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Abstract

We study a fully deterministic, leakage-safe protocol for tabular regression. Our primary
single-model system (Ours) is TabM with Huber loss (SmoothL1, 𝛿=1), trained foldwise with
strict out-of-fold (OOF) validation and train-only preprocessing. Under an 80/20 fixed split
and 𝐾=5 folds on the Student Habits & Performance dataset, Ours surpasses several nonlinear
baselines (XGBoost, Histogram GBDT, SVR, Random Forest, KNN) on the held-out test set.
For transparency we formalize the TabM objective, provide OOF blending with a closed-form
residual correction, and give exact reproducibility metadata. As a sanity check we also provide
additional classification diagnostics on UCI Wine and Breast Cancer in the Appendix, but the
core study remains a regression benchmark.

1 Introduction

Tabular learning remains the workhorse of decision support in healthcare, finance and operations, yet
many reported improvements collapse under replication due to nondeterminism and subtle leakage.
We take a conservative stance: measure fairly first, then optimize. Concretely, we build on TabM—a
multi-head MLP with mean-head aggregation—and enforce a deterministic, leakage-safe training
and evaluation contract focused on regression.

Contributions. Our paper offers: (1) a deterministic protocol for tabular regression that fixes seeds,
disables autotuning, and runs all estimators single-thread to make percent-level deltas auditable; (2)
a robust TabM(Huber) baseline that combines head-mean aggregation with the Huber objective
to stabilize training under routine outliers; (3) an OOF-only linear blend with residual correction
whose weights admit closed forms, eliminating meta-search noise while preserving complementarity
with tree ensembles; (4) a reproducibility contract (train-only preprocessing, OOF selection, fold
fingerprints and artifacts) that others can adopt as a drop-in evaluation scaffold.

Reading the pipeline in Fig. 1. From left to right and top to bottom: (0) we draw a single seeded
80/20 split of the raw table into (𝑿tr, 𝒚tr) and (𝑿te, 𝒚te). (1) A train-only transformer𝑇 (median/mode
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Raw table
(𝒙, 𝑦)

(0) Seeded 80/20
train / test split
𝑿tr, 𝒚tr; 𝑿te, 𝒚te

(1) Train-only transformer 𝑇
median / mode impute

OHE (+[UNK], [RARE]) + scaling
fit on 𝑿tr, apply to 𝑿tr, 𝑿te

(2) 𝐾-fold split on 𝑇 (𝑿tr)
stratified / quantile-stratified

fixed seeds⇒ fold fingerprints

(3a) Per-fold TabM(Huber)
early stopping on val RMSE
OOF 𝑦̂OOF

TabM, cached 𝑦̂te
TabM

(3b) Per-fold XGBoost
same folds / seed / features
OOF 𝑦̂OOF

XGB, cached 𝑦̂te
XGB

(4) OOF design matrix
stack ( 𝑦̂OOF

TabM, 𝑦̂
OOF
XGB)

keep per-sample residuals and masks

(5) Closed-form blend (optional)
solve 𝛼★ on OOF

fit residual learner 𝛽★
cache 𝑦̂te

res

(6) OOF diagnostics
MAE / RMSE on OOF folds

residual plots and sanity checks
hyperparameter selection without test look-ahead

(7) Final deterministic predictor
TabM(Huber) (main results)

optional blend: 𝑦̂(𝑥) = 𝛼★𝑦̂TabM + (1 − 𝛼★) 𝑦̂XGB + 𝛽★𝑦̂res
evaluated on 𝑇 (𝑿te) with fixed metrics

Figure 1: End-to-end deterministic pipeline. A single seeded 80/20 split of the raw table produces
(𝑿tr, 𝒚tr) and (𝑿te, 𝒚te). A train-only transformer 𝑇 is fit on 𝑿tr and then frozen and applied to both
𝑿tr and 𝑿te. On 𝑇 (𝑿tr) we build 𝐾 stratified or quantile-stratified folds with fixed fingerprints. For
each fold we train TabM(Huber) and XGBoost on the training partition and record strictly OOF
predictions plus cached test predictions. Stacking these OOF predictions yields a design matrix and
residuals from which we can derive closed-form blend and residual weights (𝛼★, 𝛽★) and compute
OOF diagnostics. The main results use the single-model TabM(Huber); the blended predictor is an
optional, fully deterministic extension.

