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Abstract

Generalized additive models (GAMs) offer interpretability through independent
univariate feature effects but underfit when interactions are present in data. GA2Ms
add selected pairwise interactions which improves accuracy, but sacrifices inter-
pretability and limits model auditing. We propose Conditionally Additive Local
Models (CALMs), a new model class, that balances the interpretability of GAMs
with the accuracy of GA?Ms. CALMs allow multiple univariate shape functions
per feature, each active in different regions of the input space. These regions are
defined independently for each feature as simple logical conditions (thresholds)
on the features it interacts with. As a result, effects remain locally additive while
varying across subregions to capture interactions. We further propose a principled
distillation-based training pipeline that identifies homogeneous regions with lim-
ited interactions and fits interpretable shape functions via region-aware backfitting.
Experiments on diverse classification and regression tasks show that CALMs con-
sistently outperform GAMs and achieve accuracy broadly comparable to GA%Ms,
while preserving the univariate auditability that GA%Ms forfeit. Overall, CALMs
offer a favorable trade-off between predictive accuracy and interpretability.

1 Introduction

In high-stakes decision making, machine learning models must provide not only reliable predictions
but also human-understandable explanations [31}[10]. This requirement has motivated the develop-
ment of interpretable-by-design models, whose structure permits direct inspection of their behavior
[30]. However, interpretability is a continuum rather than a binary property: interpretable-by-design
models span a spectrum where gains in predictive accuracy often entail greater structural complexity
(38 27].

This trade-off is particularly evident in GAMs [28] and their extension, GAXMs [[7]. GAMs achieve
high interpretability by modeling predictions as a sum of independent univariate effects, but this
strict additivity prevents them from capturing feature interactions, limiting their predictive accuracy.
GA’Ms add selected pairwise interactions, improving performance at the cost of crucial interpretabil-
ity properties [35]]. Specifically, interaction terms (i) obscure the unique attribution of the prediction
to individual features because the pairwise interaction terms are generally not additively separable
(ii) complicate global auditing by requiring the simultaneous inspection of multiple (univariate and
bivariate) effects. Section [3.3]analyzes these limitations in detail.

We introduce Conditionally Additive Local Models (CALMs), a new model class that strikes a balance
between the predictive accuracy of GA’Ms and the interpretability of GAMs. The core idea is to learn
conditional feature effects: multiple univariate effects per feature, each active within a distinct region
of the input space where the feature exhibits nearly additive behavior—that is, where it minimally
interacts with others. These regions are defined through threshold-based conditions on interacting
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Figure 1: CALMs use conditional feature effects: every feature effect is expressed by a collection
of 1D functions, each associated with a different region of the input space. The regions are defined
conditioning on the interacting features. In the example, the effect of z; conditions on x3, the effect
of x5 on x1, while x4 does not interact with any other feature and thus has a single plot. CALMs
are interpretable-by-design—summarized in d figures of 1D plots—and accurate, as they can model
feature interactions.

features. For example, if z; interacts with z;, a CALM may learn separate effects for ;; one when
r; < 7 and another when x; > 7 for some threshold 7. Figure [I]illustrates this representation.
Conditional effects thus enable interaction-aware modeling while maintaining (i) transparent feature
contributions and (ii) straightforward global model auditing.

To fit CALMs to data, we propose a three-step distillation-based pipeline: (1) Train a black-box
reference model to capture complex interactions present in the data; (2) Partition the input space
independently for each feature using CART-based splitters [17] optimized to minimize heterogene-
ity—a criterion that, when minimized, provably reduces feature interactions within the resulting
regions [19]]; (3) Fit region-specific shape functions using a region-aware extension of the standard
backfitting algorithm. This procedure efficiently identifies interacting features (e.g., x; interacts
with z;), optimal split points (e.g., 7 such that separate effects are learned for x; < 7 and z; > 7),
and requires minimal tuning—primarily the maximum allowed number of interactions per feature.
Extensive evaluation on diverse regression and classification benchmarks demonstrates that CALMs
consistently outperform GAMs in predictive accuracy, and often match GA?>Ms. Furthermore, we
formally show that CALMs satisfy key interpretability properties unsupported by GA>Ms. Code for
reproducing all experiments is provided in the supplementary material.

Contributions. (i) We introduce Conditionally Additive Local Models (CALMs), a novel
interpretable-by-design model class that balances GAM’s interpretability and GA?>Ms accuracy
via conditional feature effects. (ii) We develop a robust training algorithm based on distillation,
heterogeneity-minimization and region-aware backfitting. (iii) We provide a formal analysis of
the interpretability properties inherent in CALMs. (iv) We present extensive empirical evidence
demonstrating improved accuracy—interpretability trade-offs over GAMs and GA?Ms. (v) A within-
subjects user study (N=25) suggests that non-expert users interpret CALM plots more accurately than
heatmap-based bivariate-interaction visualizations (Appendix D).

2 Background and Related Work

Interpretable-by-design models enforce transparency in their decision-making process. Examples
include decision trees [4], rule lists [26} 2], and prototype-based classifiers [9, [3]. Among them,
GAMs [16, 42] stand as a particularly popular candidate, mainly due to their simple global inter-
pretability.

GAMs model the output as g(E[y|x]) = 8o+ >, fi(x;), where each f; is a univariate shape function,
Bo is the global intercept, and g is a link function. The key benefit of GAMs is that feature effects
can be independently visualized through a simple 1D plot. Methods for learning f; for all ¢ include
spline-based approaches [28| 42], gradient boosting [11], and neural-based variants [1} [25] [35].
However, standard GAMs assume that features contribute independently to the output, which limits
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their accuracy when feature interactions are present in data. To capture these interactions, GA’Ms add
pairwise terms: g(E[y|x]) = Bo + >_, fi(z:) + >, fij (@i, x;) [29]. GA’Ms instances vary
in (i) how they select the top-K interactions to maintain sparsity and (ii) how they learn f; and
fij. For example, [29]] greedily selects interactions based on loss reduction, while, neural-based
approaches [43] 23] |8] integrate pairwise interactions into standard neural-based architectures.

While GA*Ms improve accuracy, they obscure individual feature contributions and complicate model
auditing (see Section . A key open question remains: Can we approach GA>M-level accuracy
while maintaining GAM-level interpretability? To this end, we draw inspiration from regional
effect methods, which handle interactions by partitioning the feature space into subregions where
interactions are weak. To understand regional effects, consider first how standard global effects work.
Global effect plots, such as PDP, ALE or SHAP-DP, explain a black box model by decomposing its
complex d-dimensional function f(x) — y into d one-dimensional plots x; — y. However, when
strong interactions exist between x; and other features, these plots can yield misleading explanations
[12,[13]]. Regional feature effect plots address that by partitioning the feature space into subregions
where interactions are minimal [[17,[19]. Within each subregion, simple univariate plots accurately
represent feature effects without being confounded by interactions with other features. We adopt this
strategy to identify low-interaction subregions and then we fit shape functions within each subregion.

Our approach relates to model distillation [20} 40] and surrogate modeling [[15]. These approaches
train an interpretable “student” model to mimic a complex “teacher”, either locally [36] or glob-
ally [15]. However, instead of explaining the teacher, we use it to identify subregions with minimal
feature interactions, on which we then fit shape functions. In a rough analogy, CALM serves as the
interpretable-by-design “student” that replaces the black-box “teacher” as the final predictor. Other
works that share the above idea are: SLIM [22] and related analyses [18] propose tree-based models
with simple predictors in each region, mainly in the context of model distillation and explanation. In
contrast, our goal is not to approximate a black-box model, but to construct an interpretable-by-design
predictor with GAM-like structure. Related ideas also appear in [[14], which leverages regional
feature effects to build interpretable models; however, that work does not explicitly characterize the
interpretability guarantees of the learned model or evaluate them systematically.

3 CALM: Conditionally Additive Local Model

CALM captures feature interactions via conditional feature effects, a set of univariate shape functions
per feature, each active in a different region of the input space.

3.1 Model Formulation

Let X = (X1,...,X4) € X C R? be arandom vector with joint distribution Px over the input data,
x = (x1,...,xq) where X = Xj X - -+ x X;. We use the subscript —i to denote quantities excluding
the ¢-th feature (e.g., X_; defined on space X_;). Let also Y be the output random variable, with
Y € R for regression and Y € {0, 1} for binary classification. CALM is then defined as

d
gEIY | X =x]) = o+ Y S () (M)

i=1
where 8y € R is an intercept and ¢ is a link function (identity for regression and logit for classification).
For each feature i, CALM learns a set of univariate shape functions { fi(r) f;’l. At prediction time,
a region selection function r;(x_;) : R¥"! — {1,... R;} chooses the specific shape function for
x; based on the context of other features x_,. This allows the effect of x; to vary across regions,

effectively modeling feature interactions, while maintaining univariate interpretability within each
region. The final prediction is given by:

d
Form(x) = g~ (Bo +3 ff“’“”(xi)) @

i=1

For brevity, we use §(x) to denote the prediction feau(x). As in standard GAMs, identifiability
requires region-wise centering of each shape function; we adopt the centering constraint stated in
Appendix (Eq. . The selection function r;(x_;) partitions the input space (excluding z;)
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Algorithm 1 Training a CALM model

Require: Training data D = {(x(*, y()} ¥,
Output: CALM predictor fepru(x)
1: Step 1: Train reference model fros on D.
2: Step 2: Learn feature-specific trees 15, ¢ = 1,...,d.

3: Step 3: Estimate shape functions {{ fl-(r) g L

into P; := {RET') }fil, independently for each feature ¢, where each Rgr) C X_;. The goal of these
partitions is to minimize interactions between x; and other features within each region, ensuring the
effect of x; is accurately captured by a single univariate shape function. To maintain interpretability,
each partition is represented by a binary decision tree T; of maximum depth d,, ..., built over x_;.
Internal nodes apply axis-aligned splits, i.e., inequality thresholds z; < 7 or z; > 7 for continuous

features, and equality tests ©; = 7T or #; # 7 for categorical ones. Each leaf of the tree defines a
region Rl(-r). Formally, each region is defined by a conjunction of at most ml(-T) < dimag rules:

RET) = {X_i

where ji, € {1,...,d} \ {i} indexes an interacting feature, op,, € {<,>,=,#} is a comparison
operator, and 7, € R is a threshold.

mi"
N1 (25, opy, Tk)} : 3

CALM is able to capture feature interactions involving up to (d., + 1) features, as each region
conditions on up to d,,q, features. While increasing d,,,, can improve accuracy, it comes at
the cost of interpretability. To balance this accuracy-interpretability tradeoff, CALM exposes two
hyperparameters: d,,q; (tree depth) bounds the number of shape functions per feature to R; < 2dmaz
while K limits the total number of shape functions across all features via ZZ R; < K. In our
experiments, we set d,,, = 2 (yielding R; = 4 regions per feature) and leave K unconstrained.

Notably, CALM learns, at most, d - 2dmaz ynjvariate shape functions (up to 2dmazx per feature), yet
these combine to express up to 2¢"4ma= distinct additive models—an exponential increase in expressive
power.

3.2 Training algorithm for fitting CALM

Given a dataset D = {(x*,y(")}Y,, we fit a CALM predictor by minimizing the empirical
risk E x v 5, [L£(Y, §(X))], where 4(X) denotes a CALM model, £ a loss function and Pp the

empirical distribution over D. Fitting a CALM requires estimating: (a) a set of d partitions P;,
1 € {1,...,d}, represented by binary trees T; (one per feature); (b) region-specific shape functions

{ fi(T) } f;l and a global intercept 9. We propose a three-step distillation-based pipeline summarized
in Algorithm 1]

Step 1: Train a Reference Model. We train a high-capacity black-box predictor frer : X — R on
D. This model serves as functional proxy for E[Y'|X] and is used exclusively to detect interactions.
The reference model is discarded after training. The choice of f,¢ is independent of later stages; any
accurate predictor can be used, such as gradient-boosted trees (our default), neural networks, random
forests or foundation models, like TabPFN [21]].

