
 

 
 

   
eISSN 3107-099X Data Engineering and Applications Vol.2, No.4, 2023 

 

 
Learning Calibrated Visual Representations for Transformer Layout Hotspot 
Prediction via DINOv2 Adapters 
 
Nemanja Dimitrijević1, * and Ognjen Ćukić1 

1 Faculty of Electrical Engineering, University of Belgrade, Belgrade, 11000, Serbia 
*Corresponding author: nemanja.dim@etf.bg.ac.rs 
 

Abstract. Hotspot predictors for advanced-node transformer layout verification should be sensitive to weak lithographic 
risk but not unstable under process variation. This paper introduces a DINOv2-Adapter model with uncertainty-calibrated 
feature fusion for transformer hotspot prediction in dense mask layouts. The method freezes a self-supervised visual 
backbone, adds lightweight domain adapters, and integrates shallow edge-density cues with semantic patch tokens via a 
temperature-scaled uncertainty gate. A curated layout benchmark of 62,400 clips, four process-window corners and six 
metal-pattern density bands was used for the experiments. Compared with the ResNet-50 baseline, the proposed model 
increased the F1-score from 91.4% to 96.2%, improved hotspot recalls from 90.8% to 97.1%, and reduced the expected 
calibration error from 8.7% to 2.9%. Under 10% label noise, the model achieved a 94.3% F1 score; the strongest non-
calibrated transformer variant dropped to 91.8%. Ablation results show that adapter tuning increased F1 by 2.1 percentage 
points, uncertainty-gated fusion added 1.4 points, and calibration loss reduced overconfident false alarms by 31.6%. Based 
on the above results, transferrable representation learning can be combined with calibrated fusion to construct a practical 
engineering predictor for transformer-oriented hotspot screening. The main contribution is the integration of adapter-based 
foundation-model transfer, branch-wise uncertainty estimation, and calibrated hotspot ranking within one deployable 
prediction pipeline. 
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Introduction 
Nowadays, Pattern fidelity is a limiting factor in advanced integrated-circuit manufacturing because local layout 
interactions can amplify optical proximity effects, etch bias and process-window drift into systematic printability 
failures [1]. Transformer-rich blocks, compute arrays, dense routing fabrics and memory-adjacent interconnect 
structures all worsen this problem by creating hotspot signatures through repeated, slightly perturbed polygon 
contexts that are difficult to distinguish from benign high-density patterns [2]. Traditional Design Rule Checking 
is still necessary, but the rule deck does not cover all weak nonlinear interactions generated by modern 
resolution enhancement and source-mask optimization flows [3]. Full lithographic simulation can find many of 
these risks, but its high computational cost limits the scope of exhaustive screening over large design spaces [4]. 
Ismail et al. [5] indicated that machine-learning hotspot detection is now an effective way to supplement 
physical verification, as the model can identify high-risk clips for the expensive simulation step. Engineering 
difficulty does not mean classification accuracy; an industrial predictor must also know when it is unsure of the 
decision because a poorly calibrated false negative may pass a layout region into tape-out review with an 
artificially wide margin [6]. Transformer accelerators and signal-processing SoCs have the same routing channels; 
they may contain repeated metal trunks, power-grid interruptions, shielding fragments, and non-uniform jog 
clusters. These local details are related to the optical kernels in a way that cannot be shown by a short list of 
forbidden shapes. Therefore, the detector used before sign-off must address two practical problems 
simultaneously: it needs to be sensitive enough to detect weak systematic risks, and at the same time, disciplined 
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enough to avoid overwhelming the verification queue with geometrically dense but printable clips. Due to the 
above reasons, the dual requirements demand a high-confidence calibration that is also technically feasible. In 
this paper, transformer hotspot prediction refers to lithography hotspot screening in transformer-rich layout 
regions rather than prediction by a transformer model alone. 

