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Abstract

This study evaluates leakage-controlled feature fusion for five shafting-adjustment tasks 
and one bevel-gear contact-pattern task on a synthetic benchmark. The complete TransXGB 
procedure combines fold-standardized raw inputs, out-of-fold Transformer latents, and out-
of-fold XGBoost leaf features. Ten methods were evaluated on identical repeated outer folds; 
the prespecified primary criterion was the six-task equal-weight mean standardized MAE 
across the pooled S0, S1, and S2 scenarios. Ridge achieved a slightly lower primary error 
than full TransXGB (0.211481 versus 0.211622), and inner selection over five Ridge penalties 
produced the same ordering (0.211430 versus 0.211622). In S1 and S2, TransXGB errors 
were 0.53% and 1.99% lower than prespecified Ridge, but both descriptive task-resampling 
intervals crossed zero. These scenarios were deliberately constructed with smooth and 
threshold nonlinearities, so the differences do not establish a general nonlinear advantage. 
Complete same-batch ablation outputs show that fixed inclusion of the XGBoost leaf branch 
did not yield a net error reduction in these six tasks, while raw-plus-Transformer was lowest 
in five tasks and Transformer removal worsened both pump tasks in all five folds. The leaf 
branch remains a leakage-controlled test of complementary tree-partition information; its 
result favors task-selective rather than fixed fusion. The benchmark does not demonstrate 
aggregate superiority or production accuracy.

Keywords: mechanical assembly; assembly accuracy prediction; leakage-controlled feature 
fusion; parameter-token Transformer; XGBoost; nested cross-validation; synthetic benchmark

1. Introduction
Dimensional variation propagates through mechanical transmission assemblies and 

affects shim selection, axial positioning, and bevel-gear contact. Classical dimensional chains 
remain the preferred transparent tool when signed closure equations, nominal dimensions, 
tolerance allocations, and deformation assumptions are available. Data-driven methods are 
attractive when interactions are nonlinear or incomplete, but their practical value depends 
as much on validation design as on nominal prediction error [1–6].

Recent work has applied neural surrogates, digital twins, multi-sensor learning, and 
Transformers to assembly-accuracy prediction [2–7]. Transformer attention can contextu-
alize parameter interactions, whereas gradient-boosted trees can partition threshold-like 
tabular behavior [8–11]. Their fusion is therefore plausible, but three gaps remain. First, 
a whole input vector represented as one token yields a 1 × 1 attention matrix and cannot 
express attention among parameters. Second, target-dependent leaf indices can create 
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optimistic stacking if a fusion model is trained on representations generated in sample. 
Third, comparison on a test set that has influenced architecture or hyperparameter selection 
is not independent, irrespective of whether the rows are later described as locked.

These concerns are especially important when the numerical tables are synthetic. Nor-
mally distributed tolerance-like draws can support controlled algorithm stress testing, but 
they are not production measurements and do not establish process capability, measurement 
validity, or cross-batch transfer [12–14]. Increasing the number of draws reduces Monte 
Carlo error only for the specified generator; it does not create additional physical evidence.

The evidence boundary is therefore methodological. Synthetic tolerance-like draws 
can test whether preprocessing, representation learning, and fusion are isolated within 
validation folds, but they cannot establish process capability, measurement validity, or 
transfer to a later manufacturing batch.

Accordingly, this study has four objectives: (1) define the six tasks and disclose 
which data-generation details are known and unknown; (2) implement parameter-level 
Transformer tokens and out-of-fold feature generation; (3) evaluate the complete leakage-
controlled fusion procedure and reference methods using one prespecified primary criterion, 
with all scenario-, task-, target-, contact-exclusion, learning-curve, and ablation views la-
beled secondary or exploratory; and (4) identify negative findings and the evidence required 
before any engineering deployment claim can be tested.

2. Materials and Methods
2.1. Mechanical Tasks and Data Identity

The front-transmission system is represented by five shafting-adjustment tasks and one 
bevel-gear contact-pattern task (Figure 1). Figure 1 is a task-location schematic rather than 
a manufacturing drawing. The shafting outputs are sleeve or shim dimensions; the contact 
outputs are four functional dimensions, l1–l4. Assembly-error and contact behavior in 
bevel gears motivate the separate contact task [15]. Five axial dimensional-chain schematics 
redrawn from the available assembly instructions are provided in Figures A1–A5 for the 
pump-motor input, pump-set input, intermediate-wheel, driving-bevel, and driven-bevel 
shafting systems. They identify the recorded component stacks, datums, closure dimen-
sions, and adjustment variables, but are not treated as a numerical worst-case or statistical 
tolerance-chain baseline because the archive does not contain complete signed closure 
equations and all drawing-level tolerance allocations. Table 1 defines the notation, and 
Table A1 lists the input and output schemas.

Figure 1. Vector schematic of the six prediction tasks: (a) five shafting locations and (b) four bevel-
gear contact-pattern dimensions. The drawing defines prediction locations only and is not used as a 
dimensional-chain model. T1–T6 identify the tasks; three-digit numbers are component identifiers 
with leading zeros. Colors distinguish task groups; line styles are defined in the legend.
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Table 1. Symbols and scenario notation.