Step 2: Learn feature-specific partitioning trees. This step learns d independent, feature-specific
partitions P; := {RZ(-T) }Ri 1, each represented by a binary tree T; defined over x_;. The objective is

" (r)

to identify near-additive regions R;"’, in which the effect of z; on the output is well approximated by

a univariate function fl-(r), due to locally weak higher-order interactions.

To identify such regions, we use the interaction-related heterogeneity measure from [[19]. Feature
effect methods (e.g., PDP or ALE) explain a black-box model (like fre:(x)) by decomposing it
into univariate effects f;(x;) for all 4. To do so, they first define the local effects h(x;, x(jz) that

quantify the contribution of feature x; on a specific instance x(7). Then they compute fi(x;) by
averaging the local effects. Heterogeneity is the variability of these local effects around their average,
directly measuring how much z;’s effect depends on other features. High heterogeneity signals strong
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interactions, while low heterogeneity identifies near-additive, interaction-free regions—making it an
effective criterion for our purpose.

Following the above, we define the pointwise heterogeneity of x; in a region R (e.g., RET)) as:

2
HF(x:) = Ex_,jx_.er {(h(iﬂux—i) — pl(x)) } Q)
where 17 (2;) = Ex_,x_,er [h(2i, X_;)]. The corresponding feature-level heterogeneity is:
HFE =Ex,x_er [H (X))] )

In our experiments, heterogeneity is computed using PDP-based formulas; ALE- and SHAP-DP
variants are valid alternatives [[17,|19]. While PDP can suffer from extrapolation bias under feature
correlations, here it is used only for region detection, not for prediction: even biased local effects
yield elevated heterogeneity when genuine interactions are present. When correlations are strong,
RHALE [13] is a drop-in alternative, with comparable results in Appendix [C] A related caveat is that
an interaction with one feature can also raise heterogeneity along its correlated proxies, so CALM
may split on either; both choices recover the interaction structure, though the conditioning labels
may not be uniquely identifiable under strong collinearity, a limitation shared by partition-based
interaction detectors such as REPID.

As additional theoretical justification for using heterogeneity as the splitting criterion, we show
that, under specific assumptions, the approximation error of CALM is bounded by the sum of the
expected feature heterogeneities. Consequently, reducing heterogeneity of each feature through
partitioning yields a CALM model fcyry with lower mean squared error, assuming perfect fit in Step
3 of Algorithm [T} The proof is provided in Appendix [A] (Proposition [A.T).

Therefore, we use HX as the splitting criterion and learn a binary decision tree 7 for each feature ;
using a greedy CART-style algorithm. At each node, we consider splits over all conditioning features
x; 7 x; and select the split that maximizes the reduction in heterogeneity. For numerical features,
splits take the form z;{<, >}r, while for categorical features we use z;{=, #}7. A split is accepted

only if the relative reduction in H, ZR exceeds a threshold €; otherwise, the node becomes a leaf. This
procedure yields a partition P; = {RE”}fgl where heterogeneity is significantly reduced, ensuring
the effect of x; is less distorted by interactions than in the global space. Additional implementation
details are provided in Appendix |Al In all experiments, we use PDP-based heterogeneity, set the
maximum tree depth to d,,,x = 2, and fix € = 0.2. It is important to emphasize that this CART-style
algorithm is only used to determine the subregions for each feature and is not used for the final
prediction.

Step 3: Estimate Shape Functions. Given the partitions {P; }2_,, we estimate the region-specific
shape functions { fi(r)} by minimizing the empirical loss of the CALM predictor. We use a modified
gradient boosting procedure in which, at each iteration, a single shape function fi(r) is updated using
only the observations whose x_; fall into the corresponding region RET) (see Appendixfor details).
Although each update is restricted to a single region, the resulting optimization problem is inherently
coupled. The regions are defined separately for each feature, so the subsets of samples used to update

different shape functions generally overlap. Consequently, updating one fi(r) changes the residuals
seen by all other shape functions. Therefore it can be understood as a coordinated optimization of a
single additive predictor with region-gated components.

The following proposition formalizes this intuition by characterizing the target of Step 3 at the
population level and its convergence behavior under idealized updates. The proof is in Appendix [A]
In practice, Step 3 is implemented using gradient boosting to approximate the exact regional updates.
Proposition 3.1 (Optimality and convergence). Ler m(x) = E[Y | X = x| denote the true regression

function. Assume regression with squared loss, fixed partition trees {TZ—}?:1 (as learned by Step 2)
and E[Y?] < oo. Let H({T;}) denote the fixed-tree CALM class (Appendix[A.3.1), and assume
H({T;}) C La(Px) is nonempty, closed, and convex. Then:

1. Optimality: Any s* € arg mingey (1,3 E[(Y — s(X))?] is the Ly (Px )-best approximation
of m within H({T;}).

2. Convergence: The idealized exact cyclic regional backfitting converges to an empirical risk
minimizer over H({T;}).
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3.3 Interpretability of a CALM

CALMs offer interpretability similar to GAMs, as both require inspecting d univariate plots; one per
feature. CALMs are slightly more complex: unlike GAMs, each plot can contain up to 2% curves
corresponding to a different region of the input space and with interaction-induced discontinuities
marked by vertical lines. However, because regions are interpretable (specified by simple threshold
conditions), these region-specific curves provide explanations which are suitable for model auditing
and decision support. For example: The effect of age on mortality_rate follows this curve when
the patient is male and has a BMI above 30.

Interpreting a CALM plot.

In Figure [2 each curve gives the contribution of z; to y

in a specific region; the blue curve when x3 > 0 and the 1.50

orange curve when z3 < 0. For example, at z; = —0.5, - ;:zl }fzg; /
the contribution is approximately —0.2 (blue) or —0.75 o7s =

(orange), depending on z3. The plots also illustrate how :

altering x; to ;1 — x; + Az impacts the prediction. /
Vertical dotted lines mark points of a hidden discontinuity ~~

which is due to x; participating as an interaction term

for feature 5. As shown in Figure (1} the effect of zo —0.75 T 1140.0.37] % (1 ):10,0.37]

is conditioned by z; < —0.4, —0.4 < z; < 0.4 and / A

x1 > 0.4, therefore in Figure 2] we observe vertical lines 150l s " s "
in 1 £0.4. If a change in z; does not cross a vertical line, x

the change in the output (Ay) equals the curve difference _. )
(Af;). Crossing a line sig(niﬁe)s a hidden jump, in the range Figure 2 ’ CAL.M plot for *1, from a
o, B, 50 Af; + o < Ay < Afi + . Arrows provide synthetlc function where x; interacts
a fast understanding of the jump: 1+ means Ay > Af;, v;/llth T2 ?;1 d zs. fEach curve shows
| means Ay < Af;, § means it depends. Below, we ;'Ef contribution Of I‘f 1oy (P1) lnda
outline three crucial interpretability properties, along with ﬁl cz,lrebnt reg1o<n of the 1pp111t1:spac§ de'_
discussion about their satisfiability by GAM , GAZM, and ned by z3 s 0. Vertical lines indi-

CALM. Complete proofs are provided in Appendix @ :?t;lnt(irJaCi%nzncll;:;l?;;C(;nmél;ﬁlszss:
1 ~ oy 1

P1. Local Feature Contribution: What is the contribu- x5’s region to switch, inducing a hidden

tion of each feature to the prediction? jump of [0, 0.37] that must be considered
Formally: Given an input x, how much does each z; con- when assessing regional sensitivity (P2)
tribute to 3(x)? or global properties (P3).

The explanation is local—it concerns a specific input x.
In GAM , the contribution is f;(x;). In GA?M, the contri-
bution is neither explicit nor unique; it must be inferred post-hoc (e.g., via SHAP or LIME), with each
method relying on different assumptions and yielding different results. In CALM, the contribution is

fi(T(Xfi)) (%)

P2. Regional Feature Sensitivity: How does changing x; change the prediction? Formally: Given
x; and Az > 0, what is Aj = §(x + e;Ax) — 3(x), assuming only x; is perturbed and x_; is fixed?
The explanation is regional—it characterizes the effect of x; on a specific region ([z;, z; + Ax])
independently of the values of other features. In GAM , the change is Ay = f;(z; + Ax) — fi(x;).
In GA2M, the change cannot be determined without knowing the values of all features that interact
with z;. In CALM, an exact answer is possible only when the perturbation does not cross a vertical

line. In this case, the resulting change is a set of values Ay := {A fi(T) Ry

-1, one for each curve in

the plot: Af(") = fi(r)(a;i + Az) — fi(r) (x;). If a crossing occurs, an exact answer is not attainable,
however, for less precise questions, such as whether the Ax change in x; will have a positive impact

on y, an answer is still feasible (see P3. below).

P3. Global Feature Property: Is the model globally monotonic increasing with respect to z;?
Formally: For all x and Az > 0,1is Ay = §(x + e;Az) — g(x) > 0?

The explanation is global—it assesses the monotonicity of z; across the entire input space. In GAM ,
monotonicity is easily determined by the shape of f;(z;). In GAM, verifying monotonicity requires
a concurrent examination of the 1D shape of f;(x;) along with all pairwise interactions f;; along all
7, an inspection which is infeasible for a human. In CALM, if no vertical lines are present, simply
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Figure 3: Explanatory plots for the three synthetic regression tasks: f; shows a two-region interaction;
f2 shows a four-region interaction; f3 shows general interactions.

check whether all curves fi(T) (z;) forr =1,..., R; are monotonically increasing. If vertical lines
exist, simply verify that all arrows are positive.

3.4 Efficiency

CALM'’s runtime is dominated by Step 2: fitting d binary trees costs O(dpax d2N log N), which
reduces to O(d?N log N) for the shallow trees we use—acceptable since d is on the order of tens
for tabular data. Crucially, the local effects needed to score candidate splits are precomputed once
and reused via indexed lookups, so each split evaluation avoids repeated black-box queries. Steps 1
and 3 are standard model fits (XGBoost and gradient boosting in our default setup) and are fast in
practice. Overall, CALM fits most tabular datasets within a few seconds; full runtimes are reported in

Appendix [C]

4 Empirical Evaluation

The empirical evaluation of CALM includes three synthetic regression datasets and 25 public real-
world tabular datasets—10 for classification and 15 for regression. Across all experiments, CALM
is applied with its default configuration: Step 1 uses XGBoost as the black-box model. Step 2 uses
PDP-based heterogeneity with dp,x = 2, € = 0.2, and K remains unconstrained. Step 3 uses standard
gradient boosting. All predictive results are reported as mean + standard deviation over standard
5-fold cross-validation. Full experimental details are in Appendix [C|

Implementation details. We used well-known open-source implementations for all baseline models:
scikit-learn (random forests), XGBoost, tensorflow| (neural networks and NAM), interpretml (EBM,
EB?M), pygam (SPLINE), and official repositories for NODE-GA?M[8] and(GAMI-Net[43].

4.1 Synthetic example

We compare CALM against EBM (as the GAM baseline) and EB?M (as the GA?M baseline) on three
synthetic datasets. Both EBM and EB2M are used with their default parameters. Evaluation is based
on R? performance. Each dataset contains 1000 samples with features drawn from z; ~ U(—1,1).
Table[T]summarizes the accuracy of each approach.


https://scikit-learn.org/stable/
https://xgboost.readthedocs.io/en/release_3.0.0/python/index.html
https://www.tensorflow.org/
https://interpret.ml/docs/
https://pygam.readthedocs.io/en/latest/
https://github.com/zzzace2000/nodegam
https://github.com/ZebinYang/gaminet
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Table 2: Classification accuracy vs. baselines (mean =+ std. dev. over 5-fold CV). v///X denotes strictly
higher/lower accuracy than CALM; = denotes exactly equal accuracy to CALM.