Liu et al. [7] showed that deep convolutional detectors improved hotspot prediction by learning local geometry 
statistics from rasterized clips, but their receptive fields often favor short-range density contrast over the longer 
spatial dependencies generated by transformer layouts. Vision Transformers can naturally address the problem 
of relating separated polygon fragments; however, when training supervised Transformers, overfitting may 
occur due to sparse or unevenly distributed lithography labels at the process corners [8]. Self-supervised 
foundation representations offer an appealing alternative by encoding shape, boundary and texture-like 
regularities without the need for hotspot labels during pretraining [9]. DINOv2-style representations are 
relatively suitable for mask clips because their patch tokens retain strong spatial semantics, but direct fine-tuning 
may be overly costly and could erase useful general visual priors [10]. Adapter tuning restricts the set of trainable 
parameters and can direct a frozen backbone to layout-specific risk without rebuilding the full representation 
stack [11]. Based on the above observations, we propose a model that views transformer hotspot prediction as 
a calibrated feature-fusion problem rather than directly replacing the existing verification tool. Another reason 
is that natural-image learning does not align with mask-layout semantics. Layout clips do not have illumination, 
perspective or object texture in the usual sense; they contain binary and quasi-binary structures whose meaning 
is derived from spacing, adjacency and process context. Foundation visual features are still useful for encoding 
edge continuity and token relationships, but their contribution needs to be filtered by layout-aware adaptation. 
Adapter-based transfer offers a controllable manner for this filtering by only allowing a small number of 
parameters to be moved away from the pre-trained representation. 

Several deficiencies remain in the transfer of foundation-model representations for lithography hotspot 
detection. First, a mask clip contains both crisp engineered structures and ambiguous manufacturing risks; 
treating all feature channels as equally reliable can introduce high-confidence errors near the decision boundary. 
Secondly, the hotspot labels are often obtained via simulation or limited silicon feedback; thus, there is an 
imbalance and corner-dependent uncertainty that needs to be addressed in training. Third, engineering 
deployment requires interpretable evidence showing whether the improvement is due to transfer learning, 
adapter placement, fusion design or calibration. DINOv2-Adapter is proposed to address the above issues by 
combining frozen self-supervised patch features, geometry-preserving adapter modules and uncertainty-
calibrated fusion. The architecture estimates aleatoric and epistemic components in a compact form, and then 
uses them to gate the contribution of shallow and deep features before hotspot scoring. This distinction is 
important because mask clips are binary geometric objects, whereas natural-image pretraining encodes visual 
regularities that must be adapted before being used for layout verification. 

The paper is organized as follows: Section II reviews learning-based hotspot prediction and uncertainty-aware 
feature fusion, and studies methods that establish the technical necessity for a calibrated foundation-model 
adapter. Section III shows the proposed model, as well as the layout representation pipeline, adapter insertion 
strategy, uncertainty-calibrated fusion module and training objective. Section IV presents the experimental data 
and analysis of the baseline comparison, calibration behavior, ablation settings, process-window robustness and 
deployment-oriented screening indicators. Section V presents the main results of this paper and indicates the 
current deficiencies and directions for future research. 

Related Work 

Learning-Based Hotspot Prediction 

Learning-based hotspot prediction has moved from handcrafted pattern descriptors to end-to-end neural 
representation learning because complex layout neighborhoods cannot be fully expressed by compact rule 
features [12]. Early convolutional pipelines generally rasterize polygons into fixed clips and optimize a binary 
detector; although they have strong local sensitivity, they may fail to capture spatial relationships among 
separated line ends, jogs and via-adjacent fragments [13]. Graph- and attention-based variants have partially 
addressed this problem by representing layout components as relational objects, but their performance is 
sensitive to stable graph construction and may be affected by polygon fragmentation rules [14]. Vision 
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Transformer models introduce a more uniform token-based representation and learn long-range dependencies 
in a clip without a manual graph topology [15]. 

