free images. Both tasks are binary; multi-class defect
segmentation is left for future work. The MTD exp6 result (0.852) comes from the group used to choose
the configuration and is not an unseen-test estimate. A scratch U-Net and a pretrained DeepLabV3 did
not converge within the same budget; both are documented as non-converged runs rather than as
general statements about the architectures. The p-values describe this set of groups and seeds, not a
population of factories. The 8GB laptop GPU limits image resolution and batch size, and we do not test
edge deployment latency.

6.1 Practical guidelines
For a practitioner with a small defect dataset, we would suggest four steps. First, establish a frozen
decoder baseline; it is cheap and tells you how much the pre-trained features already know. Second,
compare attention-only LoRA with a variant that also adapts the MLP projections; the MLP addition
closed most of the residual gap on MTD in our experiments, but it is not a universal win. Third, use rank 8
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as a default and spend the tuning budget on augmentation and loss weighting instead of chasing a
larger rank. Fourth, evaluate on a held-out filename group if the data has group structure; a random split
can make the adapter look better than it will be in deployment.

These guidelines are deliberately modest. LoRA does not remove the need for labels, and it does not
beat full fine-tuning on NEU-Seg. It reduces the trainable-parameter budget while reaching comparable
accuracy, which is useful when the alternative is a frozen baseline or no adaptation at all.

6.2 Threats to validity
The main internal threat is the group-level variation on MTD. Full has a larger spread across group means
than qkvo + MLP (0.065 vs 0.047), and a different set of six groups could shift the mean and the ranking.
The main external threat is the two-dataset scope: magnetic tile and steel are both grayscale industrial
surfaces, and the conclusion may not transfer to color, textured, or three-dimensional surfaces. NEU-Seg
also lacks defect-free images, so its task is easier to frame as foreground segmentation than MTD's
imbalanced binary task. Construct validity is limited by binary labels; a multi-class evaluation could
change the ranking of adapter targets. Finally, the 8GB GPU constrains resolution and batch size, and we
have not measured latency on an edge device.

6.3 Why the MLP path may matter
Attention and MLP layers do different jobs in a transformer block. Attention decides which tokens
exchange information; the MLP applies a channel-wise nonlinear transform to each token. A defect is
often a subtle change in local texture and contrast, and that change must survive the channel mixing
before the decoder can separate it from the background. A low-rank update in the MLP can act as a
small, domain-specific recalibration of those channels. A low-rank update in attention changes routing,
which may be less direct when the defect is defined by appearance rather than by position. This account
is consistent with the adapter result: a bottleneck placed around the block output, after the MLP, reaches
the same MTD level as qkvo + MLP. This remains an interpretation; the mechanism is not proven, and
attention-map or feature-similarity analyses would be needed to test it.

6.4 What would change our conclusion
Three results would weaken the claim. A third material with color or strong specular reflection could
reverse the ordering, especially if attention adaptation becomes more important than channel
recalibration. A different six-group set could move the MTD means; the current gap is 0.7 points and not
significant, but the interval still includes a two-point deficit, so the ordering is unresolved rather than
equivalent. A multi-class evaluation could change the target-set ranking, because rare classes place
different demands on channel capacity. We would also revise the claim if a held-out group on NEU-Seg
reversed the MLP gain. The current evidence supports a bounded recommendation, and these tests
define the boundary.

6.5 What the numbers do not say
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Parameter count is not the same as wall-clock savings. LoRA still runs a forward and backward pass
through the frozen encoder, so training time is close to full fine-tuning on this GPU. Inference cost is
unchanged because the low-rank matrices can be merged into the frozen weights. The 0.543M trainable
total contains 0.395M for the decoder head; the adapter-specific part is about 0.148M. A per-material
package still needs the frozen encoder and the head, so its deployed footprint is roughly 3.86M
parameters, slightly larger than the 3.71M full model. The benefit is a shared backbone with small per-
material deltas, not a smaller single-model deployment. We did not measure peak memory or latency,
and we do not claim either.

6.6 Broader implications
The result matters most for factories with several production lines and modest GPU budgets. A frozen
backbone plus a small adapter can be trained per material and stored as a per-material delta, while the
backbone is shared. That fits a maintenance workflow in which a new filename group arrives and the
model must be updated quickly, but we have not measured the operational cost of that workflow. A
random split can make a method look deployment-ready when a group-held-out test shows a gap. We
would encourage reporting both, especially when the data has group structure. The approach does not
replace full fine-tuning when accuracy is the only criterion. For magnetic tile, the parameter trade is
reasonable; for steel, full fine-tuning remains the safer choice at this data scale.

7. Conclusion
We studied where to put low-rank capacity in a SegFormer encoder under a grouped filename split.
Across six magnetic-tile groups and one steel-surface dataset, adding MLP adapters to q/k/v/o raised
LoRA from 0.723 to 0.779 on MTD LOGO, and from 0.684 to 0.699 on NEU-Seg. On MTD the difference
from Full is 0.70 points, with a 95% interval from − 2.0 to + 3.4 (p = 0.54); the study does not establish
equivalence. On NEU-Seg qkvo + MLP remains 1.6 points below Full (0.715). The configuration trains
0.543M parameters, of which 0.148M is adapter-specific. BitFit captures only part of the gain, attention
target selection is secondary, and rank is a weak knob. A bottleneck adapter is close to qkvo + MLP on
MTD. Attention-only LoRA already supplies most of the adaptation gain; MLP adapters close the residual
gap on MTD and about half of it on NEU-Seg. The practical recommendation is to compare both variants
and validate on a held-out filename group. Future work will add stronger traditional baselines, multi-class
segmentation, and a session-structured dataset with documented provenance.
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Figures

Figure 1
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LoRA-adapted SegFormer-B0. The four encoder stages feed a multi-scale feature bus to the decoder; each
stage contains two transformer blocks. The encoder stays frozen, and low-rank matrices in q/k/v/o and the
MLP projections, plus the decoder head, are trained.

Figure 2

Per-group defect IoU on MTD (3-seed means). Adding MLP adapters raises the bars above attention-only
LoRA and, on four of six groups, above Full. Seed-level means are reported in Appendix A.

Figure 3
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Accuracy vs trainable parameters on the MTD exp6 design-selection group. qkvo+MLP sits above Full with
0.54M parameters; attention-only LoRA is below Full; the adapter is above Full with overlapping uncertainty.
DeepLabV3 is excluded because it did not converge under the shared budget.

Figure 4

Qualitative comparison on the exp6 design-selection group (attention-only LoRA vs Frozen). Green contours
mark ground truth; red regions show predictions. Rows: blowhole, break, crack, fray.
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Figure 5

Schematic of the two split constructions. Random image splits may place related crops on both sides;
group-held-out splits keep one whole filename group unseen. The mixing is a plausible contributor, not a
measured mechanism.
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