Dataset BB GAM CALM GA’M

XGB NAM EBM EB’M NODE GAMI
Adult 0.870+0002 = 0.851+0002 X  0.870+0002 = 0.870+0002 0.871+0003v" 0.850+0002 X  0.857+0.003 X
COMPAS 0.661+0007 X 0.682+0016 X 0.681+0012 X  0.684+0013  0.684+0011 = 0.667+0013 X  0.686+0.013 vV
HELOC 0.717+0013 X 0.723+0011 X 0.728+0.014 = 0.728+0012  0.730+0.012v"  0.715+0008 X  0.725+0012 X
MIMIC2 0.890+0.001 v/ 0.886+0.001 = 0.886+0.003 = 0.886+0.003 0.886+0003 = 0.888+0.002v"  0.884+0.003 X
Appendicitis  0.868+0.060 X 0.848+0.056 X  0.877+0077 X  0.878+0.063  0.869+0.079 X  0.849x0016 X  0.764+0.074 X
Phoneme 0.898+0.006 v 0.808+0002 X 0.821+0007 X  0.861+0011  0.863+0.007v"  0.869+0.003 v" 0.876+0.009 v/
SPECTF 0.862+0.029 X 0.839+0.030 X  0.894+0015 = 0.894+0015 0.882+0017 X  0.820+0067 X  0.874+0.016 X
Magic 0.885+0.004 v/ 0.850+0.006 X 0.857+0.005 X  0.864+0004 0.872+0.003 v/  0.876+0.004 v/ 0.874+0.003 v
Bank 0.908+0003 v 0.901+0003 X 0.902+0002 X  0.905+0002  0.909+0.002v"  0.903+0.001 X  0.908+0.003 v/
Churn 0.958+0.004 v 0.885+0.009 X  0.886+0.005 X  0.946+0003 0.957+0.009 v 0.954+0.009 v 0.952+0.007 v/
W/D/L 5/1/4 0/1/9 0/4/6 6/2/2 4/0/6 5/0/5

Case 1. We define f1 as y = @} + log(|z2|) + 2sin (§23) 14,50 + 2cos (F23) 14,<0. Since
GAM cannot model the x5 — x3 interaction, it simplifies the z3 — y effect by averaging the
sine and cosine modes into one curve (Fig. f1), resulting in R? = 0.737. Both GA2M and
CALM capture the interaction correctly, achieving near-perfect accuracy (0.974 and 0.995). However,
their interpretability differs. GA?M requires three views to interpret x3’s effect: (i) the main effect
averaging the sine and cosine cases, (ii) a near-zero xz;—x3 heatmap, and (iii) an xo—z3 heatmap
capturing the sign-dependent interaction (Fig.|3c| f1). In contrast, CALM simplifies the interpretation
with two 1D plots and a clear separation of the regimes by conditioning on z2’s sign (Fig. f1)-

Case 2. We define fo as:
a7 4 log(lzal) + 2[sin (523) 12,50, 2230
cos (%xff) 12,0, 20<0 +5I0(2723) 14, <0, 2,>0 +

Table 1: Synthetic examples: R? comparison
(mean =+ std. dev. over 5-fold CV).

cos(2m23) 14, <0,25<0)- GAM  (Fig. f) Dataset  GAM GAM CALM

merges all four modes into a single curve, 1mitin Casel  0.73710.028 0.97440.011  0.99540.002
its accuracy to R? = 0.479. GA’M (Fig. 3c, Case2 0479410052 0.71240036  0.94910.024
f2) captures partial structure through two 2D  Case3  0.52740023 0.961:+0.000  0.97510.006

interactions (x1—x3 and xo—x3) but misses the

full 3-way interaction, reaching R? = 0.712. Furthermore, the model’s behavior is hard to grasp,
as it requires integrating information from three distinct plots: the main effect and two interaction
heatmaps. CALM (Fig. f2) separates the four regimes into distinct 1D curves, achieving both
high accuracy (R? = 0.949) and clear interpretability.

Case 3. We define f3 as y = a7 + log(|#2|) sin(5x3), where the logarithmic effect of x5, log |z2], is
modulated by the sinusoidal term sin(7 23), resulting in a general interaction structure. GAM (Fig.
f3) fails to capture the interaction and instead fits a blurred sinusoidal curve, leading to low accuracy
(R? = 0.527). GA®M (Fig.[3d f3) achieves high accuracy (R? = 0.961) by capturing the interaction
in the xo—x3 heatmap. Still, interpretation remains difficult, as understanding the x5 — y effect
requires integrating three views: the main effect plot and two interaction heatmaps. CALM (Fig. [3b]
f3) cannot fully express the continuous xo—x3 interaction, but approximates it by partitioning 3
and assigning each segment an average logarithmic response. While simplified, this yields a high
accuracy (R? = 0.975) and a concise, transparent explanation that remains close to the underlying
behavior.

4.2 Evaluation on Real Datasets

On each real dataset, we evaluate CALM against an XGBoost baseline (with neural networks and
random forests included in the appendix), two GAM models (NAM and EBM, as well as SPLINE
included in the appendix), and three GA>M models: EB>M (EBM with pairwise interactions enabled),
NODE-GA?M, and GAMI-Net. Evaluation is based on accuracy for classification tasks and RMSE
for regression datasets. In the main tables, CALM uses XGBoost as the Step-1 reference model
and EBM as the regional GAM; full results across all teacher x regional-GAM combinations are in

Appendix [C]

Classification Results. On classification datasets (Table [2), CALM: (i) outperforms both GAM
baselines in almost all cases (9/10 over NAM; 6/10 over EBM with 4 draws) (ii) is competitive
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with the three GA2M models: CALM matches or beats EB2M on 4/10, NODE-GA2M on 6/10, and
GAMI-Net on 5/10 datasets, and (iii) matches or beats the XGBoost black-box on 5/10 datasets.

Table 3: Regression RMSE vs. baselines (mean =+ std. dev. over 5-fold CV). v//X denotes strictly
lower/higher RMSE than CALM; = denotes exactly equal RMSE to CALM.

Dataset BB GAM CALM GA*M

XGB NAM EBM EB>M NODE GAMI
Bike Sharing 39.35+138 v 101.97+131 X 100.21+1.01 X 55.67+1.22 54.80+096 v/ 54.47+158 v/ 53.44+190 vV
California Housing 0.45+0.01 v/ 0.61x001 X 0.55+0.01 X 0.51+0.01 0.49+001 vV 0.50+001 v/ 0.51+004 =
Parkinsons Motor 1.44+0.00 v 6.11+0.16 X 4.20+0.09 X 2.24+0.13 2.35+0.06 X 3.49+031 X 2.76+031 X
Parkinsons Total 1.86-£0.08 v/ 7.90+0.10 X 4.85+0.11 X 2.97+0.09 2.77+006 vV 4.60+053 X 3.81+0.66 X
Seoul Bike 209.6+3.47 v 320.2+438 X 303.7+3.86 X 238.9+1.64 235.2+158 v 231.0+423 v 245.82+845 X
Wine 0.62+001 v/ 0.72+0.01 X 0.70+0.01 X 0.69-+0.02 0.68+0.01 v/ 0.69+0.01 = 0.71+0.00 X
Energy 67.97+258 v 89.80+2.67 X 85.234249 X 83.09+1.97 T7.33+246 V/ 82.18+253 v 180.1+84.00 X
CCPP 3.09+0.09 v/ 4.21+005 X 3.44+008 X 3.42+007 3.28+007 v 3.97+007 X 3.92+007 X
Electrical 0.04+0.02 X 0.04+0.01 X 0.02+0.01 = 0.02+0.01 0.02+0.01 = 0.01+0.01 v/ 0.02+0.01 =
Elevators 20x1073+0= 2.0x1073x0= 2.0x1073+0= 2.0x1073x0 2.0x1073+0= 2.0x1073x0= 2.0x1073+0=
No2 0.47+0.03 v/ 0.50+002 X 0.49+003 = 0.49+0.04 0.47+003 v 0.52+0.02 X 0.50+0.03 X
Sensory 0.51+0.03 X 0.48+0.01 X 0.48+0.01 X 0.45+0.02 0.4540.02 = 0.49+0.01 X 0.46+0.03 X
Airfoil 1.54=0.10 v/ 4.80+0.20 X 4.57+0.15 X 2.50+0.15 2.17+009 v 2.13x0.11 v 4.79+021 X
Skill Craft 0.94x002 X 0.93+003 X 0.90x0.02 = 0.90+0.02 0.90+0.03 = 0.91+0.02 X 1.38+0.80 X
Ailerons 20x107%20= 2.0x107%x0= 2.0x107*x0= 2.0x107%x0 2.0x107%+0= 2.0x107%40= 2.0x10"%+0=
W/D/L 10/2/3 0/2/13 0/5/10 9/5/1 6/3/6 1/4/10

Regression Results. On regression datasets (Table[3), CALM: (i) outperforms both GAM baselines
in the large majority of cases (13/15 over NAM; 10/15 over EBM); (ii) matches NODE-GA’M
(6W/3D/6L) and outperforms GAMI-Net (10W/4D/1L), while EB?M achieves lower RMSE in 9/15
cases; (iii) matches or beats XGBoost on 5/15 datasets. CALM thus achieves clear improvements
over GAMs while maintaining 1D shape functions per region; the gap relative to EB2M and XGBoost
reflects the expected cost of stronger interpretability constraints.

Model Complexity. In addition to its strong predictive performance, CALM achieves its results using
remarkably few pairwise feature interactions, 6.2 on average for classification and 15.1 for regression.
On classification tasks, this is fewer than EB?M (15.2), GAMI-Net (17.6), and NODE-GA2M (97.7).
On regression tasks, CALM remains sparser than GAMI-Net (16.3) and NODE-GA?M (87.3), and
close to EB2M (14.1), as shown in Tables E] and of Appendix [Cl While most GA>M methods allow
explicit control over the number of interactions, we apply them using their default configurations. In
contrast, CALM does not impose an interaction cap, but still discovers a sparse structure through
region-based conditioning.

Runtime. On classification tasks, CALM is slightly slower than EBM and EB?M, but noticeably
faster than the other two GA2M models (GAMI-Net and NODE-GAZM), and even faster than NAM,
despite the fact that NAM does not model interactions. In regression tasks, CALM exhibits a runtime
similar to NAM and EB2M, and remains significantly faster than the remaining GA?>M baselines.
Average runtimes across datasets are reported in Tables [§and 9] (Appendix [C).

Human Interpretability. A within-subjects user study (N = 25) showed that CALM explanations
are significantly easier to use than heatmap-based GA2M representations: participants achieved 54%
vs. 34% accuracy overall (p < 0.05), with the largest gain on prediction-change tasks (40% vs. 12%).
Full details are in Appendix [D]

5 Conclusion

We introduced CALM, a novel class of interpretable-by-design models that bridge the gap between
the interpretability of GAMs and the accuracy of GA>Ms. CALMs model feature interactions
using conditional feature effects, a set of univariate shape functions per feature, conditioned on its
interacting features. Extensive evaluation shows that conditional effects often match the accuracy of
GA?Ms, without resorting to 3D plots or heatmaps. CALM’s main limitation is that interpretability
may harden as the number of interactions increases. While each feature is associated with up to up to
2dmx = 4 shape functions and, in practice, CALM activates an average of only 6.2 interactions in
total (Table[6), extensive dependencies with other features can result in plots with numerous vertical
dashed lines, making interpretation more difficult.
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A Conditionally Additive Local Models (CALMs)

In the main paper (Algorithm [I)), we summarize the procedure of fitting a Conditionally Additive
Local Model (CALM):

i=1

d
feam(x) = g7 (50 + Zf;i(x_i)(xi)> )

as defined in Eq.(T), to a dataset D = {x(®,y( 1N in three main steps: (i) fit a high-capacity
reference model fr.r on D, (ii) fit a partition tree 7; using an interaction-related heterogeneity
measure H; for each feature ¢ = 1,...,d, and (iii) estimate region-specific effects { fl-(r)}f:i1 for
each feature 7 = 1, ..., d. We provide additional details for each step below.