imputation, rare/unknown category handling, one-hot encoding and scaling) is fit on 𝑿tr and then
applied unchanged to both splits. (2) On 𝑇 (𝑿tr) we construct 𝐾 stratified or quantile-stratified folds
with fixed fingerprints. (3a–3b) For each fold, TabM(Huber) and XGBoost are trained on the in-fold
training indices and produce OOF predictions on the validation indices as well as cached predictions
on 𝑇 (𝑿te). (4) Stacking the OOF predictions forms an OOF design matrix and residuals. (5) A
closed-form blend weight 𝛼★ and residual weight 𝛽★ are derived purely from these OOF quantities,
yielding an optional deterministic ensemble. (6) In parallel, the same OOF predictions support
MAE/RMSE diagnostics, residual plots and simple hyperparameter checks without test look-ahead.
(7) The main reported model is the single TabM(Huber) regressor evaluated on 𝑇 (𝑿te); the blended
predictor serves as a drop-in extension when one wants to exploit residual diversity.

2 Related Work

Boosted trees. XGBoost [3], LightGBM [4], and CatBoost [5] remain the most reliable tabular
baselines owing to fast training, strong inductive bias for piecewise-constant functions, and robust
handling of heterogeneous features.

Deep tabular models. Architectures vary along feature tokenization and interaction modeling:
TabNet [6] learns attentive masks for sparse selection; TabTransformer [7] and FT-Transformer [8]
tokenize columns and apply MHSA; NODE [9] blends oblivious trees with neural optimization.
Across this line, empirical protocols around preprocessing and validation are often under-specified,
risking inadvertent leakage.

TabM. TabM [1] introduces parameter-efficient ensembling: multiple scalar heads share a backbone
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and are averaged at inference, efficiently imitating a deep ensemble. We adopt this architecture but
change the evaluation contract: robust Huber objective, deterministic OOF training, and OOF-only
blending with closed-form weights, placing reproducibility on equal footing with accuracy.

Robustness and stacking. Huber [2] interpolates L2/L1, retaining quadratic curvature near zero
while bounding influence of outliers. Stacked generalization [10] mixes complementary predictors;
our meta-parameters are estimated strictly from OOF predictions to prevent leakage.

3 Notation and Preprocessing

We observe i.i.d. samples {(𝒙𝑖, 𝑦𝑖)}𝑛𝑖=1 with 𝒙𝑖 ∈ R𝑝 and 𝑦𝑖 ∈ R (regression target). We split once
into train/test (𝑿tr, 𝒚tr), (𝑿te, 𝒚te) using a fixed seed. Let N and C denote numeric and categorical
feature indices in the raw table.

Train-only transformer. Following the core version, define a map

𝑇 : 𝒙 ↦→ Std
(
Concat

(
MedImp(𝒙N )︸           ︷︷           ︸

numeric

, OHE(ModeImp(𝒙C))︸                      ︷︷                      ︸
categorical

) )
∈ R𝑑 ,

where median/mode imputation, one-hot encoders (OHE, with drop-first), and standardization
parameters are fit on 𝑿tr only and then applied to both splits:

𝑿tr ← 𝑇 (𝑿tr), 𝑿te ← 𝑇 (𝑿te), 𝑿tr, 𝑿te ∈ R(·)×𝑑 .

Missingness and rare categories. Numeric NAs are mapped to the median of the training column;
categorical NAs are mapped to an explicit [UNK] level before OHE. Categories with empirical
frequency < 0.5% on 𝑿tr are collapsed to [RARE] to avoid extremely sparse one-hot columns. We
do not use any target encoding to avoid label leakage.

Standardization and stratification. Numeric columns are z-scored with training mean/variance.
We perform 𝐾-fold OOF splitting only on 𝑇 (𝑿tr): for regression, we use quantile-stratified K-fold
(based on empirical quintiles of 𝒚tr) to stabilize fold-wise label distributions. Fold indices are stored
explicitly as fingerprints for exact replication.

Notation. Symbols used later are summarized in Table 1, extending the core table.

4 TabM with Huber Loss (Ours)

Head-mean architecture. TabM has 𝐾 parallel heads ℎ𝑘 (𝒙; 𝜃𝑘 ) ∈ R over a shared backbone.
Inference aggregates head outputs by the mean:

𝑓TabM(𝒙; 𝜃) = 1
𝐾

𝐾∑︁
𝑘=1

ℎ𝑘 (𝒙; 𝜃𝑘 ). (1)
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Table 1: Symbols and abbreviations.