Symbol Definition

d, m Number of input parameters and prediction targets
S0 Legacy synthetic input–output rows; original target rule unavailable
S1 Prespecified smooth-interaction synthetic mechanism
S2 Prespecified smooth plus threshold synthetic mechanism
D−k , Dk Base-fitting and out-of-fold representation rows
NMAE, NRMSE MAE or RMSE divided by the functional specification span

Data Composition, File Structure, and Scenario Coding
The submitted benchmark contains 5103 synthetic rows and exactly three consecutively 

numbered scenarios: S0_existing, S1_smooth, and S2_mixed. No standalone threshold-
only or high-noise scenario is included in the manuscript results or the submitted data 
package. Pump-set, intermediate-wheel, driving-bevel, and driven-bevel shafting each 
contain 900 rows (300 per scenario); pump-motor shafting contains 903 rows (301 per 
scenario); and contact-pattern prediction contains 600 rows (200 per scenario). Thus, every 
task is exactly balanced across S0/S1/S2 before cross-validation (Table 2).

Table 2. Task-wise input/output dimensions, pooled sample counts, and canonical scenario balance.

Task Inputs d Outputs m Pooled Rows S0/S1/S2

Pump-set input shafting 6 1 900 300/300/300
Pump-motor input shafting 7 1 903 301/301/301
Intermediate-wheel shafting 11 1 900 300/300/300
Driving-bevel shafting 10 3 900 300/300/300
Driven-bevel shafting 9 3 900 300/300/300
Bevel-gear contact pattern 3 4 600 200/200/200

The project archive also contained 40 measured assembly records, approximately 
20% of which showed evident entry errors or incomplete fields. Those records were used 
only to identify task definitions and plausible engineering ranges. No measured record 
was included as a modeling row, and no row-level linkage exists between the 40 records 
and the six legacy modeling workbooks. Because the assemblies had already been com-
pleted, additional prospective records and repeat measurements could not be collected for 
this revision.

Each task folder contains augmented_train.csv, augmented_validation.csv, and compo-
nent_audit_not_for_modeling.csv. The first two files contain synthetic_id, generator_seed, 
source_kind, scenario, the task-specific dimensional inputs, and the corresponding output 
columns. The audit file stores standardized linear, smooth, threshold, and noise components 
solely to verify the generator; these component labels are never supplied to a model as inputs 
or supervision. The former train and validation tables contribute 600 + 300 rows for each 
900-row task, 603 + 300 for pump-motor shafting, and 300 + 300 for contact pattern. Because 
those legacy roles had influenced prior development, they are pooled before the repeated 
nested-CV split and are not called an independent test set. Fold-local preprocessing and 
model selection are then applied to the pooled rows.

S0 consists of input–output rows copied unchanged from six legacy modeling work-
books. Project provenance identifies those workbooks as normally generated rather than 
measured production data, but the original S0 generator code, target equation, random 
seed, and noise specification were not archived. The S0 response therefore cannot be classi-
fied retrospectively as deterministic or stochastic. S1 uses newly drawn correlated normal 
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inputs and a Ridge-estimated linear response plus fixed smooth pairwise, quadratic, and 
sinusoidal terms. S2 uses the same input construction and adds two threshold-switching 
terms. Independent Gaussian noise with standard deviation 0.035 in standardized target 
units is added only to the newly generated S1 and S2 rows.

2.2. Synthetic Training-Data Construction
For S1 and S2, the legacy development workbooks supplied the input mean, marginal 

standard deviation, and correlation matrix. The correlation matrix was shrunk 15% toward 
identity, standardized multivariate-normal draws were clipped to [−3, 3], and values were 
transformed back to engineering units. This procedure did not regenerate or alter S0.

𝑅𝑠 = 0.85𝑅 + 0.15𝐼, 𝑧 ∼ 𝒩(0, 𝑅𝑠), 𝑧𝑗 ← clip(𝑧𝑗, −3, 3), 𝑥 = ¯𝑥 + 𝑠𝑥 ⊙ 𝑧.

For the newly generated S1 and S2 rows, a Ridge model fitted to standardized legacy 
inputs and outputs supplied a linear reference response. S1 added fixed smooth interaction 
terms; S2 added the same smooth terms and two threshold effects. The archived generator 
records every newly generated component. No corresponding decomposition is available for 
S0 because its original target-generation rule is unknown. Table 3 summarizes the scenarios.

y*  = ylinear  + IS 1,S2 𝜙s (z) + IS 2 𝜙t (z) + 𝜀, 𝜀∼𝒩(0,0.0352 ).

𝜙𝑠(𝑧) = 0.08𝑧𝑎𝑧𝑒 + 0.05 sin(𝑧𝑏 + 𝑧𝑐) + 0.04𝑧2
𝑓 .

𝜙t (z) = 0.10I(zg  > 0.7) − 0.08I(zb  < −0.5, zg  > 0).

Table 3. Prespecified synthetic scenarios.

Scenario Input Construction Target Construction Purpose

S0 Copied from legacy 
modeling workbooks Original rule, seed, and noise unavailable Provenance-limited 

reference
S1 Correlated normal inputs Linear + smooth interaction terms Smooth nonlinearity

S2 Correlated normal inputs S1 terms + threshold terms Mixed smooth/partition 
behavior

This construction was adopted because the archive of 40 real assembly records was 
too small for reliable model development, approximately one fifth contained evident 
record errors, and the completed assembly campaign could not be prospectively expanded. 
Correlated normal draws provide a tolerance-like numerical cloud, smooth interactions 
can reward contextual representations, and threshold terms can reward partition-based 
learners [8,9,16,17]. Nevertheless, the rule is not a material law, a signed dimensional 
chain, or a calibrated manufacturing process. The generator seed, row identifier, scenario 
label, executable rule, and SHA-256 hashes are archived. No generated row is relabeled 
as a measured part, and the increased row count must not be interpreted as additional 
physical evidence.

