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Abstract

Existing methods for differentiable structure learning in discrete data typically as-
sume that the data are generated from specific structural equation models. However,
these assumptions may not align with the true data-generating process, which limits
the general applicability of such methods. Furthermore, current approaches often
ignore the complex dependence structure inherent in discrete data and consider
only linear effects. We propose a differentiable structure learning framework that
is capable of capturing arbitrary dependencies among discrete variables. We show
that although general discrete models are unidentifiable from purely observational
data, it is possible to characterize the complete set of compatible parameters and
structures. Additionally, we establish identifiability up to Markov equivalence
under mild assumptions. We formulate the learning problem as a single differen-
tiable optimization task in the most general form, thereby avoiding the unrealistic
simplifications adopted by previous methods. Empirical results demonstrate that
our approach effectively captures complex relationships in discrete data.

1 Introduction

Causal relationships are often represented by directed acyclic graphs (DAGs), where nodes correspond
to variables and directed edges indicate cause-effect links [33, 42, 35]. Learning a DAG from
observational data (structure learning, also known as causal discovery) is a well-known NP-complete
problem [8, 10]. Recent advances have recast this combinatorial search as a differentiable constrained
program, enabling the use of gradient-based methods for structure learning [54, 55]. In this approach,
the adjacency matrix of the graph is treated as a continuous variable and one optimizes a score (e.g.
negative log-likelihood) subject to a differentiable acyclicity constraint that ensures the solution
is a valid DAG [54, 5]. Early work in this area has largely been limited to continuous data and
relied on specific structural equation models (SEMs)—for example, linear or nonlinear functions
with additive Gaussian noise [36]. While such assumptions facilitate tractable optimization, they
may misrepresent the true generative process for non-Gaussian or discrete data, leading to biased or
inconsistent structure learning.

Many real-world datasets involve binary or other discrete variables (e.g. presence/absence of a
condition, binary genetic markers, survey responses), whose complex dependency structures are not
well handled by methods designed for continuous data. Traditional Gaussian [53, 17] or continuous
assumptions often break down in these cases. However, only a few works have attempted to
extend differentiable structure learning to discrete data. These existing approaches typically impose
specific parametric forms on the data-generating process. For instance, a recent method [49] for
discrete differentiable structure learning assumes a generalized linear SEM. Moreover, the theoretical
identifiability guarantees of these methods rely on particular distributional constraints that may not
hold for general discrete data. These gaps call for a more flexible approach that can capture the rich
dependence patterns in discrete data without relying on untested generative assumptions.
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Outside the differentiable paradigm, decades of work have produced both score-based [e.g. 9] and
constraint-based [e.g. 41] algorithms for causal discovery. Many discrete methods also impose
additional simplifications (additive-noise models [34], hidden compact representations [7], linear
effects [27], latent Gaussian variables [1]), which may not apply to discrete data. Even the most recent
differentiable approaches evaluated on discrete data lack a formal justification: For instance, Bello
et al. [5] apply continuous optimization methods to discrete data under a logistic regression model,
although the underlying identifiability and theory for such a model has yet to be worked out. These
observations underscore the need for a general, theoretically-sound framework for differentiable
structure learning in discrete data.

In this work, we propose a general differentiable structure learning framework for discrete data,
which captures arbitrary dependencies without assuming a specific data-generating process. We
first show that, in this general setting, DAGs are non-identifiable from observational data alone.
Nevertheless, we characterize the complete set of compatible structures and parameters. To select
among these, we adopt a sparsity principle, aiming for the sparsest DAG consistent with the observed
distribution. We formulate this as a single differentiable optimization problem. Lastly, we establish
theoretical guarantees showing that our method recovers the correct Markov equivalence class under
mild assumptions. Unlike prior work, our approach avoids assumptions like linearity or additivity,
enabling it to model richer causal dependencies.

In summary, our key contributions are as follows:

1. We start with general binary data, without assuming a particular data generating process,
and use the multivariate Bernoulli distribution (Definition 1) as a general representation
for any such model. We prove that, in this fully general setting, the underlying DAG is
non-identifiable and characterize which graph—parameter pairs are compatible with the
observed distribution (Theorem 1).

2. We formulate learning of the sparsest graph and its parameters as a single differentiable
program (13). We show that even without assuming faithfulness, any global minimizer
yields the sparsest valid DAG (Theorem 3). Moreover, based on our framework, we provide
theoretical justification for prior works [13, 5].

3. We conduct experiments demonstrating that our method can capture general causal rela-
tionships between discrete variables. Furthermore, we introduce a two-stage approach,
BINOTEARS, which reduces computational complexity and outperforms existing base-
lines.