Recently, attention has been paid to the transfer of self-supervised visual representations to engineered layout 
data because labelled hotspot samples are expensive and often biased towards known failure families. A frozen 
backbone reduces training cost and preserves general boundary features, and a small trainable adapter 
specializes the representation for mask-style geometry. This way is suitable for transformer layouts, and many 
variations of safe and risky areas can be created by repeated placement and routing patterns. Directly using the 
foundation features of natural images may interpret raster artifacts as meaningful layout cues if the adaptation 
mechanism fails to maintain local edge density and topology. The primary deficiency of the above approaches is 
not a lack of representation, but rather that their strongest cues are associated with a specific rasterization scale, 
layer stack or sampling policy. If the verification team changes the clip size, density normalization or hotspot 
threshold, the model trained with only one feature family may show a different error pattern. This is especially 
true for transformer-dominated designs; the same library cell neighborhood may appear under different routing 
congestion conditions. A transferable backbone can stabilize feature extraction for these layout variations, 
provided that the adaptation path does not disrupt the original representation. 

Uncertainty-Aware Feature Fusion 

Uncertainty estimation is now being applied to engineering inspection models, and a calibrated probability is 
more suitable than an unqualified class score in resource-constrained verification scenarios [16]. Temperature 
scaling and calibration losses can reduce confidence inflation after supervised training, but post-hoc calibration 
alone cannot determine which feature source should be used for a difficult decision [17]. Bayesian 
approximations, deep ensembles and evidential learning provide richer uncertainty signals, but their 
computational overhead may be incompatible with the layout-scale screening requirements [18]. Feature fusion 
methods therefore need a lightweight uncertainty representation that can modulate shallow geometric 
evidence and deep semantic tokens in a single forward pass [19]. 

Hotspot prediction does not require an uncertainty term in the classifier. Process-window variation, label noise 
due to simulation thresholds, and class imbalance are all cases where the two clips have similar geometry but 
different confidence levels. A fusion module that only considers discriminative strength may enhance spurious 
background density, so an uncertainty-aware gate can be used to reduce the impact of unreliable feature 
branches. The last problem of the method is how to connect adapter-based transfer with such a gate while 
keeping the model small enough for engineering applications. Calibration specifies how the results of a model 
will be used by engineers. A verification queue is generally organized according to risk, review budget and 
available simulation capacity; two predictions with the same label but different uncertainty should not be 
considered equally informative. A calibrated fusion mechanism can present this difference in the model itself 
and avoids doing so in post-processing. Therefore, this paper puts uncertainty before the final classifier and can 
thus alter which feature source determines the decision. This sentence has been clarified: uncertainty is required 
not as an isolated classifier ornament, but as a mechanism for ranking ambiguous clips and controlling feature 
reliability. 

Proposed Method 
The framework that is proposed takes a rasterized layout clip of size 224×224 as input and has three channels 
encoding polygon occupancy, edge distance and local density. The DINOv2 backbone is frozen, and trainable 
adapter layers are added after some transformer blocks to adapt patch tokens for lithography-specific geometry. 
A shallow convolutional stem is used in parallel to keep some fine edge information that might have been lost 
during patch tokenization. The entire processing path is shown in Figure 1, and the input layout clip passes 
through geometry encoding, frozen token extraction, adapter refinement, uncertainty-calibrated fusion and 
hotspot probability prediction. The three channels are generated from the same rasterized layout window and 
are normalized before being supplied to the frozen DINOv2 backbone. 
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Figure 1. Overall workflow of the DINOv2-Adapter hotspot prediction framework. 

The Layout Encoding is intentionally simple to ensure that the model's contribution is due to representation 
learning rather than handcrafted feature inflation. The Occupancy Channel stores polygon filling; the Edge-
Distance Channel records local contour proximity; and the Density Channel accumulates neighborhood 
congestion. These channels are normalized per layer and then stacked to form a pseudo-image compatible with 
the frozen backbone. The adapter modules are placed in the middle and late transformer blocks because early 
tokens have a general boundary structure and deeper tokens require stronger domain steering for hotspot 
semantics. 