2.3. Parameter-Token Transformer
Unlike the earlier single-token formulation, each standardized scalar parameter is 

mapped to its own token. A learned feature-identity embedding distinguishes columns 
without treating spreadsheet order as a physical sequence:

𝑡ij = 𝑊𝑣
∼𝑥ij + 𝑒𝑗, 𝑇𝑖 = [𝑡𝑖1, … , 𝑡id] ∈ R𝑑×16.
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The encoder contains one layer, four attention heads, model width 16, a 32-unit GELU 
feed-forward block, dropout 0.15, residual connections, and LayerNorm. For head h,

𝑄ℎ = 𝑇𝑊𝑄
ℎ , 𝐾ℎ = 𝑇𝑊𝐾

ℎ , 𝑉ℎ = 𝑇𝑊𝑉
ℎ , 𝐴ℎ = softmax(



𝑄ℎ𝐾T
ℎ

√𝑑𝑘

)


, 𝑍ℎ = 𝐴ℎ𝑉ℎ.

Accordingly, Ah  has dimensions d × d rather than 1 × 1 and can contextualize pairs of 
assembly parameters. Mean pooling produces a 16-dimensional latent representation. A 
conventional MLP and a two-layer MLP matched as closely as possible to the Transformer 
trainable-parameter count are evaluated to distinguish attention effects from capacity effects.

2.4. XGBoost Leaf Representation and OOF Fusion
For each target, XGBoost (version 3.4.1) fits 80 regression trees with maximum depth 

2, learning rate 0.04, minimum child weight 3, row subsampling 0.85, column subsampling 
0.90, L2 regularization 3.0, and L1 regularization 0.01 [8]. Terminal-leaf identities are one-
hot-encoded in the fitting fold and reduced to 8 or 16 dimensions by fold-local TruncatedSVD 
(scikit-learn 1.8.0). The numerical XGBoost prediction is never used as a fusion input.

For each cross-fit split k inside an outer-training fold, the Transformer and XGBoost 
models are trained on D−k  and applied to Dk . The fusion head is trained only on Dk  labels 
paired with representations from models that did not train on those rows. Fold-standardized 
raw parameters are included as a transparent identity path:

𝑓𝑖 = [∼𝑥𝑖 ‖ ℎ(−𝑘)
𝑖 ‖ 𝑢(−𝑘)

𝑖 ] ∈ R𝑑+16+𝑞.

The fold-specific fusion head uses a 16- or 32-unit MLP, Huber or MSE loss, optional 
branch normalization, and an optional linear feature skip initialized by Ridge. These are 
feature-level operations; Ridge, Transformer, and XGBoost predictions are not stacked or 
averaged. Figure 2 separates the three feature lanes and the OOF barrier.

Figure 2. Leakage-controlled TransXGB architecture. Every fusion-training label is paired with raw, 
Transformer-latent, and XGBoost-leaf features generated within the permitted outer-training and 
cross-fitting boundaries; base-model predictions are not fusion inputs.

2.5. Repeated Nested Cross-Validation
The former held-out test/validation set had been used during prior architecture com-

parison and therefore ceased to be independent. The present analysis pools the former 
development and validation rows and evaluates the complete selection procedure by re-
peated nested cross-validation. Identical outer folds are used for every method. TransXGB 
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selects between two frozen candidates inside each outer-training fold. Reference models use 
prespecified fixed configurations in the primary benchmark; because Ridge is the aggregate 
leader and principal comparator, a requested model-selection sensitivity analysis addition-
ally selects alpha from {0.01, 0.1, 1, 10, 100} by the same three-fold inner-CV objective and 
outer folds. Figure 3 and Table 4 summarize the protocol.

𝐸̂outer =
1

RK

𝑅
∑
𝑟=1

𝐾
∑
𝑘=1

𝐸(𝑦𝑟,𝑘, ˆ𝑦𝑟,𝑘), 𝑅 = 3, 𝐾 = 5.

Figure 3. Repeated nested-CV protocol. The inner loop selects a prespecified TransXGB candidate 
using only the outer-training fold; the outer test fold is accessed once for scoring, and the process 
yields 15 outer-OOF predictions per task.

Table 4. Leak-controlled training and validation protocol.

Element Frozen Specification Purpose

Outer evaluation 5 folds × 3 repeats Primary: equal-task combined standardized MAE

Inner selection 3 stratified folds Two TransXGB candidates; Ridge sensitivity uses the 
same folds

Cross-fitting 3 folds within outer training OOF Transformer and leaf features for fusion
Neural fitting AdamW [18]; batch 32; lr 8 × 10−4 12 epochs, patience 3 in outer fits
Inner neural fitting Same optimizer 6 epochs, patience 2
Stratification Scenario × legacy source role The same outer folds for all models
Learning curves 25/50/75/100%; first outer repeat Five-fold descriptive secondary analysis
Ablation Full; −Transformer; −leaf; raw only Five-fold fixed-configuration secondary analysis

Candidate A is the task-specific configuration frozen before the nested rerun. Candidate 
B is generated mechanically from A by swapping leaf-compression dimension 8 and 16, 
swapping fusion width 16 and 32, toggling branch normalization, disabling feature gating, 
and using a shared output head; all other task-specific settings are inherited. Both candidates 
use the same parameter-token encoder, raw-input lane, OOF Transformer and leaf features, 
optimizer, and data boundary. The inner objective is equal-target standardized MAE. 
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Appendix Table A2 lists the exact task-level candidates and selection counts; L/W/N/H 
denotes leaf dimension, fusion width, normalization (1 = yes), and head type (S = shared; 
P = per-target). No candidate was changed after outer-OOF inspection.