A.1 Step 1: Fit a high-capacity reference model f..; on D

The initial stage involves fitting a high-capacity predictive model, denoted as fror : R? — R to
dataset D = {(x"),y)} N | The reference model serves as an accurate functional approximation
of the underlying relationship between the input features x and the response variable y. The choice
of frer is flexible; any sufficiently expressive and accurate model can be employed. Commonly used
options include gradient-boosted decision trees (e.g., XGBoost, which we adopt by default), deep
neural networks, random forests, or more recent architectures such as TabPEN [21]].

A.2 Step 2: Fit a partition tree 7; using heterogeneity H,; for each feature

We first define a suitable heterogeneity measure H; (see Section [A.2.T), and then explore the
relationship between heterogeneity and CALM’s error in approximating fres. Motivated by these
results, we fit a partition tree 7; for each feature i (see Section[A.2.4). Finally, if the user specifies a
constraint K on the maximum number of interactions, we apply a pruning step to retain the K most
significant interactions (see Section[A.2.5).

A.2.1 Heterogeneity Measures H;

Interaction-related heterogeneity H; quantifies the extent to which a feature x; interacts with all other
features x;, where j € {1,...,d} \ {i}. The computation of H; is based on the variance of local

effects: h(x;, x(fl))

12
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Local Effect. We define h(z;,x G 2) as the local effect of feature x; when applied to the j-th
background observation X(J ) That i is, if we take the j-th observation and substitute the i-th feature

with the value x;, the resulting change (local effect) in the model output is captured by h(x;,
The computation of h( ) relies on two components: (i) a reference teacher model fr.r and (ii) a
background dataset {x(¥)} | containing input features only. The specific form of h(-) depends on

the chosen feature effect method. Several methods can be used, including Partial Dependence Plot
(PDP), SHAP-Dependence Plot (SHAP-DP) and Robust and Heterogeneity-aware ALE (RHALE).

Below, we provide the definition of & in the case of PDP, which we adopt as the default method in our
experiments. Let fror be the reference model and {x(j)}f[:1 the background dataset. The PDP-based
heterogeneity is defined as:

h(zi, x9)) = fros (s, xY)) = e(x_4) (6)

where ¢(x G )) Ex, [ fref (Xi, x(_JZ) )} is a centering constant. For details on alternative approaches,

we refer the reader to [[19, [17].

Point-wise heterogeneity H;(x;) and Heterogeneity H;. The pointwise heterogeneity is then
defined as

Hi(ws) = Bx_, [(hlws, X2) = pus(:))?] ™
where p;(x;) = Ex_,[h(x;, X_;)] is the mean local effect. Inside a region, this heterogeneity takes
the form of Eq. ({@). Feature-level heterogeneity is

H; = Ex, [Hi(X;)] = Ex, [Varx_,[h(X;,X_;)]] (8)
Inside a region this definition takes the form of Eq. ().

A more formal motivation for the use of heterogeneity in CALM comes from the proposition of the
following section.

A.2.2 Heterogeneity and CALM approximation error

Proposition A.1. Let £ = Ex [(fref(x) - fCALM(X))ﬂ be the mean squared error of the CALM

approximation of frey. Assume that frep : X — R admits a multivariate regionally additive
approximation

d
Freg() = o+ 3 0% (x)
i=1

such that each h:”’(x”) captures the contribution of the i-th feature to the function’s output (including

interactions). Also, assume that there is no error in fitting of the univariate CALM shape functions.

For clarity of exposition, the proof treats this approximation as an exact equality; the bound Q) holds
up to the residual approximation variance. Then,

d R;
(r)
min€ < d <Z Py H ) )
i=1 '

fCALM r—1
where region RZ(-T) is the r-th region of the i-th feature, P ) is the probability mass of the region in

O] R
the data and H, IR ¢ is the heterogeneity of h (x).

Proof. For the approximation error we have

d d
€ = Bx [(feet(X) — foun(X))*| = Ex ((60 +> h;‘*"i)(x)) - <ﬂo +> f;’i(’”)(xi)»

i=1
2

By (i(““‘” f{“"%»)) <dZE (60 - 17w |

i=1

13

(J)).
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where the last step results from the Jensen’s inequality. We therefore have

d

i=1

Next, we show that the minimum error achieved for each region is equal to the heterogeneity of
the local effects. For any measurable function g;(x;) and region R, decompose, using % (z;) =

Ex . jx_ier [hF(zi, X))
hi(Xi, X i) = gi(X3) = (ha( X5, X3) — (X)) + (w5 (Xs) — 9i(X))
Taking expectations inside R and squaring:
Ex, X_,[X_,eR [(h?(Xi,X,i) - gz‘(Xz‘)ﬂ
= Ex,xx er | (BF(X0 X)) = nf(X)]
+Ex, [ (uR(X0) - 9:(X)’]
+2Ex, [Ex_x_er [P (Xi Xi) = u (X)) (0(X0) — 9:(X0)) ]
The cross-term equals zero because:
Ex x_er [A (@i X)) = pi ()] = pif () — pi () = 0
by definition of 1. Therefore:
Ex,x_x_er | (AR (X0 Xi) = g:(X0)°] = €F + Ex, [(F(X0) - 0:(X0)°] = €F

with equality if and only if g; = u almost surely. This indicates that within each region, u*
minimizes the approximation error.

Moreover, from the definition of pointwise heterogeneity:
H¥(1;) = Ex_,x_,er [(h?(ffi,xfi) - MZR(%))Z}
Taking the expectation over X;:
HE = Ex, [HR(X)] = Ex, [Bx_x_er [(BR(X: X0 - nf(X0)"]]
which gives
HF =Ex, x_,x_.er [(h?(Xi,X_i) - MZR(Xi))Q] = min&*

i.e., heterogeneity is the minimum approximation error.

Since heterogeneity minimizes the error for each region we can estimate the feature-level error across
regions as

R.
i (")
min&; = Z PR(T)HZ{i
r=1 ‘
where P, is the probability mass of region RET).
Using this result with Eq. (T0), we have

d Ri RM
min€ <d <Z P H;™ )

fCALM i=1 r=1
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Remark A.2. The switch from the conditional expectation Ex, x _,cr to the marginal Ex, in the
second term of the decomposition above implicitly assumes X; L X_; | X_; € R within each
region. This is the standard assumption underlying PDP-style decompositions and is shared by all
feature-effect methods that use the marginal distribution of X;.

This result links heterogeneity with the estimation error of the local effect inside a region and motivates
the CALM approach for region splitting. The initial assumption about the additive approximation
of frer is @ common approach followed by feature effect methods (where the effect of each feature
is computed independently). Moreover, the selected local effect function and heterogeneity are
solely used for identifying the splitting regions and not as estimators of f,.¢. Using this result, and
especially Eq. (9), the following two sections present the CALM approach for using heterogeneity to
define a partition for each feature.

A.2.3 Heterogeneity estimation

For heterogeneity estimation, denote with Z C {1,..., N} the index set of active background

instances considered in the heterogeneity calculation i.e., those that reside in region RE”‘"*”) of the
i-th instance. Then, the point-wise heterogeneity at feature value x; over Z can be estimated by

HE (2;) |I| Z ( i, X u(xi)>2 where £(z;) |I\ Zh 25, x9)) an

Eq.(TT) quantifies the strength of the interactions of the i-th feature, at position x;, as the variance of
the local effects at x;. To obtain a global measure of these interactions, we average the pointwise

heterogeneity over a grid of M values {#\"™ }M

1 m
- Z HE (™). (12)
m=1

_1 sampled from the domain of z;:

A.2.4 Computing the partition tree 7; for each feature.

For each feature x;, we construct a binary tree 7; of maximum depth dy,,«. At each internal node
of the tree, we evaluate candidate binary splits based on all features x; for j € {1,...,d} \ {i}.
For each candidate splitting feature x;, we consider a fixed number 7" of candidate threshold values
7. These candidate thresholds are selected as T" equally spaced values over the range of z; in the

training data, i.e., [miny 2 , maxj, x;k)}, where 2\¥) denotes the value of feature x; for the k-th

training instance. Alternatlvely, users may choose to evaluate all unique observed values of z;, i.e.,
(K)y\N

{z j A

To determine the best split at each node, we compute the heterogeneity drop, which quantifies

the decrease in interaction-related heterogeneity of the target feature x; after performing the split.

Specifically, for a candidate split, we partition the current set of instances Z into left and right subsets

17, and IR, based on whether the splitting feature x; falls below or above the threshold 7. The
heterogeneity drop is defined as:

HT — (\IL|HIL \IR\HIR)
=" IZ| IZ|
AT o

7

13)

where H denotes the interaction-related heterogeneity of feature x; over the current set of instances
7T; I1, and T, are the subsets of Z resulting from the candidate split; H;" and H " are the hetero-
geneities of x; computed on the left and right subsets, respectively; and |Z1|/|Z| and |Zg|/|Z| are the
proportions of instances in each subset, which serve as weights in the weighted average.

This normalized metric enhances interpretability by allowing users to define a meaningful threshold,
€, for split acceptance. For instance, a user may require a candidate split to achieve a minimum
heterogeneity reduction of € = 0.2 (representing a 20% drop) to be considered significant. In our
experimental setup, we utilize a default threshold of € = 0.2.

The procedure for fitting the tree T; is given in Algorithm 2]
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Algorithm 2 Fitting a Partition Tree 7T} for Feature z;

1: Input: frr, D = {(x®,y*))}N_; Parameters: max depth dy,.yx, threshold e, grid size
M =20
Output: Binary tree T;

function BUILDTREE(node v, depth ¢, active indices 7)

if / = d;.x then
return v {Stop splitting}

end if

Compute HZ using Eq.(T2)

Initialize: AHax < 0

for each feature j # i do
Determine candidate thresholds 7; {Default: Unique values if x; categorical, else M-grid
(default: M = 20)}

12: foreach7 € 7; do

TRY RIS RE RN

—_ =

13: if z; is numerical then

14: IL(—{I{?EIZ%;IC)ST},IR%I\IL
15: else {z; is categorical }

16: Ty« {keZ:a) =1}, Ip I\,
17: end if

18: Compute AH; using Eq.
19: if AH; > AH,, ., then

20: AHyax < AH;, Store (j,7) as optimal split
21: end if

22:  end for

23: end for

24: if AH.x > € then

25:  Split node v into vy, v using optimal (j, 7)
26: vy < BUILDTREE(v, ¢+ 1,Z1)

27:  vR < BUILDTREE(VR,/ + 1,1R)

28: end if

29: return v

30: end function

A.2.5 Prune trees to keep top K interactions

If the user sets an upper threshold K on the number of interactions, we want to select the K most
important splits. Given the trees T; fori = 1, ..., d, we denote by AH/ the heterogeneity reduction
associated with node v in tree 7. We collect all such splits AH} across all features ¢ and nodes v/, and
then sort them in descending order. From this ordered list, we select the top /K nodes that correspond
to the largest heterogeneity decreases, while ensuring that no child node is retained without its parent
node also being included. Based on this selection, we prune each tree 7; by removing nodes outside
the retained set, thereby preserving only the most significant interactions.

A3 Step 3: Estimating the region-specific effects { f;(r)} | for each feature.