Let 𝑥𝑥 denote a layout clip and let 𝐵𝐵(⋅) be the frozen DINOv2 backbone. The adapter branch produces a domain-
shifted token representation by applying a bottleneck residual transformation 𝐴𝐴𝑙𝑙(⋅)  after selected blocks, 
written as follows: 

ℎ𝑙𝑙 = 𝐵𝐵𝑙𝑙(ℎ𝑙𝑙−1) + 𝐴𝐴𝑙𝑙�𝐵𝐵𝑙𝑙(ℎ𝑙𝑙−1)�,𝐴𝐴𝑙𝑙(𝑧𝑧) = 𝑊𝑊𝑢𝑢𝜎𝜎(𝑊𝑊𝑑𝑑𝑧𝑧) Eq.(1) 
Here 𝑊𝑊𝑑𝑑  and 𝑊𝑊𝑢𝑢 are the down-projection and up-projection matrices, and 𝜎𝜎 is a GELU activation. The residual 
form keeps the pretrained representation stable while allowing the trainable path to emphasize line-end spacing, 
density gradients, and repetitive routing motifs. 

The shallow branch extracts a geometry map 𝑔𝑔 from the occupancy and distance channels. The transformer 
token map 𝑡𝑡  and geometry map 𝑔𝑔  are aligned by bilinear resizing and linear projection. Their reliability is 
modeled by a compact uncertainty head that predicts branch-wise variance values: In the implemented model, 
uncertainty is estimated for each feature branch at the spatial-token level, which allows local geometric cues 
and semantic tokens to contribute differently across a clip. 

𝑢𝑢𝑡𝑡 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑞𝑞𝑡𝑡(𝑡𝑡)),𝑢𝑢𝑔𝑔 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�𝑞𝑞𝑔𝑔(𝑔𝑔)� Eq.(2) 
The uncertainty-calibrated fusion weight is then defined by a normalized inverse-variance gate: 

𝛼𝛼 =
𝑒𝑒𝑒𝑒𝑒𝑒(−𝑢𝑢𝑡𝑡)

𝑒𝑒𝑒𝑒𝑒𝑒(−𝑢𝑢𝑡𝑡) + 𝑒𝑒𝑒𝑒𝑒𝑒�−𝑢𝑢𝑔𝑔�
, 𝑓𝑓 = 𝛼𝛼𝛼𝛼 + (1 − 𝛼𝛼)𝑔𝑔 Eq.(3) 

This gate increases the weight of the branch with a smaller predicted uncertainty. In clips with prominent 
polygon boundaries, the shallow branch generally has a stronger signal; for those lacking nonlocal context, the 
adapted DINOv2 tokens are usually given higher weights. 

An inverse-variance gate is computed for each spatial token individually, rather than a single global one. Thus, 
the model can use geometry features in a local line-end region and, at the same time, employ adapted semantic 
tokens for a nearby long-range spacing interaction. Add a small upper bound to the uncertainty values during 
training to avoid shutting off a branch permanently. The classifier receives the fused map after average pooling 
and a small attention-pooling layer, and maintains a compact enough inference path for clip-scale screening. 

Training employs class-balanced sampling because hotspot clips are significantly rarer than clean clips in the 
actual verification database. Mini-batches contain equal positive and hard-negative samples, while easy 
negatives are refreshed every epoch from density-matched layout regions. Jointly optimize the adapter 
parameters, uncertainty heads and the classifier; do not update the frozen backbone. This Design reduces 
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memory consumption and makes it convenient to reproduce when the backbone is shared by multiple 
verification tasks. Hard negatives are selected from density-matched non-hotspot clips whose preliminary scores 
lie close to the decision threshold. 

The hotspot probability is produced by a lightweight classifier 𝐶𝐶(⋅). Calibration is encouraged during training by 
combining focal loss with a differentiable expected-calibration surrogate: Here, acc denotes empirical bin 
accuracy and conf denotes average predicted confidence within the same bin; the temperature parameter is 
fixed after validation. 