2.6. Reference Models and Metrics
Figures A1–A5 provide the five available engineering dimensional-chain schematics 

and identify their component stacks and adjustment variables. A numerical dimensional-
chain baseline could not be reconstructed because the archive lacks complete signed closure 
equations, deformation terms, and drawing-level tolerance allocations. The primary ref-
erence models (Table 5) therefore use frozen specifications on the same outer folds. The 
nested Ridge sensitivity analysis tests whether the main comparison depends on its fixed 
alpha; the remaining fixed baselines are secondary references rather than compute-matched 
claims of model-class superiority.

Table 5. Models evaluated on identical outer folds.

Model Specification Role

Training mean Per-target mean Constant R2  reference

Ridge alpha = 1 primary; alpha in {0.01, 0.1, 1, 
10, 100} sensitivity Primary linear comparator

Conventional MLP 32–16 hidden units Standard tabular neural baseline
Matched MLP Two equal-width layers Approximately matches Transformer parameters
XGBoost direct 80 trees/target, depth 2 Direct tree prediction
Transformer Parameter-token encoder + head Standalone attention model
RBF-SVR Prespecified defaults Kernel baseline
Random Forest Prespecified defaults Bagged-tree baseline [19]
Extra Trees Prespecified defaults Randomized-tree baseline
TransXGB OOF feature fusion Proposed evaluation pipeline

MAE, RMSE, MSE, and R2  are calculated separately for each target. Cross-task com-
parisons use standardized MAE, with the target standard deviation estimated only from 
the corresponding outer-training fold. Contact-pattern results additionally use NMAE and 
NRMSE with functional spans of 1, 2, 2, and 4 mm:

NMAE =
MAE

USL − LSL , NRMSE =
RMSE

USL − LSL .

The prespecified primary evaluation criterion is the six-task equal-weight mean stan-
dardized MAE across pooled S0, S1, and S2 outer-OOF predictions. This criterion gives 
each task family equal weight regardless of row or target count. Scenario-specific values, 
task and target rankings, the analysis excluding contact outputs, learning curves, compo-
nent ablation, and tuned-Ridge comparison are secondary or exploratory. For the paired 
TransXGB-Ridge difference, the six task-family means were resampled with replacement 
20,000 times; the resulting 2.5th and 97.5th percentiles are descriptive task-mix sensitivity 
intervals, not population confidence intervals. Appendix Table A3 reports every paired 
difference by task, scenario, and repeat.

3. Results
3.1. Method-Level Repeated Outer-OOF Results

On the primary criterion (Table 6; Figure 4), prespecified Ridge ranked first at 0.211481 
and full TransXGB ranked second at 0.211622. The paired difference (TransXGB minus 
Ridge) was +0.000141, or 0.07% relative to Ridge, with a descriptive 95% task-resampling in-
terval of −0.003913 to +0.004447. The repeat-specific differences were −0.000059, −0.000717, 
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and +0.001200. In the matched model-selection sensitivity analysis, inner-selected Ridge 
achieved 0.211430, so the primary ordering was unchanged, and the TransXGB disadvan-
tage increased slightly to 0.000192 (0.09%). The aggregate evidence does not support 
TransXGB superiority.

Table 6. Six-task method-level performance under repeated nested cross-validation.

Model Mean Standardized MAE SD Across Repeats Rank

Ridge 0.211481 0.000294 1
TransXGB 0.211622 0.001255 2
Matched MLP 0.235044 0.001153 3
RBF-SVR 0.251756 0.000383 4
MLP 0.272260 0.005216 5
Extra Trees 0.318113 0.000251 6
Random Forest 0.331266 0.000725 7
XGBoost 0.359129 0.000176 8
Transformer 0.542243 0.001826 9
Training mean 0.748785 0.000333 10

Figure 4. Six-task mean standardized MAE from outer-OOF predictions. Error bars show the standard 
deviation across three outer repeats; lower values are better.

3.2. Task- and Target-Level Performance
In the secondary task-level view (Table 7; Figure 5), full TransXGB ranked first for 

pump-set, pump-motor, and intermediate-wheel shafting; Ridge ranked first for both 
bevel-shafting tasks; and RBF-SVR ranked first for contact pattern. These heterogeneous 
task rankings do not replace the primary equal-task aggregate, on which Ridge remained 
marginally better.
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Table 7. Combined-view task-family standardized MAE.