2 Related work

In this section, we survey existing approaches to structure learning and causal discovery, highlighting
methods for discrete data, differentiable DAG learning in continuous settings, and recent extensions
of continuous-data techniques to discrete domains. We discuss their key ideas, assumptions, and
limitations, which motivate the need for a general framework for multivariate discrete data.

Traditional structure learning for discrete data Classical causal-discovery methods for discrete
data fall into two main categories. Constraint-based algorithms (e.g. PC [41], MMHC [43], Copula-
PC [11]) use conditional-independence tests to infer edges. Score-based approaches assign each
candidate DAG a goodness-of-fit score (e.g. BIC, BDeu [29, 20], generalized scores [22, 27]) and then
search for the optimal structure. Greedy strategies such as GES [9] are known to be NP-hard [8, 10]
and can get trapped in local optima [26, 2]. Moreover, score-based search traditionally relies on
strong parametric assumptions—e.g. additive-noise models [34], hidden compact representations [7],
linear effects [27], latent Gaussian variables [1]—which may not hold in practice. A recent exception
for general nonparametric models is [3]. A few methods target bivariate causal discovery [45, 28, 6],
but they do not fit to multivariate problems. As a result, existing discrete causal-discovery techniques
either lack statistical robustness in finite samples or impose restrictive assumptions, motivating the
need for scalable, assumption-light methods that handle high-dimensional binary data.

Continuous DAG learning for continuous data Since the introduction of a smooth characteriza-
tion of acyclicity by Zheng et al. [54], which allows treating the adjacency matrix as a continuous



optimization variable, a large body of work has emerged in differentiable structure learning. Subse-
quent research has extended this framework in several directions: Nonlinear models [55, 48, 25, 56],
optimization theory [44, 32, 14], designing more stable and computationally efficient acyclicity
constraints [5, 30, 48, 50, 51], understanding score function properties [31, 15, 40], and incorporating
extra side information [4]. Despite this progress, most existing methods are fundamentally designed
for continuous variables and do not address the specific challenges of discrete data. The common
reliance on Gaussianity or continuous-variable assumptions—Ieading to objectives like mean-squared
error or Gaussian log-likelihood—introduces potential biases and inconsistencies when applied to
discrete data.

Continuous DAG learning for discrete data Only a handful of recent studies have extended
differentiable structure learning to discrete data by imposing specific parametric forms on the
conditionals. For example, most works [49, 5, 13] assume a linear SEM in which each discrete
node’s probability is given by a logistic link on a linear combination of its parents. Such restrictive
assumptions can fail to capture the rich, higher-order dependencies present in general discrete
distributions. Another line of work in differentiable structure learning studies nonlinear models via
neural networks [55, 25, 56], which in principle could accommodate discrete inputs. However, these
methods treat inputs as generic real-valued vectors and do not formally address the unique features
of discrete data, neither in theory nor in empirical evaluation. A recent contribution by Deng et al.
[15] proposes a general differentiable framework for parametric families, but the necessary details to
connect generic parametrizations of discrete data to structure learning (in particular, the adjacency
matrix), are missing. By contrast, one the of the key contributions in this work is to develop a
tractable parametrization via the multivariate Bernoulli distribution that allows explicit representation
of the adjacency matrix in a fully differentiable framework without restricting the class of discrete
distributions.

3 Preliminaries

Let G = (V, E) denote a directed graph on p nodes, with vertex set V' = [p] := {1,...,p} and edge
set E C V x V, where (i, j) € E indicates the presence of a directed edge from node 4 to node j.
We associate each node ¢ € V to a random variable X;, and let X = (X1, ..., X,,). In this work we
focus on discrete random variables. Any variable with T" categories can be represented by (7" — 1)
binary indicators [46]. For instance, if Z € {0, 1,2}, then introduce Z* := 1{Z =k}, k =0,1,2,
indicating whether Z = k for k = 0, 1, 2. so that Z is replaced by three binary indicators. Hence,
without loss of generality, we only consider binary data in the sequel. Extending the results to general
discrete data only needs additional notation and does not require new technical ideas.