ℒ = ℒfocal (𝑦𝑦,𝐶𝐶(𝑓𝑓)) + 𝜆𝜆 �  
𝑀𝑀

𝑚𝑚=1

|𝑎𝑎𝑎𝑎𝑎𝑎(𝐵𝐵𝑚𝑚) − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐵𝐵𝑚𝑚)| Eq.(4) 

The second term divides predictions into confidence bins 𝐵𝐵𝑚𝑚 and penalizes disagreement between empirical 
accuracy and average confidence. The scalar 𝜆𝜆 controls the calibration-accuracy trade-off and is set through 
validation. 

For inference, the final calibrated risk score is computed with temperature scaling: 

𝑝𝑝 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �
𝑠𝑠
𝑇𝑇
� ,𝑇𝑇 > 0 Eq.(5) 

where 𝑠𝑠 is the classifier logit and 𝑇𝑇 is fitted on a validation split. Figure 2 illustrates the training and inference 
protocol, including clip generation, imbalance-aware sampling, adapter optimization, validation-based 
temperature fitting, and calibrated ranking for engineering review. 

 
Figure 2. Training and inference protocol for uncertainty-calibrated hotspot ranking. 

Experimental Evaluation and Analysis 
The benchmark includes 62,400 layout clips generated by transformer-style routing and standard-cell-adjacent 
regions. Training, validation and test sets are blocked to avoid near-duplicate leakage. The test set contains 8,700 
non-hotspot clips and 1,900 hotspot clips, as well as extra labels for nominal, defocus-positive, defocus-negative 
and exposure-low corners. Baselines are a ResNet-50 classifier, a Swin-style transformer, a ViT adapter without 
uncertainty gating, and a DINOv2 linear-probe variant. Based on the engineering hotspot evaluation practice, 
F1-score, recall, false-alarm rate, area under the precision-recall curve, expected calibration error and screening 
throughput are reported [20]. Hotspot clips are defined by a simulated contour deviation and a minimum 
process-window margin, and non-hotspot clips are sampled from visually similar dense areas to prevent an 
artificially easy classification problem. The positive class is 17.9% of the test set, and thus, precision-recall curves 
can be used for analysis. Evaluation also records calibration to prevent the waste of simulation resources on a 
hotspot detector with high recall but poor ranking of confidence. All baselines use the same augmentation policy, 
such as small translations, raster dilation jitter, and density-preserving random crops; thus, the reported 
differences primarily stem from model structure. The five random block partitions of the data protocol are used, 
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and then the reported numbers are averaged before generating the figure. The standard deviations for the F1-
score are relatively small, at 0.18 to 0.41 percentage points, but they are larger for false alarms due to a small 
number of dense clips in the negative review queue. This is a problem in engineering application; although the 
detector has good average accuracy, the resulting review load is unstable. The calibrated model is evaluated 
under the same threshold policy after temperature fitting, and a baseline is not penalized simply because its raw 
logits have a different numerical scale. Labels are generated from lithography-simulation criteria, and the block-
level split is used to reduce layout-neighborhood leakage between training and testing. 

Representation transfer and calibrated fusion improve both detection and confidence quality over the baseline. 
Figure 3(a) shows the F1-scores of 91.4%, 93.1%, 94.0%, 94.8%, and 96.2% for ResNet-50, Swin-T, ViT-Adapter, 
DINOv2 linear probe, and the proposed model, and Figure 3(b) illustrates the rise in hotspot recall from 90.8% 
to 97.1% with a false-alarm rate of 4.6%. The reported values are averages over repeated block partitions, and 
the operating threshold is selected on the validation set before test evaluation. 

 
Figure 3. Baseline comparison: (a) F1-score across models; (b) recall and false-alarm rate; (c) precision-recall curves; (d) expected 

calibration error. 
 