Task Ridge MLP Matched XGB Transformer SVR TransXGB Best

Pump-set input shafting 0.0679 0.1079 0.0776 0.3648 0.4261 0.0876 0.0657 TransXGB
Pump-motor input shafting 0.0729 0.1305 0.0910 0.2436 0.4729 0.1056 0.0665 TransXGB
Intermediate-wheel shafting 0.0673 0.1451 0.1104 0.2060 0.5888 0.1203 0.0658 TransXGB
Driving-bevel shafting 0.2287 0.3210 0.2707 0.4065 0.5518 0.3156 0.2354 Ridge
Driven-bevel shafting 0.2881 0.3675 0.3182 0.3835 0.6307 0.3788 0.2962 Ridge
Bevel-gear contact pattern 0.5439 0.5615 0.5423 0.5504 0.5831 0.5026 0.5401 RBF-SVR

Figure 5. Task-level standardized MAE for all ten methods. Red outlines identify the lowest error in 
each task.

In the secondary nonlinear-scenario view, full TransXGB achieved equal-task stan-
dardized MAE values of 0.103120 in S1 and 0.106238 in S2, compared with 0.103666 and 
0.108390 for prespecified Ridge. The observed reductions were 0.53% and 1.99%; paired 
task-resampling intervals (−0.006642 to +0.005563 in S1 and −0.007366 to +0.003210 in S2) 
crossed zero. Inner-selected Ridge yielded 0.103677 and 0.108463, corresponding to simi-
larly small TransXGB reductions of 0.54% and 2.05%. Because S1 and S2 were deliberately 
constructed with smooth and threshold terms, these mechanism-specific point differences 
do not establish a reproducible or general nonlinear advantage.

The target-ranking and contact-exclusion summaries (Table 8; Figure 6) are exploratory. 
After excluding the four failed contact outputs, full TransXGB ranked first for six of nine 
shafting targets under MAE, RMSE, and R2. This selected view does not alter the primary 
aggregate result, the intervals crossing zero, or the negative leaf-branch ablation.
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Table 8. Combined-view TransXGB target-level results.

Target MAE MAE SD RMSE R2 NMAE Ranks 
M/R/R2 

Pump shim 0.01107 0.00006 0.01507 0.9920 — 1/1/1
Pump-motor sleeve 0.04186 0.00075 0.06296 0.9900 — 1/1/1
Intermediate shim 0.04750 0.00051 0.06839 0.9910 — 1/1/1
Drive sleeve 0.00175 0.00001 0.00247 0.9911 — 1/1/1
Drive nut shim 0.00575 0.00003 0.00799 0.9918 — 1/1/1
Drive shim 1 0.04401 0.00086 0.07535 0.0331 — 4/5/5
Driven shim 2 0.06529 0.00040 0.11281 0.0377 — 3/5/5
Driven shim 3 0.07352 0.00060 0.11933 0.8285 — 2/2/2
Driven shim 1 0.00570 0.00004 0.00773 0.9921 — 1/1/1
Contact l1 0.03074 0.00006 0.05421 0.0822 0.0307 2/6/6
Contact l2 0.03023 0.00048 0.05539 −0.0081 0.0151 4/7/7
Contact l3 0.03333 0.00057 0.06116 0.0430 0.0167 3/5/5
Contact l4 0.04884 0.00025 0.08699 0.0919 0.0122 2/3/3

Ranks are among ten models. NMAE is reported only for contact outputs and uses the functional span.

Figure 6. TransXGB rank by MAE, RMSE, and R2  for each target under repeated outer-OOF evaluation.

3.3. Contact-Pattern Boundary Case and Normalized Metrics
The four S0 R2 values (Table 9; Figure 7) ranged from −0.0391 to −0.0140 and were all 

below the training-mean reference. Thus, the model did not achieve reliable individual-level 
discrimination for these legacy synthetic contact rows. Because the original S0 target rule 
is unavailable and no measured contact assemblies were modeled, the failure cannot be 
attributed to a specific physical cause. The three retained inputs omit tooth-flank geometry, 
surface state, load, inspection conditions, material, heat treatment, machining variation, 
and measurement-system information that a future production study would need to collect. 
Negative R2 is reported as a boundary result for this benchmark, not as evidence that contact 
pattern is intrinsically unpredictable.
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Table 9. TransXGB contact-pattern performance on the S0 legacy stratum.

Indicator MAE RMSE R2 NMAE NRMSE

l1 (2.5–3.5 mm) 0.07459 0.09221 −0.0391 0.0746 0.0922
l2 (5–7 mm) 0.07498 0.09483 −0.0287 0.0375 0.0474
l3 (14–16 mm) 0.08224 0.10432 −0.0247 0.0411 0.0522
l4 (24–28 mm) 0.11975 0.14839 −0.0140 0.0299 0.0371

Figure 7. Repeated outer-OOF TransXGB predictions for the four S0 contact-pattern indicators. 
Dashed lines indicate exact agreement.

3.4. Sample-Size and Component Analyses
TransXGB error decreased substantially with additional rows for all tasks (Figure 8; 

Table 10), but only pump-set, pump-motor, and intermediate-wheel ended below Ridge 
at 100% training size. Contact and both bevel-shafting tasks did not show a TransXGB 
advantage at the available sample size. None of these curves establishes a production-data 
plateau because all points reuse the same generator and omit batch-level variation.
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Figure 8. Five-fold learning curves for Ridge and TransXGB using 25%, 50%, 75%, and 100% 
of the available outer-training rows. These curves assess convergence only within the specified 
synthetic mechanism.

Table 10. Learning-curve endpoints.