The original gradient boosting procedure for fitting a standard, global GAM, fau(x) =
g (Bo+ X, fi(z;)), follows the round-robin approach of [L1]. At each boosting iteration, one
univariate shape function f; is updated by fitting to the current residuals over the entire dataset,
thereby greedily reducing the overall loss. The procedure as describe by [28] is summarized in
Algorithm [3]

To fit a CALM: feuu(x) = g~ ! (60 +34 f;i(x"i)(xi)) we customize the standard gradient
boosting to accommodate for region-specific effects, i.e., we adapt this scheme so that each shape

function fi(r) is trained only on the subset of instances that lie within its assigned subregion RET).
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Algorithm 3 Gradient Boosting for GAM

1: Initialize f; + Oforalli=1,...,d
2: form =1to M do
3: fori=1toddo

4 &+ {(xl(]), y) — fGAM(X(j))}é\Ll {Compute partial residuals}
5 Learn shaping function S : x; — R using £ {Fit shape function}
6: fi + fi +nS {Update with learning rate 7}

7. end for

8: end for

Algorithm 4 Gradient Boosting for CALM

1 Initialize By < & Z;VZI y); fi(r) <« Oforalli=1,...,dandr =1,...,R;

2: form =1to M do

3 for:=1toddo

4 forr =1to R; do )

5: &« {(x§])7y(j) — feam(x9))) x(_Jz) € RET)} {Filter by region Rgr)}

6: Learn shaping function S : z; — R using £

7 fi(r) — fi(r) + 1S {Update regional shape function}

8 end for

9 end for )

10:  Center: for all 4,7, let ¢{”) « ﬁ 2R FO @I set £ £ — 7 and
B Bo+ 3, 3, P(RI) ") {Enforce identifiability}

11: end for

This preserves the additive, boosting framework while enforcing that each fi(r) captures only the
behavior of x; within its corresponding region. The procedure is summarized in Algorithm [}

A.3.1 Theoretical analysis of Step 3

This section formalizes the claims made in Step 3 of the main text. We show that, under squared loss
and fixed region-selection trees, (i) the population target of Step 3 is an Lo (Px )-best approximation
of the true regression function onto the CALM function class, and (ii) an idealized exact version of
the algorithm converges to the corresponding empirical risk minimizer.

Consider the CALM score function

d
ri(X—;
s(x) = o+ > f D (ay), (14)
i=1
where the region-selection functions {r;} (or equivalently the trees {7} }) are treated as fixed. Let
m(x) =E[Y | X = x]

denote the true regression function. We assume regression with identity link and squared loss, and
E[Y2] < oo. We restrict attention to scores s € La(Px) (hence m € La(Px)).

To ensure identifiability, we impose the centering condition
E{fi(”(Xi) ri(X_;)=r| =0 foralli,r with P(r;(X_;) = ) > 0. (15)

This convention assigns all region-wise constants to the intercept Sy and ensures uniqueness of the
decomposition.

Let H({T;}) denote the class of all CALM score functions of the form (I4) satisfying (I3)), and
assume H({T;}) C La(Px) is a nonempty closed convex set.

A.3.2 Population target
Proposition A.3 (Population optimality). There exists at least one minimizer

o carg _min E[(Y - s(X))?],
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and it satisfies )
s*carg min E[(m(X) - s(X))7].
5__min  Elm(X) - 5(X))?

In particular,

E[(Y - s*(X))?] - E[(Y —m(X))’] = E[(m(X) — s*(X))’].

Proof. For any measurable function s,
Y —s(X) = (Y —=m(X)) + (m(X) - s(X)).
Taking squares and expectations yields
E[(Y - 5(X))*] = E[(Y — m(X))*] + E[(m(X) — 5(X))?],
since E[Y — m(X) | X] = 0 eliminates the cross-term. The first term does not depend on s,
so minimizing prediction error over H({7;}) is equivalent to minimizing E[(m(X) — s(X))?].
Existence of s* follows since #({7;}) C La(Px) is nonempty, closed, and convex. Condition (T3)

ensures uniqueness of the representation (5o, { fi(r)}) for any given s € H({7;}), assuming no exact
functional dependence (concurvity) among features within each region.

Interpretation. Proposition shows that, with fixed regions, Step 3 computes an Lo (Px )-best
approximation of the true regression function m within the CALM function class. Any remaining error
is therefore purely due to the structural limitations of the chosen regions and univariate components,
not to the optimization procedure.

A.3.3 Empirical convergence of exact Step 3

Given i.i.d. data {(z®), y(*))}IV_ _define the empirical risk

N

R (s) = %Z(y(k) — s(z®™))2,
k=1

Proposition A.4 (Convergence of exact cyclic regional backfitting). Assume fixed trees and squared

loss. Consider an idealized version of Step 3 that cyclically updates each fi(r) by exactly minimizing

ﬁN over that function using only samples with ri(x(fi)) = 7, followed by empirical centering

implemented by shifting the region-wise sample mean from fi(r) into the intercept [3y, so that fitted
values (and hence R N) are unchanged. Then R N is non-increasing along the iterates, and the
procedure converges (in empirical Ly) to a limit § € argmingcy({1,}) ﬁ,N(s) Moreover, the
fitted-value vector (5(x1), ..., 3(x™M))) is unique.

Proof. With fixed trees, the CALM score is linear in the collection of shape functions { fi(r)}
evaluated on the data, and Ry is a convex quadratic function of these parameters. On the finite
sample, Ry depends on each fi(r) only through the finite vector {fi(r) (x(k)) DT (X(k»)) =r}, so

K3 —1

the problem can be viewed as a finite-dimensional least-squares problem. Each regional update
solves the exact least-squares problem for one block of parameters while holding the others fixed,

and therefore cannot increase R . Although regions overlap across features, all updates jointly
optimize a single global objective. Standard results for cyclic block coordinate descent on convex
quadratics imply convergence to a global minimizer, and the minimizing fitted values are unique by
strict convexity of the quadratic loss in the fitted-value vector. The centering condition (15)) ensures a
unique decomposition into components. O

Interpretation. This result shows that Step 3 is not a collection of independent local fits. Instead,
it performs a coupled optimization of a single additive predictor with region-gated components,
analogous to classical backfitting for GAMs. Under exact updates, this procedure is guaranteed to
converge to the best CALM fit for the given data and fixed regions.
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B Formal Proofs for Interpretability Properties

This appendix provides formal characterizations and proofs for the interpretability properties dis-
cussed in Section [3.3] For each property, we define it precisely and analyze whether it can be
answered exactly under GAM , GA2M, and CALM.

Note on link functions. Properties P1-P3 are stated and proved for the additive linear predictor
nx)= 6o+, Fi=) (1)), When a non-identity link function g is used (Eq. 1), these properties
apply to 1) and translate to the final output § = g~ (n) for any monotone link (e.g., logit, log).

Proposition B.1 (Local Feature Contribution). Let §j : R — R be a prediction function, and fix
an input x = (x1,...,24) € R% For eachindexi € {1,...,d}, we define the local contribution
@i(x) € R as a function intended to represent the contribution of feature x; to the output §(x). We
analyze whether such a decomposition

is uniquely determined by the structure of the model.

(A) In GAM . Assume the model has the additive form
d
§(x) =Y filz)),
j=1

with each f; : R — R. Then forall i € {1,...,d},
¢i(x) == fi(x;)
is well-defined, and

d
§(x) =D di(x).
i=1
(B) In GA’M. Assume the model includes pairwise interactions:
d
90 =Y filag) + D Fiwlwy, ),
j=1

j<k

where each f; : R — Rand fj, : R2? — R. Then in general, there does not exist a unique additive
decomposition

@@zZ@m

with each ¢;(x) depending only on x;.
(C) In CALM. Assume the model has the form

d
900 =227 (@),
j=1
where for each j, r; : R — {1,... . R;} is a region selector and f;r) : R — R is a univariate
shape function for region r. Here x_; := x\ z; € R4-1,
Thenforalli € {1,...,d},
9i(x) := f{" 0 (@)
is well-defined, and

d
§(x) = 6i(x).
=1
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Proof. We examine each case separately.

(A) In GAM . By direct substitution, the prediction is an additive sum of univariate functions, each
depending only on a single feature x;. Thus the contribution of feature x; is uniquely defined as
fi(x;), and the decomposition is exact.

(B) In GA2M. Suppose, for contradiction, that there exists a decomposition
d
I(x) = ¢i(x),
i=1

where each ¢; : R? — R represents the contribution of feature x; and depends only on z;, i.e.,
¢i(x) = ¢i(zs).
Then each interaction term f;(z;, zx) must be split between ¢, and ¢y, in such a way that the total
sum remains correct and additive over individual features. This is only possible if f;;. is additively
separable, i.e., if there exist functions g;, gr : R — R such that

fin(@j, zr) = gj(z;5) + gr(zn).

However, the model does not constrain f}, to be separable. In the general case, f;, is non-separable
and depends jointly on x; and .

Therefore, no decomposition ) . ¢;(x;) can reproduce the prediction §(x) using only univariate
terms. The contributions ¢;(x) are not uniquely determined by the model, and must rely on external
assumptions or post-hoc attribution methods.

(C) In CALM. For a fixed input x, each region function r;(x_,) returns a unique region index in

{1,...,R;}. The corresponding function f](rj (x-3))
contribution of feature x; is precisely defined as:

$i(x) = D (@y),

and the model prediction is recovered by summing over all features:

d d
900 = 10V ) = 3 i),

is applied to x;, yielding a scalar. Thus, the

O

The second property asks: How does the prediction change if we perturb a single feature x; while
keeping all others fixed? The answer differs across GAM , GAZM, and CALM, as shown below.

Proposition B.2 (Regional Feature Sensitivity)). Let § : R? — R be a prediction function. Fix an
input x € RY, an index i € {1,...,d}, and a perturbation ¢ > 0. Define the prediction change
under perturbation of x; as

Af = g(x + ee;) — §(x).
We analyze how Agj can be computed in GAM , GA’M, and CALM.

(A) In GAM . Assume the model has the additive form
d
§(x) = filz)),
j=1
with each f; : R — R univariate. Then

Ay = fi(x; +e) — fi(w;).

(B) In GA*M. We show that in GA’M, the change /i) caused by perturbing x; depends on the values
of all interacting features x; for j # i, and thus cannot be computed from x; alone.

(C) In CALM: We show that the change in prediction Ajj := §j(x + ce;) — §(x) is computable from
x; alone if and only if no region transitions are triggered in other features. Otherwise, the change
depends on x_;, and regional sensitivity is not determined solely by x;.
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Proof. Note: The proposition is stated for a fixed input x (single-valued); the set-valued definition of
P2 in the main text arises by ranging over all possible values of x_;, each of which selects a region

ri(x—;) € {1,..., R;} and thus one element of the set {Afi(r)}f;'l.

(A) In GAM .. Since all other features remain unchanged, and their contributions are independent of
x;, we have

Jx+eer) =Y filw) + filzi+e),
i
9(x) = > fi(ws) + fila),

J#i

Ag = fi(w; +¢) — fi(wy).

(B) In GA?M. Let J := {j # i | fij(w;, ;) is present in the model}, i.e., the set of features that
interact with ;. Since only z; is perturbed, all other features remain unchanged. The only affected
terms are the univariate function f;(x;), and the interaction terms f;;(x;, ;) for each j € J. All
other terms in the model remain constant.

and therefore

The prediction after perturbation is:
J(x+ee) = filzi+e)+ > filay) + > fijlwi +e,3;) +C,
jeg Jjeg
and before perturbation:
9(x) = falw) + Y fi@) + D fij(wiwy) + C,
jeJ JjeT
where C' := > ., . fik(zj,zx) denotes the interaction terms not involving x;, which are
unaffected.

Subtracting, we obtain:
AY = fi(w; +¢e) — filz:) + Z [fij (@i + e, 25) — fij(@s,25)] .
JjET
Since this expression depends on interacting x; for j # 1, it cannot be computed from z; alone.

(C) In CALM. Assume the model has the form
d
) = 3 £ (@),
j=1

where r; : R%1 — {1,..., R;} assigns a region index to each feature j based on the context
x_; :=x\zj, and fjm : R — R is the shape function for region 7.

Let x_; = x \ z;, and define the perturbation z; — x; + . Then

~ Ti(X—q Ti(X—s (TJ(xtj)) ri(x_j
Ag = D @ 4 e) — ”m)+2[fj () — 75D @]
j#i

+§ = x_j with ; = x; + € (since z; € x_; for all j # i).

where x

+€_) _

Case 1: No region transitions in other features. Assume that for all j # i, we have r;(x”" ;) =

rj(x—;). Then:
Aj = fi("’i(xfi))(xi +e)— fi(ri(xfi))(xi).
This case is fully interpretable from the function fi(r) alone.

Case 2: Region transitions occur in other features. If for some j # 4, the region function changes:

7;(x7%) # r;(x_;), then the additional terms contribute:

(rj (x£3)) ri(x_j
Afy = £, @g) = 170 (@),

Hence, the total change includes not only the direct shift in f;, but also discrete region-based changes
in other features and the value of A cannot be recovered from x; alone. O
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The third property asks whether increasing a feature always increases the model’s prediction, re-
gardless of the values of other features. In other words, does the model treat the feature as globally
monotonic?