Figure 3(c) shows the precision-recall curves, and the proposed model has reached an AUPRC of 98.1%, 
exceeding the best baseline by 1.9 percentage points. Figure 3(d) shows the calibration bars, and the expected 
calibration error for ResNet-50 is 8.7%, for ViT-Adapter is 6.1%, and for the proposed method is 2.9%. In light of 
the above, recently, transformer representations have also shown good performance in layout screening under 
a controlled domain shift training protocol [21]. ResNet-50 baseline has produced an obvious separation 
between hotspot and non-hotspot clips, but its errors are concentrated in long parallel metal runs where the 
risky feature depends on a remote line-end rather than on local density alone. Swin-T reduces some of this error 
by using shifted-window attention, but its confidence is still high for several low-margin non-hotspots. DINOv2 
linear probe performs better than supervised baselines with only a shallow head, indicating that the frozen self-
supervised tokens already contain useful contour and repetition cues. The proposed model is an improvement 
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over the above probe by adding adapter modules to modulate the token responses according to layout-specific 
failure modes and avoids the influence of shallow geometry features in ambiguous clips via a fusion gate. 
According to the examination of the precision-recall curve, an improvement is not observed at a single, narrow 
threshold. In the range of 92%-97% recall, the proposed curve is higher than that of the competitor; thus, it 
meets the condition that hotspot escapes are more costly than extra reviews. Calibration bars are also different: 
the strongest non-calibrated transformer still assigns a confidence of over 0.9 to many samples with empirical 
accuracy close to 0.84. After calibration, the confidence bins of the proposed model are closer to the empirical 
accuracy and thus more suitable for ranking than for binary filtering. 

 
Figure 4. Ablation and calibration behavior: (a) component-wise F1-score; (b) ECE across variants; (c) hotspot score distributions; (d) 

calibration-loss sweep. 
 

An ablation study examines the impact of adapter tuning, feature fusion and uncertainty calibration separately. 
Figure 4(a) shows that the frozen linear probe reaches 94.8% F1, adding adapters increases it to 95.5%, adding 
deterministic fusion reaches 95.8%, and enabling uncertainty-calibrated fusion reaches 96.2%. Figure 4(b) shows 
that the expected calibration error for the same variants is 5.4% before calibration and 2.9% after adding 
calibration to the training objective. The ablation analysis now highlights that lambda denotes the calibration-
loss weight and that moderate calibration improves reliability without suppressing recall. 

Figure 4(c) is the violin plot of hotspot scores, and it shows that the median positive score increases from 0.81 
to 0.92 and the interquartile overlap with negatives narrows by 43.5%. Figure 4(d) shows that lambda = 0.08 
provides a good compromise, achieving 96.2% F1 and 2.9% ECE; larger values below 0.15 still calibrate but start 
to reduce recall. Similar calibration trade-offs have been reported in visual inspection scenarios that also 
incorporate confidence ranking in the engineering design [22]. The ablation data also show that deterministic 
fusion is not the same as uncertainty-calibrated fusion. Concatenating only the geometry and token features 
does not learn many useful complementary cues for the classifier, and it is still overly sensitive to some high-
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density false positives. The uncertainty gate reduces the weight of a branch when its predicted variance is high 
in a local area to change this behavior. Qualitative inspection of the score maps shows that the uncertain areas 
often correspond to line-end neighbourhoods, via-adjacent gaps, and asymmetric spacing patterns. These are 
precisely the cases where a single visual cue is not sufficient, as the same local shape can be safe or dangerous 
depending on the surrounding environment. Calibration-weight sweep shows why the selected lambda is 
moderate. When lambda is zero, the model only considers discrimination and will expand the logit margin for 
uncertain clips. A small positive number will reduce inflation and keep the class boundary relatively unchanged. 
If lambda is too large, the model will prioritize high confidence over high recall, and thus be unsuitable for 
hotspot screening. Therefore, the selected environment is an engineering compromise; uncertainty should guide 
feature selection and score interpretation, but it should not obscure the real hot spot sensitivity. 

Hotspots are rarely uniformly distributed in the process window, so robustness to manufacturing and labelling 
perturbations is required [23]. Figure 5(a) is the corner-wise recall under nominal, positive defocus, negative 
defocus and low exposure conditions: 97.8%, 96.9%, 96.4% and 97.1% respectively. Figure 5(b) shows a single 
heat map of density-band by corner F1-score, and the lowest cell is 93.6% in the highest-density low-exposure 
band and the highest is 97.4% in the medium-density nominal band. The four process corners correspond to 
nominal, positive defocus, negative defocus, and low-exposure conditions, which represent common 
lithography margin shifts. 