Task Ridge 25% Ridge 100% TransXGB 25% TransXGB 100%

Pump-set input shafting 0.0704 0.0680 0.0809 0.0661
Pump-motor input shafting 0.0762 0.0729 0.0812 0.0655
Intermediate-wheel shafting 0.0701 0.0672 0.0912 0.0661
Driving-bevel shafting 0.2520 0.2285 0.2888 0.2314
Driven-bevel shafting 0.3103 0.2879 0.3617 0.2946
Bevel-gear contact pattern 0.5850 0.5459 0.6430 0.5485

The complete same-batch rerun retained 120 fold-level evaluations (Table 11; Figure 9). 
Removing the XGBoost leaf branch lowered standardized MAE in all six tasks; full fusion 
was never best, raw-plus-Transformer was lowest in five tasks, and raw-only led the driven-
bevel task. Transformer removal increased MAE by 0.00244 (3.7%) for pump-set and 0.00317 
(4.8%) for pump-motor, while raw-only increased pump-motor error by 0.00478 (7.2%); 
each difference had the same direction in all five paired folds. The current fixed fusion 
therefore did not convert the leaf representation into a net gain; this supports task-selective 
inclusion, not the broader conclusion that tree-partition information has no value. Because 
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the Windows rerun environment differs from the pinned primary Linux environment, the 
ablation remains a secondary within-batch analysis.

Table 11. Leak-controlled component ablation (standardized MAE).

Task Full −Transformer −XGB Leaf Raw Only Lowest Variant

Pump-set input shafting 0.0653 0.0677 0.0641 0.0673 Without XGB leaf
Pump-motor input shafting 0.0662 0.0694 0.0640 0.0710 Without XGB leaf
Intermediate-wheel shafting 0.0669 0.0681 0.0647 0.0652 Without XGB leaf
Driving-bevel shafting 0.2334 0.2345 0.2270 0.2291 Without XGB leaf
Driven-bevel shafting 0.2968 0.2947 0.2935 0.2868 Raw only
Bevel-gear contact pattern 0.5434 0.5404 0.5248 0.5408 Without XGB leaf

Figure 9. Relative error change from the same-batch full TransXGB configuration in the complete five-
fold component-ablation rerun. Negative values indicate lower standardized MAE. All 24 task-variant 
cells use retained fold-level outputs and evaluate fixed inclusion rather than the intrinsic value of 
tree-partition information.

3.5. Discussion in Relation to Previous Studies
Prior assembly studies modeled motion-error propagation, nonlinear spline contact, 

stiffness identification, and multi-sensor quality signals [1–4]. Their physical systems 
and measured outputs differ from this synthetic benchmark, so direct numerical compari-
son would be misleading. The present contribution is the leakage-controlled evaluation 
procedure, explicit data provenance, and publication of negative architecture findings.

The parameter-token formulation corrects the earlier 1 × 1 attention defect and yields 
a valid contextual representation [7]. Valid attention, however, is not evidence of better 
prediction. Ridge remained better on the primary aggregate, and the small S1/S2 point 
differences occurred in mechanisms designed to contain nonlinear terms. They define a 
future hypothesis rather than demonstrate model-class superiority.

The leaf branch encodes XGBoost partition structure [8,10,11], and cross-fitting pre-
vents in-sample generation of its target-dependent features. It therefore provides a valid 
leakage-controlled test of complementarity with raw and Transformer features. Error was 
lower without the branch in all six tasks, showing that fixed fusion did not offset its re-
dundancy and variance, not that tree partitions are intrinsically uninformative. Future 
work should test nested task-level gating or stronger fusion regularization. Removing the 
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Transformer, by contrast, increased error in both pump tasks across all five paired folds. The 
evidence supports a simpler default configuration without claiming three-branch synergy.

Machine learning has previously been investigated for shim-gap estimation with sparse 
sensing [20]. Here, no signed dimensional-chain equations or measured assemblies were 
available, so the shafting tasks remain controlled numerical feasibility studies. A deployable 
workflow should place verified dimensional-chain calculations first, apply the learned model 
only inside a validated domain, and return uncertain or out-of-range cases to an operator.

A future operator-supervised workflow could combine signed dimensional-chain 
calculations with models validated on prospectively measured batches [5,6,21]. Its possible 
Industry 5.0 relevance is limited to traceability, human oversight, and explicit abstention [22]. 
The present study evaluates none of the required industrial outcomes: production accuracy, 
cross-batch transfer, operator performance, rework, energy use, or cycle time.

4. Limitations
First, all modeled rows are synthetic. S0 copies legacy modeling rows that project 

provenance identifies as normally generated, but their original target equation, random 
seed, and noise process are unavailable; S0 determinism or stochasticity therefore cannot be 
established. S1 and S2 have fully specified smooth and mixed response rules. The separate 
archive of 40 measured assembly records was used only for task definitions and ranges, had 
no row-level link to S0, and contributed no modeling rows.

Second, the underlying rows and broad architecture had been viewed during earlier 
development. Repeated nested CV prevents information flow across folds during the present 
rerun and evaluates the frozen selection procedure, but it cannot make the rows historically 
unseen. A prospectively collected cohort is still required for confirmatory inference.

Third, generated row identifiers do not encode production unit, component serial num-
ber, lot, operator, instrument, time, or rework. The repeated-CV variability therefore repre-
sents only row-level variation under the specified generator, not factory-level dependence.