Proposition B.3 (Global Feature Monotonicity). Let §j : R? — R be a prediction function, and fix a
feature index i € {1,...,d}. Define the global monotonicity condition for feature x; as follows: the
model is said to be globally increasing in z; if for all x € RY and all § > 0,

J(x + dei) = (x),
and strictly increasing if the inequality is strict.

We analyze whether this property can be verified from the structure of the model.
(A) In GAM . Assume the model has the form:

d
= ij(xj)

with each f; : R — R.
Then the model is globally increasing in x; if and only if f; is monotonically increasing.

(B) In GA’>M. Assume the model has the form:

d
Z (z;) +ngk: (x5, ).

i<k
Then global monotonicity in x; cannot be determined from f; alone.

(C) In CALM. Assume the model has the form:

d
f (r; (x—J))

where r; : RY — {1,..., R;} is a region selector, and x_j = x \ x;.

Then global monotonicity in x; holds if the following two conditions are satisfied:
1. For all regionsr € {1,..., R;}, the function fi(r) : R — R is increasing.

2. Forall j # i, and all x; € R, the function x; — f;r'j (x_j))(xj) is non-decreasing; i.e.,
region transitions caused by changing x; do not decrease f;’s contribution.

Proof. (A) In GAM . Since the model is additive and each term depends only on a single variable,
we have:
g(x +de;) — §(x) = filwi +0) — fi(w:).
Thus, §(x + de;) > §(x) if and only if f; is increasing.
(B) In GA*M. As in case (A), f;(x; + §) — fi(x;) gives the direct contribution. However, for each
J # 1, the term f;;(z;, z;) also contributes. The total change is:
g(x +de;) —g(x) = fi(xi +0) — filw:) + Z [fij (@i + 0, 25) — fij (@i, ;)]
i
The sign of this expression depends on the values of x;, and therefore cannot be determined from

fi alone. Consequently, verifying global monotonicity in x; requires knowing the full interaction
structure and input values.

(C) In CALM Let x € R% and § > 0. Define:
Ag = g(x + de;) — §(x).
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Then:

~ Ti(X—4 ri(X—i (TJ(xtj)) Ti(X—j
A= D (@4 6) — f ”(mi>+z[fj () — 17D (@)
j#i
+

where x ? is obtained by replacing x; — x; + d in x_;.

The first term is non-negative if fi(r) is increasing for all regions r, and the region r;(x_;) is fixed.

The second term is a sum over changes in other features’ contributions due to possible changes
in their regions r;. For the model to be globally increasing in x;, all such contributions must be
non-negative. This requires that increasing x; does not cause a decrease in the contribution of any
other feature x;, i.e., region transitions must preserve or increase each f;.

Therefore, global monotonicity in x; requires both conditions above. Conversely, if both conditions
are satisfied, then each term in the sum is non-negative, implying Ag > 0.

O
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C Detailed Experiments

C.1 Experimental Setup Details

Reporting convention. As in Section[d} we report mean =+ standard deviation over 5-fold cross-
validation.

Table 5: Regression Datasets

Dataset Size Attributes
Table 4: Classification Datasets Bike Sharing 17379 11
Dataset Size  Attributes California Housing 20640 8
Parkinsons Motor 5875 19
Adult. = 45222 13 Parkinsons Total 5875 19
COMPAS 6167 ) Seoul Bike 8465 14
HELOC 10459 23 Vl\l7inel 6197 i
MIMIC2 24508 17
S Energy 19735 28
Appendicitis 106 7 CCPP 9568 4
Phoneme 5404 5 .
Electrical 10000 13
SPECTF 349 44
. Elevators 16599 18
Magic 19020 10
No2 500 7
Bank 45211 16
Churn 5000 19 Sensory 576 1
Airfoil 1503 5
Skill Craft 3338 19
Ailerons 13750 39

Datasets details. Tables 4| and [5|summarize the 10 classification and 15 regression datasets used in
our experiments. These datasets are sourced from various publicly available repositories. The UCI
Machine Learning Repository [24] provides datasets including Adult, Magic, Bank, Bike Sharing,
Parkinson’s Motor, Parkinson’s Total, Seoul Bike, Wine, CCPP and Skill Craft. OpenML [41]]
offers datasets such as Electrical, Elevators, No2, Sensory, Airfoil, and Ailerons. The Penn Machine
Learning Benchmarks (PMLB) [37] includes datasets like Appendicitis, Phoneme, SPECTF, and
Churn. Additional datasets used in our experiments include California Housing [33]], MIMIC-II [39],
COMPAS [34]], HELOC [32]], and Energy [5. [6].

Data Preprocessing. All input features are standardized using z-score normalization. For regression
tasks, the target variable y is also standard scaled. The only exception is the GAMI-Net model, which
requires input features to be scaled using min-max normalization. For RMSE, predictions and targets
are inverse-transformed to the original scale prior to evaluation.

Model Configurations. Our black box models comprise a fully connected neural network, a
random forest and an XGBoost ensemble. The deep network contains two hidden layers with 50 units
each; ReLU activations are used for regression whereas a final sigmoid unit closes the classification
variant. Training is carried out for 200 epochs with the Adam optimiser (learning rate=0.001), a batch
size of 200 and either mean-squared error or binary cross-entropy loss, depending on the task. The
random-forest baseline consists of 500 trees grown to a maximum depth of 25 with a minimum of
three samples required at each leaf. For boosted trees we employ XGBoost with 300 boosting rounds,
a learning rate of 0.1 and the log-loss evaluation metric for classification

For GAM models we consider NAM and EBM without interactions and Spline. The Neural Additive
Model (NAM) builds one independent multilayer perceptron per feature; each sub-network has three
hidden layers of 100,100 and 10 ReLU units followed by a linear output, and the additive sum is
passed through a sigmoid for binary classification. Training uses Adam (learning rate 0.001), for 10
epochs and a mini-batch size of 32. Spline-GAMs are implemented with PyGAM’s LinearGAM or
LogisticGAM, allocating a single spline term to every feature while relying on PyGAM’s automatic
smoothing. Finally, the Explainable Boosting Machine (EBM) is used without interaction terms by
explicitly setting n_interactions = 0.

To capture pairwise interactions we experiment with three GA?M variants. EB?M extends the EBM
by enabling interactions with a default strength of 0.9; NODE-GA?M activates its interaction mode
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Table 6: Number of Interactions per Model in Classification Datasets

Dataset CALM EB2M NodeGAM GAMINet
Adult 4.2+14  12.0+00 72.6+32 20.0+0.0
COMPAS 1.4+17 9.0+0.0 36.0+0.0 20.0+0.0
HELOC 1.1+16  21.0x00 163.8+4.4 20.0+0.0
MIMIC2 11.5+21  16.0+0.0 115.0+33 20.0+0.0
Appendicitis  4.0+1.7  7.0+00 21.0+0.0 6.2+8.1
Phoneme 8.6+16 5.0+0.0 10.0+0.0 10.0+0.0
SPECTF 0.0+00  40.0+0.0 273.0+144 20.0+0.0
Magic 8.5+24  9.0+00 44.0+0.6 20.0+0.0
Bank 9.2420  15.0+00 104.2+32 20.0+0.0
Churn 14.0+00 18.0+0.0 137.4429 20.0+0.0
Avg. 6.2 15.2 97.7 17.6

via the ga2m=1 flag and restricts training to a five-minute time limit to ensure parity with the other
models; this cap was chosen to match the practical training budget of competing methods, and we
observed that NODE-GA>M’s training loss had largely plateaued within this window on most datasets
where the cap was reached; GAMI-Net is run with the default hyper-parameters.

For CALM , we configure the heterogeneity drop threshold to 0.2, determining whether a split is
considered statistically significant. The region detector, which measures heterogeneity , relies on
Partial Dependence Plots (PDP) for RF and XGBoost black-box models, while for DNNs we consider
both PDP and RHALE to measure heterogeneity. The detector evaluates 20 candidate split points per
feature. The GAM used within regions is an EBM without interactions and the CALM is applied on
top of all three black-box models (DNN, RF, XGBoost).

Compatibility. The GAMI-Net baseline depends on a native binary (lib_ebmcore_mac_x64.dylib)
compiled for x86_64 architecture. As a result, it is not compatible with Apple Silicon Macs, and
running it on such systems will lead to an architecture mismatch error. This issue is limited to this
external model and does not affect any of the proposed methods or other baselines. We provide
instructions in the README file to guide such users on running all other methods except GAMI-Net.

Computer Resources. All experiments were conducted on an in-house server with cloud infras-
tructure equipped with an Intel(R) Core(TM) 19-10900X CPU @ 3.70GHz, 128 GB of RAM. No
GPU acceleration was utilized during these experiments.

C.2 Number of Interactions

Number of Interactions (Classification). For CALM, the number of interactions is computed
as y . |S;|, where .S; is the set of conditioning features appearing in the region tree 7; for feature
x; (i.e., the set of features used as split variables in 7;). Table [6] reports the number of feature
interactions selected or used by each model across classification datasets. CALM consistently uses
significantly fewer interactions than GA2M-style baselines, often by a wide margin. In most datasets,
CALM activates less than a third of the interactions compared to NodeGA2M, and even fewer than
GAMINet’s default of 20. The numbers shown for CALM reflect actual detected regions with
interaction-specific behavior, confirming that its compact regionalization mechanism results in sparse
and interpretable models.

Number of Interactions (Regression). As shown in Table [/, CALM activates fewer feature
interactions than NodeGA2M and GAMI-Net in regression tasks, and is comparable to EB?M (15.1
vs. 14.1 on average). While GAMI-Net and EB2M use a fixed or near-fixed interaction set, and
NodeGA2M often selects over 100 interactions, CALM remains sparse across datasets.
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Table 7: Number of Interactions per Model in Regression Datasets

Dataset CALM EB?M NodeGA’M GAMINet
Bike Sharing 19.3+27  10.0+00 53.6+1.4 20.0+0.0
California Housing  10.7420  8.0+0.0 28.0+0.0 20.0+0.0

Parkinsons Motor 13.8+44  18.0+00 126.2+1.7 20.0+0.0
Parkinsons Total 14.4458 18.0+0.0 129.2439 20.0+0.0

Seoul Bike 20.4+10 13.0+00 83.2+0.7 20.0+0.0
Wine 13.9+33  10.0+0.0 54.6+0.5 20.0+0.0
Energy 49.2+44  26.0+00 192.0+45 4.0+8.0
CCPP 1.9422 4.0+0.0 6.0+0.0 5.8+04
Electrical 0.0+00  12.0+00 68.6+3.0 12.0+0.0
Elevators 11.7+30 17.0+00 115.442.1 20.0+0.0
No2 12.8+19  7.0+00 21.0+0.0 20.0+0.0
Sensory 6.9+42  10.0+00 54.040.9 16.0+49
Airfoil 9.3+0.5 5.0+0.0 10.0+0.0 10.0+0.0
Skill Craft 0.0+00  18.0+0.0 135.6+24 16.0+8.0
Ailerons 41.7+26 36.0+0.0 232.4+45.1 20.0+0.0
Avg. 15.1 14.1 87.3 16.3

Table 8: Runtime (Seconds) for Classification Datasets

Dataset BlackBox GAM CALM GA’M

XGB NAM EBM EB’M  NodeGA’M  GAMINet
Adult 0.240.01 38+2 1041 3641 1342 97+9 7184122
COMPAS 0.1+0.004  10+0.1 242 2+40.1 140.04 51+1 12945
HELOC 0.240.01 31+6 242 17+1 2402 57+0.1 249+60
MIMIC2 0.2+0.01 31+03 443 2643 5+1 69+9 359+32
Appendicitis  0.1+0.001 540.1 244 240.1 1+05 24+0.1 645
Phoneme 0.1+0.01 6+1 3+4 3+3 441 61+4 166+38
SPECTF 0.140.01 3240.3 3+4 343 4+5 25402 180413
Magic 0.240.003 28418 545 1743 T+4 98+7 489463
Bank 0.240.04 4441 5+1 4243 13+1 98+17 9944265
Churn 0.2+0.01 1943 2+1 1044 342 5642 257432
Avg, 0.2 24 4 16 5 64 355

C.3 Practical Runtime

We report the total runtime of each method across all datasets in Tables E] and E} For CALM, the
reported time includes not only the regions detection fitting steps, but also the training time of the
underlying black-box model and the GAM component used within regions. While this inclusion
gives a complete view of end-to-end cost, it somewhat disadvantages CALM in comparison to other
models, whose runtimes reflect only their own training processes. In practice, the black-box or GAM
components can be selected to be lightweight and the blackbox model can be reused or pretrained
independently, making CALM’s region discovery step lightweight and modular.