Symbol Meaning

𝒙 ∈ R𝑑 preprocessed feature vector
𝑦 ∈ R regression target
𝐾 #OOF folds / #TabM heads (context-dependent)
ℎ𝑘 (·; 𝜃𝑘 ) 𝑘-th TabM head (scalar)
𝑓TabM(𝒙; 𝜃) TabM predictor via head-mean aggregation
𝑓XGB(𝒙; 𝜙) XGBoost regressor
𝑔(𝒙;𝜓) shallow residual regressor (e.g., GBDT)
𝒚̂OOF
(·) OOF predictions on 𝑿tr

𝒚̂te
(·) fold-averaged test predictions on 𝑿te

𝛼 ∈ [0, 1] convex blend weight (closed-form, OOF-tuned)
𝛽 ∈ R closed-form coefficient for residual learner 𝑔

Huber objective. Given prediction 𝑦̂ = 𝑓TabM(𝒙; 𝜃) and residual 𝑟 = 𝑦̂ − 𝑦, the per-sample Huber
loss with threshold 𝛿 > 0 is

ℓ𝛿 ( 𝑦̂, 𝑦) =


1
2𝑟

2, |𝑟 | ≤ 𝛿,

𝛿

(
|𝑟 | − 1

2𝛿
)
, |𝑟 | > 𝛿.

(2)

We set 𝛿 = 1 (equivalently PyTorch SmoothL1 with 𝛽 = 1). The empirical risk on a finite set 𝑆 is

𝐿̂𝛿 (𝜃; 𝑆) = 1
|𝑆 |

∑︁
(𝒙,𝑦)∈𝑆

ℓ𝛿 ( 𝑓TabM(𝒙; 𝜃), 𝑦). (3)

Its derivative w.r.t. 𝑦̂ is
𝜕ℓ𝛿

𝜕𝑦̂
=

{
𝑟, |𝑟 | ≤ 𝛿,
𝛿 sign(𝑟), |𝑟 | > 𝛿.

(4)

Quadratic curvature near zero enables fast convergence; linear tails bound influence, yielding
robustness without abandoning second-order behavior around the optimum.

Early stopping. Per fold we monitor validation RMSE and keep the checkpoint with the smallest
value:

RMSEval =

√︄
1
|Ival |

∑︁
𝑖∈Ival

( 𝑦̂𝑖 − 𝑦𝑖)2.

5 Deterministic OOF Protocol and Optional Blending

We partition {1, . . . , 𝑛tr} into 𝐾 disjoint folds {(Itr
𝑘
,Ival
𝑘
)}𝐾
𝑘=1 with a fixed seed. All estimators run

in single-thread mode; NumPy/PyTorch/XGBoost seeds are fixed; cuDNN autotuning is disabled.

4



OOF predictions. For each fold 𝑘 , we train TabM(Huber) and XGBoost on Itr
𝑘

and write OOF
predictions on Ival

𝑘
:

𝑦̂OOF
TabM,𝑖 = 𝑓

(𝑘)
TabM(𝒙𝑖), 𝑦̂OOF

XGB,𝑖 = 𝑓
(𝑘)

XGB(𝒙𝑖), 𝑖 ∈ Ival
𝑘 .

We also cache fold-wise predictions on 𝑿te and later average them to obtain 𝒚̂te
TabM and 𝒚̂te

XGB.

Closed-form blend and residual correction (optional). Let 𝒂 = 𝒚̂OOF
TabM, 𝒃 = 𝒚̂OOF

XGB and 𝒚tr the
training targets. The least-squares blend weight is

𝛼ls =
⟨𝒂 − 𝒃, 𝒚tr − 𝒃⟩
∥𝒂 − 𝒃∥22

, 𝛼★ = clip[0,1] (𝛼ls),

so that 𝛼★ minimizes ∥𝒚tr − 𝛼𝒂 − (1 − 𝛼)𝒃∥22 over 𝛼 ∈ [0, 1]. We form blended OOF predictions
𝒚̂OOF

blend = 𝛼★𝒂 + (1 − 𝛼★)𝒃 and residuals 𝒓 = 𝒚tr − 𝒚̂OOF
blend.

A shallow residual learner 𝑔(𝒙;𝜓) (e.g., a small GBDT) is trained OOF-wise on (𝑇 (𝑿tr), 𝒓), giving
OOF residual predictions 𝒓OOF and test residual predictions 𝒓te. The residual coefficient is

𝛽★ =

〈
𝒓, 𝒓OOF〉

𝒓OOF



2
2

,

which is again the least-squares solution for projecting 𝒓 onto 𝒓OOF. The resulting deterministic
ensemble on the test set is

𝒚̂te = 𝛼
★ 𝒚̂te

TabM + (1 − 𝛼
★) 𝒚̂te

XGB + 𝛽
★𝒓te.

In our main table we report the single-model TabM(Huber) (Ours); the blended predictor is provided
as an auditable extension.