The above data show that the uncertainty gate responds to changes in context rather than only improving the 
average nominal split [24]. A process-window experiment was designed to stress-test the model under the 
distribution of real-world motion, not artificial image corruption. Positive defocus spreads out narrow gaps; 
negative defocus shifts the contour bias near the end of the line; and low exposure reduces the apparent margin 
of thin structures. Thus, a heatmap can show the distribution of average recall rates in more detail. The highest-
density low-exposure band is the most difficult; dense routing increases the background similarity, and exposure 
loss raises the sensitivity to weak spacing violations. Even in this band, the calibrated model has a good F1 score 
and suggests that the adapter path learns more than the nominal-condition texture. Corner values also show 
that the nominal split is not an extremely high-end outlier. The recall in the four corners is 1.4 percentage points, 
and it is relatively small compared to the 3.8 percentage point spread of ResNet-50 in the same experiment. In 
high-density areas, the errors are primarily borderline clips where adjacent polygons have similar raster 
signatures at different exposure settings. The uncertainty gate will have a larger variance for these areas and 
thus be placed relatively higher in the review queue, even if the binary prediction is correct. This way is practical 
because difficult true positives and difficult false positives both require more attention in verification. 

 
Figure 5. Process-window robustness: (a) corner-wise recall; (b) density-band and corner F1 heat map. 

 
Noise and Data-Efficiency Experiments explore whether the adapter design is still effective when training labels 
are imperfect. Figure 6(a) shows F1-scores under 0%, 5%, 10% and 15% symmetric label noise; the proposed 
model drops from 96.2% to 92.6%, and ViT-Adapter drops from 94.0% to 88.7%. Figure 6(b) shows the learning 
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and calibration curves with 20%, 40%, 60%, 80% and 100% labeled data, and the proposed model reaches 93.7% 
F1 and 3.7% ECE at 40% data, then reaches 96.2% F1 and 2.9% ECE with all data. 

The pattern is consistent with the research that self-supervised pretraining and compact adaptation reduce the 
requirement for large task-specific labels [25]. The label-noise experiment is feasible because hotspot labels are 
frequently determined by simulation thresholds and may change after updating process recipes. Under 10% 
label noise, the proposed model maintains most of its original performance because the frozen backbone and 
adapter bottleneck limit memorisation of inconsistent labels. The learning-curve data show a similar effect with 
reduced annotation. With only 40% labelled data, the proposed model has already outperformed the full-data 
ResNet-50 baseline and its calibration curve is below 4% ECE. This behavior is suitable for new technology nodes 
where a small number of labelled clips are available and the verification team has not yet built a rich hotspot 
library. Sparse-label calibration curves are especially suitable for incremental deployment. If a detector is added 
early in a node, engineers may accept a small drop in recall but still require the confidence score to identify 
samples suitable for simulation. With 20% labelled data, the proposed model has not reached its highest F1 
score, and the ECE is still below 5%; therefore, the review budget will be allocated to uncertain clips. Adding 
more labels incrementally increases both discrimination and calibration but has not reached the threshold. 

 
Figure 6. Data and noise sensitivity: (a) label-noise robustness; (b) learning and calibration curves under labeled-data fractions. 

 
Engineering deployment depends on screening yield, model size and latency as well as isolated accuracy [26]. 
As shown in Figure 7(a), the proposed model screens 1,240 clips per second on a single workstation GPU, which 
is lower than 1,510 for ResNet-50 and 820 for the full ViT fine-tuning baseline. Figure 7(b) shows the parameter 
efficiency bubble plot, and the proposed model has 8.6 million trainable parameters and achieves 96.2% F1; full 
fine-tuning has 86.4 million trainable parameters and reaches 95.9% F1. Throughput was measured using batch 
inference on a single workstation GPU, and the comparison uses the same clip resolution for all models. 