Fourth, the three-input contact schema and the shafting schemas omit variables that 
a physical production study would normally examine, including material grade, heat 
treatment, machining route, tooth-flank geometry, surface condition, bearing preload, 
assembly torque, lubrication, temperature, housing deformation, inspection load, contact-
measurement settings, and measurement-system uncertainty. Because no measured rows 
were modeled and S0’s target rule is unavailable, the present benchmark cannot estimate 
the contribution of any omitted physical variable or use omission as a causal explanation 
for the contact result.

Fifth, the contact S0 task did not outperform the training-mean predictor, and complete 
fold-level ablation outputs did not show a net benefit from fixed XGBoost leaf-branch 
inclusion. Because S0’s generating rule is unavailable, the contact failure cannot separate 
generator mismatch, omitted variables, noise, and model bias. These negative findings 
constrain the contribution to evaluation methodology rather than feature-fusion superiority.

Sixth, no signed closure equations, nominal drawing dimensions, or tolerance allo-
cations were available for a dimensional-chain benchmark. Future work should compare 
model residuals with worst-case and statistical chain calculations rather than replace engi-
neering equations with a learned proxy.

Finally, learning curves were evaluated within one generator and cannot estimate the 
number of measured batches needed for deployment. Future work must prospectively 
collect batch-identified assemblies, evaluate operator interaction, compare against signed 
dimensional-chain calculations, and measure production yield, rework, cycle time, energy 
use, and workload.
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5. Conclusions
Objective 1—task and data definition. Five shafting-adjustment tasks and one contact-

pattern task were defined, and every modeled row was identified as synthetic. The S1/S2 
generator is fully specified; the unavailable S0 target rule and absence of measured records 
from the modeled dataset are now explicit.

Objective 2—architecture and leakage control. The Transformer now uses one token 
per parameter and d × d attention. The fusion MLP is trained only on fold-standardized 
raw parameters and Transformer/leaf representations that are out of fold for their feature 
generators; no base-model prediction is a fusion input.

Objective 3—common-protocol evaluation. The prespecified primary criterion was 
the six-task equal-weight combined standardized MAE. Ridge was slightly better than full 
TransXGB (0.211481 versus 0.211622), and matched inner selection for Ridge preserved that 
ordering (0.211430 versus 0.211622). The small S1/S2 point differences favoring TransXGB 
had descriptive intervals crossing zero and arose in deliberately nonlinear mechanisms. 
Removing the fixed leaf branch lowered error in all six ablations, motivating task-selective 
gating rather than rejection of tree partitioning itself. Conversely, Transformer removal 
worsened both pump tasks in every paired fold, and raw-plus-Transformer was lowest in 
five tasks; this is task-local evidence for simplification, not an aggregate superiority claim.

Objective 4—engineering-use boundary. The results support a reproducible evaluation 
of leakage-controlled feature fusion and document where the proposed components did 
not help. They do not establish production accuracy or transfer across batches. Prospec-
tive measurements, a verified measurement system, complete process covariates, signed 
dimensional-chain calculations, and a protocol fixed before data access are required for the 
next stage.

In summary, this methodological synthetic benchmark found Ridge best in aggregate 
and no net gain from fixed XGBoost leaf fusion. The leaf branch remains a valid leakage-
controlled probe of tree-partition complementarity, but its inclusion should be selected 
rather than assumed. Raw-plus-Transformer was lowest in five tasks, and Transformer 
removal worsened both pump tasks in every paired fold. This motivates testing task-selective 
fusion without claiming an advantageous full architecture.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/machines14111288/s1. The supplementary reproducibility pack-
age contains the synthetic datasets, executable evaluation code, generation records, pooled result 
tables, inner-selection records, learning-curve outputs, the complete same-batch fold-level component-
ablation rerun and environment record, paired task-scenario-repeat differences, the computational 
contract, and SHA-256 checksums.
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task datasets, generator records for S1/S2, the S0 provenance limitation, pooled analysis tables, 
inner-selection records, the complete 120-row fold-level ablation rerun, its summary and software-
environment record, and the task-scenario-repeat paired TransXGB-Ridge differences. The original 
full primary OOF prediction file was not retained in the archived package; the frozen entry point can 
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regenerate it. The frozen entry point is run_nested_cv_reanalysis.py. The completed analysis used 
Python 3.12.13, NumPy 2.3.5, pandas 2.2.3, scikit-learn 1.8.0, PyTorch 2.8.0 + cpu, and XGBoost 3.4.1 
on Linux-6.18.35-x86_64-with-glibc2.39 with 9 logical CPUs; CUDA availability was False. The master 
seed was 2026090901. Exact input and code hashes are stored in contract.json.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix A. Reproducibility Details
Appendix A.1. Engineering Dimensional-Chain Schematics

Figure A1. Pump-motor input-shafting axial dimensional chain, including bearings NJ2213/NJ2214, 
input sleeve 042, input gear 040, oil shield 044, retaining ring 125, the housing span, and the ground 
sleeve-043 closure variables X − Y and Z. Colored dimensions identify closure variables and overall 
spans; black dimensions denote the component stack. All dimensions are in millimetres.