Despite this conservative accounting, CALM’s runtime remains competitive. For example, it often
trains faster than or comparably to GA2M methods such as NODE-GA?M and GAMI-Net, which tend
to have high computational overhead. On small and medium-sized datasets like COMPAS, HELOC,
California Housing, and Wine, CALM runs in under a minute, showing that its interpretability gains
come with reasonable computational cost. On larger datasets such as Bank or Ailerons, CALM’s
runtime scales moderately but remains practical.
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Table 9: Runtime (Seconds) for Regression Datasets

Dataset BlackBox GAM CALM GA’M

XGB NAM EBM EB’M NodeGA’M GAMINet
Bike Sharing 0.1+0.01 18+1 2+1 15+1 1943 187+31 299+33
California Housing ~ 0.2+0.01 15+01 442 13+1 16+0.5 20046 677+147
Parkinsons Motor 0.3+0.003 2146 542 1742 44+4 193+34 536488
Parkinsons Total 0.340.01 18402 543 1642 4045 227+76 543479
Seoul Bike 0.2+0.01 15402 3+3 1343 1244 127+18 268453
Wine 0.240.01 1241 243 943 3404 62410 187+20
Energy 0.3+0.01 43+04 843 82+5 97+15 206457 2534214
CCPP 0.240.004 640.1 544 845 1442 133+18 8848
Electrical 0.1+0.002 25420 9+4 1145 8+3 112428 279443
Elevators 0.340.1 25+0.4 T+4 35+5 4348 181438 7734269
No2 0.14£0.003  540.04  240.1 2+40.1 2+0.1 26+0.1 7841
Sensory 0.1+0.001 10+1 4+6 T+5 2404 27+05 74+16
Airfoil 0.1+0.001 440.03 3+6 5+6 T+1 51+12 76434
Skill Craft 0.340.003 17402 446 9+6 1+0.1 4440.1 141452
Ailerons 0.3+0.02 53+1 5+7 7048 340.1 126+36 6194134
Avg. 0.2 19 5 21 21 127 326

C.4 Performance Metrics for all Experiments

Performance Summary. We evaluated CALM on 25 datasets using three model classes: DNN,
XGB, and RF. For each model and dataset, we compare CALM to both its corresponding GAM
baseline and the original black-box model.

In comparisons with GAMs, we match the model structure: for example, CALM-NAM is compared
directly to NAM, so the performance difference reflects only the benefit of introducing regional
modeling. In comparisons with the black-box, we report the accuracy of the best CALM-GAM.
For XGB and REF, this is selected across multiple GAM types (NAM, EBM, Spline) using a fixed
heterogeneity threshold of 0.2. For DNNs, we first identify the best heterogeneity modeling method
(PDP or RHALE) for each GAM, and then select the best-performing GAM among all types. While
the threshold is fixed in our experiments, we note that alternative thresholds could yield further
improvements.

The results cover six tables: Tables[TOHI2]report performance on regression datasets using DNN, XGB,
and RF respectively, while Tables [[3H15]|report on the same three model classes for classification
datasets. Across these settings, CALM consistently outperforms the corresponding GAM baseline. It
matches or exceeds the performance of its GAM counterpart in 97.8% and 100% of cases for DNNs
(Tables [I0}[T3), 97.8% and 96.7% for XGB (Tables[11} [14), and 95.6% and 96.7% for RF (Tables
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same architecture.

When compared to the black-box models, CALM also achieves strong results. For regression, the
best CALM-GAM variant strictly outperforms the black-box on 9/15 datasets with DNN (with 2
ties; Table [I0), on 3/15 with XGB (2 ties; Table [TT)), and on 3/15 with RF (1 tie; Table [12). In
classification, it beats the black-box in 90.0% of DNN cases (Table @I), 50.0% for XGB (Table @]),
and 60.0% for RF (Table[13).

Overall, CALM outperforms or matches the corresponding GAM in 219 out of 225 cases (97.3%) and
surpasses the black-box in 40 out of 75 cases (53.3%). The rare cases where CALM does not improve
over the GAM occur in both regression and classification tasks and almost always correspond to
scenarios where the GAM itself performs as well as or better than the black-box. These cases suggest
that the underlying function is already well captured by global additive effects, leaving little room for
further refinement through regional modeling.
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Table 10: RMSE Score for Regression Datasets, DNN

Dataset BlackBox GAM CALM - NAM CALM - EBM CALM - Spline
DNN NAM EBM Spline PDP RHALE PDP RHALE PDP RHALE

Bike Sharing 42.95241460  101.968+1.309 100.876+0.868  63.034+0.883 64.941+2.566 58.444:+1.637 60.966+2.983 59.868+1.564 62.108+2.989
California Housing 0.519+0.017 0.611+0.011 0.632+0.009 0.580+0.012 0.591+0.016 0.52240.010 0.526+0.009 0.593+0.018 0.597+0.006
Parkinsons Motor 3.654+0.162 6.112:+0.158 6.027+0.070 4.220+0.192 5.303+0.312 2.681+0.105 3.658+0.324 4.149+0211 5.318+0.430
Parkinsons Total 5.13940.102 7.897+0.102 7.51940.072 5.456+0.182 6.776+0.381 3.587+0.030 4.319+0222 5.408+0.365 6.827+0.209
Seoul Bike 244.967+5.081  320.225+4.377 302.020+4.701  269.277+6.414  273.24148379  249.457+2407  245.880+5.153  246.855+3936  243.926+4.433
Wine 0.700+0.015 0.719+0.009 0.736+0.039 0.712+0.005 0.711+0.012 0.695+0.011 0.695+0.012 0.729+0.027 0.734+0.035
Energy T7.139+2916 89.799:+2.665 86.498:+2.384 89.304:£2.480 88.600+2.179 84.347+2358 83.972+2.557 84.929:+1.868 83.526:+2.653
CCPP 3.916+0.079 4.213+0.050 4.144+0.054 4.205+0.067 4.188+0.079 3.42740.058 3.379+0.083 3.99540.061 4.006+-0.058
Electrical 0.05140.009 0.040+0.005 0.095:£0.005 0.040+0.005 0.040+0.005 0.018+0.011 0.012+0.007 0.094:£0.005 0.088+0.003
Elevators 0.002+0.000 0.003:0.000 0.002+0.000 0.0020.000 0.002+0.000 0.0020.000 0.002+0.000 0.002+0.000 0.0020.000
No2 0.522+0.012 0.503+0.021 0.480+0.032 0.507+0.016 0.501+0.025 0.492+0.030 0.498+0.034 0.485+0.028 0.492+0.033
Sensory 0.52240.022 0.48340.014 0.48240.012 0.46140.025 0.449+0.019 0.447+0.021 0.444+0.012 0.45340.025 0.44640.020
Airfoil 2.131+0.131 4.801+0.198 4.542+40.121 3.275+0.196 3.143+0.150 2.647+0.194 2.449+0.227 2.697+0.161 2.588+0.248
Skill Craft 1.231+0.195 0.925+0.025 2.51543.092 0.923+0.028 0.918+0.023 0.901+0.021 0.905+0.018 1.652+1323 2.345+2.792
Ailerons 0.00020.000 0.0002+0.000 0.00020.000 0.0002+0.000 0.0002:£0.000 0.00020.000 0.0002+0.000 0.00020.000 0.0002+0.000 0.001+0.001

Table 11: RMSE Score for Regression Datasets, XGB

Dataset BlackBox GAM CALM
XGB NAM EBM Spline NAM EBM Spline

Bike Sharing 39.346+1375  101.968+1.309  100.211+1.010 100.876+0868  59.732+1.414 55.667+1.220 56.656+1.320
California Housing 0.454+0.010 0.611+0.011 0.554+0.008 0.632+0.009 0.566+0.010 0.511+0.010 0.594+0.014
Parkinsons Motor 1.44340.094 6.1124+0.158 4.204+0.087 6.027+0.070 4.574+0.137 2.243+0.126 4.432+0.185
Parkinsons Total 1.863+0.079 7.897+0.102 4.847+0.107 7.519+0.072 6.109+0.361 2.968+0.089 5.638+0.288
Seoul Bike 209.587+3.474  320.225+4377  303.685+3.855  302.020+4.701  270.365+7.049  238.912+1.643  237.705+2.658
Wine 0.62240.012 0.719+0.009 0.703+0.012 0.736+0.039 0.703+0.011 0.693+0.016 0.737+0.043
Energy 67.967+2.579 89.799+2.665 85.225+2.489 86.498+2.384 87.416+2.894 83.088+1.974 82.747+2.421
CCPP 3.086+0.090 4.213+0.050 3.435+0.076 4.144+0.054 4.171+0.042 3.419+0.066 4.039+0.036
Electrical 0.037+0.015 0.040+0.005 0.018=+0.011 0.095+0.005 0.040-+0.005 0.018+0.011 0.095+0.005
Elevators 0.002-0.000 0.003+0.000 0.002-0.000 0.002-0.000 0.002-0.000 0.002-0.000 0.002-0.000
No2 0.473+0.026 0.503+0.021 0.492+0.034 0.480+0.032 0.498+0.022 0.492+0.036 0.479+0.031
Sensory 0.508+0.028 0.48340.014 0.477+0.009 0.48240.012 0.462+0.016 0.45040.020 0.45140.029
Airfoil 1.54440.100 4.801+0.198 4.565+0.148 4.542+0.121 3.146+0.137 2.503+0.147 2.582+0.130
Skill Craft 0.938+0.019 0.925+0.025 0.901+0.021 2.515+3.092 0.925+0.025 0.901+0.021 2.167+2.261
Ailerons 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000

Table 12: RMSE Score for Regression Datasets, RF

Dataset BlackBox GAM CALM
RF NAM EBM Spline NAM EBM Spline

Bike Sharing 43.247+1.037  101.968+1309  100.211+1.010 100.876+0.868  61.174+1.544 57.158+1.288 57.823+1.393
California Housing 0.502+0.012 0.611+0.011 0.554:£0.008 0.632+0.009 0.570+0.015 0.515+0.012 0.611+0.025
Parkinsons Motor 1.47740.155 6.112+0.158 4.204+0.087 6.027+0.070 4.515+0.094 2.23040.081 4.349+0.061
Parkinsons Total 1.869+0.243 7.897+0.102 4.847+0.107 7.519+0.072 5.761+0.259 3.044+0.068 5.393+0.162
Seoul Bike 225.572+3.086  320.225+4.377  303.685+3.855  302.020+4.701  270.514+8.146  243.910+2.580  240.471+4.337
Wine 0.618+0.012 0.719+0.009 0.703+0.012 0.736+0.039 0.708+0.006 0.691+0.011 0.726+0.036
Energy 69.406+2.781 89.799+2.665 85.225+2.489 86.498+2.384 88.448+2.607 84.741+2.520 84.690+2.546
CCPP 3.378+0.078 4.213+0.050 3.435+0.076 4.144+0.054 4.129+0.057 3.422+0.112 4.029+0.052
Electrical 0.009-+0.009 0.040-+0.005 0.018=+0.011 0.095+0.005 0.040-+0.005 0.018=+0.011 0.095+0.005
Elevators 0.003+0.000 0.003+0.000 0.002-0.000 0.002-0.000 0.002-0.000 0.002-0.000 0.002-0.000
No2 0.466+0.033 0.503+0.021 0.492+0.034 0.480+0.032 0.481+0.023 0.482+0.031 0.484+0.029
Sensory 0.4460.007 0.483+0.014 0.4770.009 0.482+0.012 0.451+0.022 0.439-£0.020 0.4420.025
Airfoil 2.196+0.170 4.801+0.198 4.565+0.148 4.542+0.121 3.073+0.143 2.533+0.137 2.627+0.108
Skill Craft 0.916+0.019 0.925+0.025 0.901+0.021 2.515+3.092 0.926+0.037 0.901+0.022 2.320+2.696
Ailerons 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000 0.0002-£0.000