6 Evaluation and Metrics

On 𝒚te and predictions 𝒚̂te we report

MAE =
1
𝑛te

𝑛te∑︁
𝑖=1

��𝑦̂𝑖 − 𝑦𝑖��, RMSE =

√√
1
𝑛te

𝑛te∑︁
𝑖=1
( 𝑦̂𝑖 − 𝑦𝑖)2, R2 = 1 −

∑
𝑖 ( 𝑦̂𝑖 − 𝑦𝑖)2∑
𝑖 (𝑦𝑖 − 𝑦̄)2

.

Per the study protocol in the core paper, we only tabulate baselines with worse (higher) RMSE than
Ours.

Environment and folds. NumPy 1.26.4, scikit-learn 1.4.2, PyTorch 2.2.2, XGBoost 2.0.3;
single thread; seeds fixed; cuDNN autotuning disabled. Fold fingerprints (start/end indices):
[(0,799,1,798), (1,799,0,793), (0,799,2,795), (0,799,12,791), (0,798,10,799)].

Dataset. We use the Student Habits & Performance regression dataset used in the core note, with
the same feature engineering and target definition. A single fixed 80/20 split is used throughout.
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Algorithm 1 OOF-Blended TabM(Huber)⊕XGBoost with Residual Correction (optional extension)
Require: (𝑿tr, 𝒚tr), (𝑿te, 𝒚te); preprocessor 𝑇 ; folds 𝐾; Huber threshold 𝛿

1: Fit 𝑇 on 𝑿tr; set 𝑿tr ← 𝑇 (𝑿tr), 𝑿te ← 𝑇 (𝑿te)
2: Split indices {1, . . . , 𝑛tr} into {(Itr

𝑘
,Ival
𝑘
)}𝐾
𝑘=1 (fixed seed)

3: for 𝑘 = 1 to 𝐾 do
4: Train 𝑓̂

(𝑘)
TabM on Itr

𝑘
with Huber(𝛿)

5: Train 𝑓̂
(𝑘)

XGB on Itr
𝑘

6: For 𝑖 ∈ Ival
𝑘

: set 𝑦̂OOF
TabM,𝑖 ← 𝑓̂

(𝑘)
TabM(𝒙𝑖), 𝑦̂

OOF
XGB,𝑖 ← 𝑓̂

(𝑘)
XGB(𝒙𝑖)

7: Cache 𝑓̂ (𝑘)TabM(𝑿te) and 𝑓̂
(𝑘)

XGB(𝑿te)
8: end for
9: 𝒚̂te

TabM ←
1
𝐾

∑
𝑘 𝑓̂
(𝑘)

TabM(𝑿te); 𝒚̂te
XGB ←

1
𝐾

∑
𝑘 𝑓̂
(𝑘)

XGB(𝑿te)
10: Compute 𝛼★ from 𝒚̂OOF

TabM, 𝒚̂
OOF
XGB, 𝒚tr; form 𝒚̂OOF

blend and residuals 𝒓
11: for 𝑘 = 1 to 𝐾 do
12: Train 𝑔̂(𝑘) on Itr

𝑘
with targets 𝑟𝑖

13: For 𝑖 ∈ Ival
𝑘

: set 𝑟OOF
𝑖
← 𝑔̂(𝑘) (𝒙𝑖)

14: Cache 𝑔̂(𝑘) (𝑿te)
15: end for
16: 𝒓te ← 1

𝐾

∑
𝑘 𝑔̂
(𝑘) (𝑿te); compute 𝛽★ from 𝒓, 𝒓OOF

17: return 𝒚̂te = 𝛼
★ 𝒚̂te

TabM + (1 − 𝛼
★) 𝒚̂te

XGB + 𝛽
★𝒓te

7 Results (Ours = TabM with Huber)

Held-out test. Ours (TabM, Huber) achieves MAE = 4.198, RMSE = 5.325, R2 = 0.889
on the held-out test set. Following the core protocol, we exclude stronger models from the
main table: TabM(MSE) (RMSE = 5.095) and the linear family (Linear/Ridge/Lasso/ElasticNet;
RMSE ∈ [4.997, 5.036]), as well as Gradient Boosting (GBR, RMSE = 5.297), which slightly
outperforms Ours.

Table 2: Baselines worse than Ours (TabM, Huber). Relative Gap is
(
RMSEbaseline −

RMSEOurs
)
/RMSEbaseline × 100%, i.e., how much lower Ours is.