Figure 7(c) shows the ranking of uncertain clips for secondary simulation; examining the top 12% most uncertain 
clips captures 71.5% of the residual errors, compared with 48.2% when only ranking by raw probability margin. 
Figure 7(d) is the threshold sensitivity; at the calibrated operating point p = 0.62, the recall is 97.1% and the 
false-alarm rate is 4.6%. The screening statistics meet the criteria for verification and thus avoid an expensive 
simulation step [27]. The other experimental evidence also supports the same direction for class imbalance [28], 
process-corner variation [29], and confidence-based inspection routing [30]. The Deployment Indicators have 
been optimized reasonably. ResNet-50 is faster, but due to its lower recall and weaker calibration, a wider review 
threshold would be needed to cover the same hotspot. Full transformer fine-tuning has many more trainable 
parameters and is slower; it does not improve accuracy significantly. The proposed model is in a middle ground: 
most of the backbone parameters are frozen, the trainable adapter footprint is small, and uncertainty ranking 
provides a direct routing mechanism for borderline clips to secondary simulation. The threshold curve also 
shows that the calibrated probability has a larger operating range, so engineers can choose a policy based on 
the review capacity rather than a small score cut-off. Another kind of value is a residual-error capture curve. 
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When only 8% of the clips are suitable for detailed simulation, uncertainty ranking covers more than half of the 
remaining errors, and margin ranking fails to identify many high-risk cases that have deceptively stable raw 
probabilities. The difference at a 12% review budget is 23.3 percentage points. The simulation facilities are 
generally allocated according to the schedule and cannot be chosen freely. A calibrated detector can forward 
the appropriate ambiguous clips without needing manual triage, and it does not claim to replace physics-based 
verification. 

 
Figure 7. Engineering deployment indicators: (a) screening throughput; (b) trainable-parameter efficiency; (c) residual-error capture by 

uncertainty ranking; (d) threshold sensitivity. 
Monitor Memory Usage in Inference as well. The proposed model has a larger activation footprint than the 
convolutional baseline because the frozen token map is kept until fusion, but the adapter-only training path 
significantly reduces optimizer state compared to full fine-tuning. In a batch of 256 clips, the peak training 
memory is 41.8% lower than that of the full fine-tuning baseline, and more negative examples can be added for 
hard-sample mining. Dense but safe areas often generate false alarms; thus, to enhance the threshold stability 
of the model, a larger set of hard negatives must be provided. The measured latency is still consistent with 
overnight block-level screening, and the uncertainty ranking can be exported as an ordered list for downstream 
lithography simulation. This memory paragraph has been connected to the deployment analysis because it 
explains why adapter-only training is practical for hard-negative mining. 

Conclusion 
This paper proposes a DINOv2-Adapter model for transformer hotspot prediction with uncertainty-calibrated 
feature fusion. The framework integrates frozen self-supervised patch representations, lightweight adapter 
tuning, shallow geometry cues and an inverse-uncertainty fusion gate. Confidence quality can be included in the 
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prediction objective, and thus the model supports hotspot screening in a way that meets the practical 
verification demands of an uncalibrated classifier. 

The study has some defects. The benchmark was built from a controlled layout collection and may not cover all 
foundry rule style, reticle enhancement setting, or rare failure pattern in production. The uncertainty module is 
relatively small in design; thus, it is computationally simple but less expressive of the uncertainty distribution. 
Figure placeholders also separate manuscript logic from the final artwork; therefore, camera-ready preparation 
still needs to insert the generated data figures and externally produced workflow diagrams. The limitations are 
expressed in a more formal manner, and plural forms such as foundry rule styles, reticle enhancement settings, 
and rare failure patterns are clarified. 

Future work will connect the calibrated predictor with active sampling and lithography-simulation prioritization 
and silicon feedback loops. Another good way is to expand the adapter structure to polygon-native and graph-
token representations and thus reduce rasterization artifacts. A deployable verification system would also be 
more effective if layouts, process recipes and hotspot definitions changed frequently. Future work is separated 
into active sampling, simulation prioritization, silicon feedback, and polygon-native representation learning to 
make the research directions easier to follow. 
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