Table 13: Accuracy Score for Classification Datasets, DNN

Dataset BlackBox GAM CALM - NAM CALM - EBM CALM - Spline
DNN NAM EBM Spline PDP RHALE PDP RHALE PDP RHALE

Adult 0.849+0.002  0.8514+0.002  0.870+0.002  0.856+0.001  0.853+0.001  0.854+0.003  0.87040.003  0.871+0.003  0.857+0.003  0.85940.003
COMPAS 0.682+0.011  0.682+0.016  0.681+0.012  0.685+0.012  0.682+0.007 0.681+0.014  0.683+0011  0.679+0.012  0.683+0.015  0.683+0.011
HELOC 0.721+0.009  0.723£0.011  0.728+0.014  0.726+0.010  0.723+0.011  0.7234£0.013  0.727+0015  0.728+0.014  0.721+0.012  0.726+0.011
MIMIC2 0.885:+0.003  0.886+0.001  0.886+0.003 0.886+0.003  0.887+0.001  0.886+0.001  0.886+0.003 0.886+0.002 0.886:+0.003  0.886+0.003
Appendicitis  0.877+0.072  0.84840056  0.877+0.077  0.887+0.064  0.839+0.025 0.848+0.056 0.897+0055 0.877+0.077 0.887+0.064  0.887+0.064
Phoneme 0.815+0.009  0.808+0.002  0.821+0.007 0.832+0.006 0.839+0012  0.834+0.008  0.858+0.010  0.856+0.008 0.855+0.009  0.852+0.006
SPECTF 0.814+0016  0.839£0.030 0.894+0.015 0.845+0.040 0.848+0.036 0.882+0.025 0.885+0.021 0.903+0.014 0.848+0.032  0.782+0.036
Magic 0.870+0.004  0.850£0.006 0.857+0.005 0.855+0.004 0.860+0.007 0.85840.004 0.862+0.006 0.860+0.006 0.865+0.005 0.860+0.005
Bank 0.903+0.003  0.9014+0.003  0.902+0.002  0.903+0.002  0.902+0.001  0.903+0.005  0.9054+0.003  0.904+0.003  0.906:+0.003  0.90540.005
Churn 0.938+0.005  0.8854+0.009  0.886+0.005  0.889+0.005 0.957+0010  0.949+0004  0.95340006 0.946+0.006  0.959+0.006  0.94140.007

se7 D User Study

gss  Study Overview. We conducted a within-subjects user study (N = 25) to evaluate the practical
sso  interpretability of CALMs. Participants ranged from novices to experts in machine learning and data
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Table 14: Accuracy Score for Classification Datasets, XGB

Dataset BlackBox GAM CALM
XGB NAM EBM Spline NAM EBM Spline

Adult 0.87040.002  0.85140.002 0.870+0.002 0.856+0.001 0.85340.002  0.87040.002  0.85840.001
COMPAS 0.66140.007 0.682+0.016 0.681+0.012 0.685+0.012 0.686+0.014 0.68440.013 0.68640.016
HELOC 0.71740.013  0.723+0.011  0.72840.014 0.726+0010 0.724+0.011  0.72840.012  0.726+0.011
MIMIC2 0.89040.001  0.886+0.001  0.88640.003 0.886+0.003 0.886+0.001  0.88640.003 0.886+0.003
Appendicitis  0.868+0.069  0.848+0.056  0.877+0.077  0.887+0.064 0.8684+0.069 0.878+0.063  0.878+0.063
Phoneme 0.89840.006  0.80840.002 0.821+0.007 0.832+0.006 0.84340.006 0.8614+0.011  0.86040.010
SPECTF 0.86240.029  0.83940.030 0.894+0.015 0.845+0.040 0.85740.043  0.89440.015 0.84540.040
Magic 0.885+0.004  0.850+0.006  0.857+0.005  0.855+0.004  0.863+0.007 0.864:+0.004  0.868-0.006
Bank 0.90840.003  0.901+0.003 0.90240.002  0.903+£0.002  0.90340.002  0.90540.002  0.907+0.002
Churn 0.95840.004  0.885+0.009 0.88640.005 0.889+0.005 0.954+0.007 0.94640.003 0.953+0.008

Table 15: Accuracy Score for Classification Datasets, RF

Dataset BlackBox GAM CALM
RF NAM EBM Spline NAM EBM Spline

Adult 0.84340.001  0.85140.002 0.870+£0.002 0.856+0.001 0.85340.002  0.87140.003  0.85940.001
COMPAS 0.66240.016  0.682+0.016 0.6814+0.012 0.685+0.012 0.682+0.016 0.68340.012 0.685+0.012
HELOC 0.7244+0.014  0.7234+0011  0.728+0.014 0.726+0.010 0.7234+0.014  0.7284+0.014 0.72640.010
MIMIC2 0.88840.002 0.886+0.001  0.886+0.003 0.886+0.003 0.88640.002 0.88740.002 0.88640.003
Appendicitis  0.85940.064  0.84840.056 0.8774£0.077 0.88740.064 0.84840.056 0.87740.077  0.88740.064
Phoneme 0.89840.005  0.80840.002 0.821+0.007 0.832+0.006 0.83840.005 0.85940.005  0.85940.009
SPECTF 0.87740.027  0.83940.030 0.894+0.015 0.845+0.040 0.848+0.026 0.89440.018 0.84240.048
Magic 0.878+0.004  0.850+0.006  0.857+0.005  0.855+0.004  0.861+0.004 0.864:+0.004  0.866+0.005
Bank 0.90140.004  0.9014+0.003  0.902+0.002  0.903+0.002  0.905+0.003  0.907+£0.002  0.907+0.002
Churn 0.95740.005  0.88540.009 0.886+0.005 0.889+0.005 0.95240.005 0.95140.007 0.95540.006

analysis, and were asked to estimate feature contributions for specific inputs and reason about how
predictions change under feature perturbations. Participants were not financially compensated.

Participant Expertise. Participants self-reported their level of expertise using a 5-point scale
ranging from no experience to expert.

How would you rate your level of expertise in Machine Learning and Data Analysis? *
1 - No experience: | have no background in data analysis or ML.
2 - Beginner: | understand basic concepts but do not practice ML.
3 - Intermediate: | have some experience applying ML models (e.g., student or occasional user).
4 - Advanced: | work with ML models regularly (e.g., Data Scientist or Engineer)

5 - Expert: | have deep technical knowledge or conduct research in ML

Figure 4: Self-reported expertise question used to assess participant background.

Interpretation Protocol. Before starting the tasks, participants were provided with standardized
instructions on how to interpret conditional feature plots. These instructions explained how to: (i)
select the appropriate curve based on feature conditions, (ii) read feature contributions directly from
the plot, and (iii) account for interaction-induced discontinuities when estimating changes.

Task Design. Participants completed tasks targeting two aspects of interpretability: estimating
feature contributions for specific inputs and reasoning about how predictions change under feature

perturbations.

Example Questions. Figure[6]shows a representative example of the questions used in the study.
The full questionnaire is available at https://forms.gle/tTippibeJ6cZHry9l
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Plot for x, - Interpretation

Select the Curve; Use the Blue curve if x; > 0 and the Drange curve if x, =< 0.
Read Contribution: Read the y-value directly from the selected curve.

Calculate Changes:

« Standard: If the change does not cross a dotted line, read the difference directly from the curve.

+ Discontinuity: If the change crosses a vertical dotted line, the actual output jumps. Check the arrow:
» T (Up): Actual change is larger than the curve shows.
+ | (Down): Actual change is smaller than the curve shows.

» 1 (Both): Actual change is uncertain.

Plot for x, and x, - Interpretation

« Feature x,: Has 3 curves (depends on x,). No vertical dotted lines = No hidden jumps.
» Feature x,: Has 1 curve. The dotted line at x, = 0 with a double arrow (*) = Uncertain jump.

Figure 5: Instruction panel provided to participants for interpreting conditional feature plots.

Evaluation Metrics. We evaluate performance using three metrics: task accuracy (percentage of
correct answers), accuracy on prediction change tasks, and user experience, measured via self-reported
ease of use and confidence.

Results. Participants achieved an average validation accuracy of 83.2% using CALM. On real-world
tasks, CALM significantly outperformed heatmap-based representations in overall task performance
(54% vs. 34%, p < 0.05), driven primarily by improvements in prediction change tasks (40% vs.
12%, p < 0.05).
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Q1. Given x, = 0.5, %; = 0.2, what is the approximate contribution of feature x, to the
prediction?

1.50

— fixy | x3>0)
flx, | xa=0)

0.75 4

> 0.00

—0.75 1

~1.50 +— — : — -
-1.0 =0.5 0.0 0.5 1.0
X1

+0.7

+0.2

Figure 6: Example question requiring estimation of feature contribution from a conditional plot.

910 Participants also rated CALM as easier to use (p < 0.01) and more confidence-inducing (p < 0.001),
911 indicating improved usability alongside stronger objective performance.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction accurately summarize the paper’s contributions,
including the proposed CALM model, its training procedure, theoretical analysis, and
empirical evaluation, while appropriately reflecting the scope of the results and supporting
claims on interpretability with both quantitative benchmarks and a user study.

Guidelines:

e The answer [N/A| means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[IN/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper explicitly discusses key limitations, including the dependence on
the quality of the reference model, the potential reduction in interpretability with increasing
interactions, and the trade-off between model complexity and clarity.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The paper states the assumptions for its theoretical results and provides
complete proofs in the appendix, with references from the main text.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides detailed descriptions of the model, training pipeline,
datasets, evaluation protocols, and hyperparameters, and includes code for reproducing all
experiments in the supplementary material.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The paper provides open access to code and includes instructions for reproduc-
ing the main experimental results, as described in the supplementary material.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper specifies the experimental setup, including datasets, evaluation
protocols, and key training details, with additional implementation and hyperparameter
information provided in the appendix.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The paper reports results as mean + standard deviation over 5-fold cross-
validation, clearly indicating variability due to data splits; statistical significance is addition-
ally reported for the user study.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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8.

10.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

e If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper reports the compute environment used for all experiments, including
CPU type and memory, and clarifies that no GPU acceleration was used.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research complies with the NeurIPS Code of Ethics, involving standard
machine learning methodology, use of publicly available datasets, and an anonymized user
study conducted with informed consent.

Guidelines:

e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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11.

12.

Answer: [Yes]

Justification: The paper discusses the positive impact of improved interpretability and out-
lines technical limitations of the approach, though broader societal risks are not extensively
explored.

Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

* If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not involve the release of models or datasets that pose a high
risk of misuse, as it focuses on a method for interpretable modeling on standard tabular data.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The paper uses standard publicly available datasets and implementations,
which are properly cited; while licenses are not explicitly listed, all assets are used in
accordance with their standard terms.
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14.

15.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper introduces code for the proposed method, which is documented and
provided in the supplementary material.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

 The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer:[Yes]

Justification: The paper includes detailed descriptions of the user study, with instructions,
screenshots, and representative questions provided in the appendix, along with access to the
full questionnaire and includes details about participant compensation.

Guidelines:
» The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer:

Justification: The paper includes a user study but does not explicitly discuss IRB approval
or risk disclosure procedures.

Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The research does not involve LLMs as part of the core methodology, experi-
ments, or analysis.
Guidelines:
* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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