Figure A2. Pump-set input-shafting axial dimensional chain, including retaining ring 50, adjustment 
shim 053 (X), round nut M52, bearings 6011, sleeve 052, and the 78 mm housing closure span. Yel-
low/orange identifies shim 053 (X); blue denotes the housing span. All dimensions are in millimetres.
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Figure A3. Intermediate-wheel shafting axial dimensional chain, including retaining ring 40, adjust-
ment shim 050 (X), round nut M42, bearing NUP2309, sleeve 049, gears 047/046/045, spherical roller 
bearing 22212, and the 221 ± 0.2 mm shaft-048 closure span. Yellow/orange identifies shim 050 (X); 
blue denotes the closure span. All dimensions are in millimetres.

Figure A4. Driving-bevel shafting dimensional chains: (a) shaft-side stack with bearings 32022, 
sleeve 020, nut M105, locking plate 007, retaining ring 100, and adjustment shims 008–011; 
(b) support-plate/outer-ring stack with selected sleeves 019 and 015–018 and the 0.03 mm axial-
clearance requirement. Yellow/orange identifies adjustment dimensions, blue denotes closure spans, 
and red denotes axial clearance. All dimensions are in millimetres.
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Figure A5. Driven-bevel shafting axial dimensional chain, including bearings 
N313/QJ315N2MA/N220ECP, bushing 027, sleeve 033, adjustment shims 2 and 3, the retaining-ring-
160 closure detail, and the 244 ± 0.5 mm driven-gear span. Blue denotes closure spans; X denotes the 
selected adjustment dimension. All dimensions are in millimetres.

Appendix A.2. Complete Input and Output Schema

Table A1. Frozen feature and target columns.

Task Input Parameters Prediction Targets

Pump-set input shafting
Retaining ring 50; round nut M52; rolling bearings 
6011 (left/right); pump-set sleeve 052; pump-set 

input shaft
Adjustment shim 053

Pump-motor input shafting
Housing total length; bearings NJ2213/NJ2214; 
input sleeve 042; input gear 040; oil slinger 044; 

retaining ring 125
Input sleeve 043 axial length

Intermediate-wheel shafting
Intermediate shaft 048; bearing 22212; three 

intermediate gears; sleeve 049; bearing NUP2309; 
round nut M42; ring 40; two shaft lengths

Intermediate-wheel 
adjustment shim

Driving-bevel shafting
Support plate 006; left/right bearing 32022 ring 

lengths; sleeves 020/019; nut M105; locking plate 
007; ring 100

Shaft sleeve 1; nut adjustment 
shim; adjustment shim 1

Driven-bevel shafting
Driven-shaft and assembly lengths; bearings N313 

left/right, QJ315N2MA and N220ECP; bushing 
027; sleeve 033; ring 160

Adjustment shims 2 and 3; 
shim 1

Bevel-gear contact pattern Adjustment shims 1, 2 and 3 Contact dimensions l1, l2, l3 
and l4
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Appendix A.3. Candidate Definitions and Nested Selection Frequencies

Table A2. Frozen TransXGB candidates and inner-CV selection counts across 15 outer folds.

Task A L/W/N/H B L/W/N/H A/B Selections

Pump-set 16/32/0/S 8/16/1/S 7/8
Pump-motor 8/32/1/S (MSE) 16/16/0/S (MSE) 14/1
Intermediate-wheel 16/32/1/S + gate 8/16/0/S 11/4
Driving-bevel 16/16/1/S 8/32/0/S 0/15
Driven-bevel 8/32/0/P 16/16/1/S 14/1
Contact pattern 8/32/1/S 16/16/0/S 15/0

Appendix A.4. Run Integrity
The completed run produced 315,090 target-level predictions across ten methods, three 

repeats, six tasks, and 13 outputs. The archived package does not contain that full prediction 
file; it contains the frozen entry point and contract needed to regenerate it. The run state 
is COMPLETE, and the contract records SHA-256 hashes for the included data, code, and 
result artifacts.

Appendix A.5. Paired TransXGB-Ridge Differences by Task Scenario and Repeat

Table A3. Standardized-MAE difference calculated as TransXGB minus Ridge.

Task Scenario Repeat 1 Repeat 2 Repeat 3

Contact pattern S0 +0.008632 +0.006575 +0.006017
Contact pattern S1 −0.013531 −0.007471 −0.004849
Contact pattern S2 −0.016926 −0.008953 −0.003940
Driving-bevel S0 +0.002201 +0.002889 +0.005918
Driving-bevel S1 +0.013680 +0.004968 +0.009890
Driving-bevel S2 +0.008318 +0.000538 +0.012452
Intermediate-wheel S0 −0.004644 −0.003623 −0.005955
Intermediate-wheel S1 +0.000698 +0.002239 +0.000676
Intermediate-wheel S2 −0.002250 −0.002097 +0.001460
Driven-bevel S0 +0.008379 +0.007164 +0.010198
Driven-bevel S1 +0.011715 +0.008881 +0.007679
Driven-bevel S2 +0.005712 +0.004242 +0.008734
Pump-motor S0 −0.003363 −0.006880 −0.008133
Pump-motor S1 −0.005817 −0.006264 −0.005288
Pump-motor S2 −0.005948 −0.007935 −0.008069
Pump-set S0 +0.010765 +0.008659 +0.011391
Pump-set S1 −0.009293 −0.009703 −0.008050
Pump-set S2 −0.009390 −0.006134 −0.008534

Negative values favor TransXGB; positive values favor Ridge. These 54 paired values are descriptive 
outer-repeat results for the fixed six-task benchmark and are not independent population replicates.
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