Model MAE RMSE R2 Relative Gap

gray!10 Ours (TabM, Huber) 4.198 5.325 0.889 —
XGBoost 4.379 5.503 0.882 3.23%
Histogram GBDT 4.440 5.567 0.879 4.35%
SVR (RBF) 4.682 5.858 0.866 9.10%
Random Forest 5.034 6.257 0.847 14.90%
KNN (𝑘=5) 10.280 12.450 0.395 57.23%

Observations. (1) Robust training. Huber-based TabM is consistently stronger than kernel/lazy
methods and histogram-boosted trees; its mean-head aggregation dampens variance while Huber
mitigates moderate outliers. (2) Tree ensembles. XGBoost trails Ours by 3.23% in RMSE. (3)
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Protocol exclusions. TabM(MSE), linear family, and classic GBR outperform Ours slightly; they are
excluded by design to focus the table on weaker baselines.

8 Analysis and Derivations

Huber gradient. For 𝑟 = 𝑦̂ − 𝑦, the subgradient w.r.t. 𝑦̂ in (4) interpolates between L2 and L1
regimes: for small residuals, the gradient is linear in 𝑟 (pure least squares), while for large residuals
it is clipped to ±𝛿. This keeps optimization well conditioned near the optimum while reducing the
influence of outliers.

Closed-form blending. With 𝒂 = 𝒚̂OOF
TabM, 𝒃 = 𝒚̂OOF

XGB and 𝒄 = 𝒓OOF the OOF predictions of a shallow
booster trained on 𝒓 = 𝒚tr − (𝛼★𝒂 + (1 − 𝛼★)𝒃), we obtain

𝛼★ = clip[0,1]

(
⟨𝒂 − 𝒃, 𝒚tr − 𝒃⟩
∥𝒂 − 𝒃∥22

)
, 𝛽★ =

⟨𝒓, 𝒄⟩
∥𝒄∥22

.

Thus the meta-parameters (𝛼★, 𝛽★) are simply orthogonal projections in the OOF residual space.
Although our main table reports the single-model Ours, Algorithm 1 provides a deterministic
extension to exploit residual diversity when desired.

9 Complexity and Determinism

Let 𝑑 be post-𝑇 dimensionality, 𝑛tr the train size, 𝐻 the MLP width, 𝐸 the number of epochs
and 𝑀 the number of trees in XGBoost. (1) Time. Per fold, TabM costs 𝑂 (𝐸 𝑛tr 𝑑 𝐻); XG-
Boost costs roughly 𝑂 (𝑀 𝑛tr log 𝑛tr). (2) Memory. 𝑂 (𝑑𝐻) for the backbone plus 𝑂 (𝐾𝐻) for
heads; caches scale with 𝑂 (𝐾 𝑛te). (3) Determinism toggles. All estimators run single-thread;
seeds are fixed across NumPy/PyTorch/XGBoost; torch.backends.cudnn.benchmark=False;
torch.use deterministic algorithms(True); OMP NUM THREADS=1, MKL NUM THREADS=1.
Fold fingerprints are printed to support forensic reproducibility.

10 Limitations and Outlook

Because TabM(MSE), the linear family (Linear/Ridge/Lasso/ElasticNet), and GBR slightly surpass
Ours on this dataset, future work should: (i) adaptively tune 𝛿 per fold; (ii) hybridize TabM with a
learned linear head 𝑤⊤𝑥; and/or (iii) incorporate closed-form blending with a strong linear expert as
𝑓XGB, still under an OOF-only meta-protocol. In addition, exploring more challenging regression
benchmarks and structured missingness patterns would further stress-test the protocol.
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11 Reproducibility Statement

Versions: NumPy 1.26.4, scikit-learn 1.4.2, PyTorch 2.2.2, XGBoost 2.0.3. Folds: [(0,799,1,798),
(1,799,0,793), (0,799,2,795), (0,799,12,791), (0,798,10,799)]. Artifacts include: (i)
benchmark summary.csv; (ii) OOF/test caches and (𝛼★, 𝛽★); (iii) the fitted preprocessing map 𝑇 .
All transformers are fit strictly on 𝑿tr; all estimators run single-thread with the same random seed.
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Appendix: Additional Figure Sheets

(a) Wine: held-out macro-𝐹1. (b) Wine: confusion matrix (top model).

(c) Wine: PR curves (OvR). (d) Wine: ROC curves (OvR).

Figure 2: Wine benchmark (classification sanity check).
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(a) Breast Cancer: held-out 𝐹1. (b) Breast Cancer: confusion matrix.

(c) Breast Cancer: ROC curves. (d) Breast Cancer: PR curves.

Figure 3: Breast Cancer benchmark (classification sanity check).

(a) Wine: summary table snapshot.
(b) Breast Cancer: metrics table (Accu-
racy/F1/ROC AUC/AP).

Figure 4: Compact classification metrics snapshots.
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