We review the multivariate Bernoulli distribution (MVB) [12], a flexible family that captures all joint
dependencies among high-dimensional binary variables. Because it assigns a probability to every
possible configuration, it allows us to study binary data without imposing additional assumptions.
Definition 1 (Multivariate Bernoulli distribution [12]). Let X = (X1, ..., X},) be a vector of possibly
correlated Bernoulli random variables with X; € {0,1} fori =1,...,p. We say that X follows a
multivariate Bernoulli distribution with p € R?", written X ~ MultiBernoulli(p), if

P(X =)= [] p(1s)hes s Thest=ea),
SClp]
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where 1g € {0,1}? for the vector with ones on S and zeros elsewhere and each entry of p =
(p(0,0,...,0),...,p(1,...,1)) € R*" is the probability mass of a distinct configuration. Such p

is called the general parameter. Let 150 € R?" denote the all-ones vector; normalization requires
1,p=1

Based on (1), it is not clear how to determine the dependence between each variable. For this, define
B3(x) =] jes 2j forany S C [p] with convention B O(x) = 1. Rewrite (1) in exponential—family
form:

P(X =x)=exp | Y f°B%(x) ©)

SClp]



where the coefficient { f°} are the natural parameters. The corresponding natural-parameter vector
is f = (f° f%,...,f7,..., f*?) € R?". Throughout, the superscript set S in f¥ is treated as
unordered; e.g. for S = {1,2} we have f'2 = f2?!. Because the MVB is an exponential family,
there is a one-to-one correspondence between the natural parameters f and the general parameter
p; explicit conversion formulas are provided in Appendix C.1. Expressing the model as in (2) will
later allow us to identify variable dependencies directly from the coefficients f when reconstructing
causal graphs. A simple but useful closure property follows immediately.

Corollary 1. If X ~ MultiBernoulli(p), then every marginal distribution and every conditional
distribution of X is again multivariate Bernoulli.

4 General discrete data: A nonidentifiable model

We first establish that, for fully general binary data, neither the causal structure nor the associated
parameters can be identified from a single observational environment [19, 23]. The intuition is simple:
For any fixed topological sort” of the variables there exists a unique causal structure and associated
parameters that reproduces the observed distribution exactly. Since there are p! distinct topological
sorts, this renders the model fundamentally non-identifiable.

4.1 Conditional distributions and higher order interaction

First, we provide a useful expression for conditional distributions in this model. Given any permutation
7 on V, the joint distribution admits the standard factorization

p
P(X) = H P(Xﬂ'(j) | X‘fr(l),...,w(j—l))~
Jj=1

Let us use the joint law P(X) given by the exponential form in (2). Without loss of generality let
7= (1,...,p) and focus on j = p; other choices of 7 and j lead to the same algebra with heavier
notation. Then

Pr(X,=1[X_p, =2_,)
=0 (fp + fl’pxl + ... fp_l’p$p71 + f12’p$1$2 + ...+ fl“"pxl .. ..’L'pfl)

=o| > [ BS@)

SClp—1]

3)

where [p — 1] = {1,...,p — 1} and 0(2) = 1/ (1 + exp(—=z)). The full derivation appears in
Appendix C.2. Equation (3) highlights that, for general binary data, all higher order interaction terms
are present [12, 16]. Omitting these higher-order interactions—e.g., restricting attention to first-order
(additive) effects [47, 49]—can misrepresent real data.

4.2 Nonidentifiability and Equivalence

In the example above, X, is the last node in the ordering , so any variable in (X7, ..., X,_1) may
serve as a potential parent of X,,. A variable X; is deemed a parent precisely when some interaction
coefficient involving j and p is non-zero; equivalently,

X; > X,&35C[p-1withje s, suchthat f57 #0s S (f97)°>0. (@
SClp—1],j€S

All coefficients in (3) can be estimated simultaneously via a single logistic regression [24]; deciding
whether an edge X; — X, exists thus reduces to checking if the corresponding coefficient set is
non-zero. Because (3) involves higher-order interaction terms, we introduce the following notation.

Let 2[P denote the power set of the index set [p] = {1,...,p}. For any vector X = (X1,...,X,)
€ R” and subset S C [p], define the interaction feature BS(X) = [jes X; with BY(Xx) =1.

’A topological sort is a permutation 7 of V such that Xy — Xy = 1 < J.



Collecting all 27 such terms yields the extended feature map: ®(X) = [BS(X)] ¢y, € R,

ordered according to the graded—lexicographic rule described in Appendix C.3. Expl1c1tly,
(X)) = [1, X1, Xp, XiXo, .., Xp 1 Xy, X1X2X3,...7X1~-~Xp]. 5)

For example, when p = 3 and X = (X7, X2, X3), then the extended feature vector ®(X) =
[1, X7, Xo, X3, X1 X0, X1 X3, X0 X3, X1 X0 X3] € R®. When ® is applied to data matrix X €
R™*P_ it operates row-wise.

For each j and order 7, define the relevant natural parameters in the vector f, ; € R2’"" stored in

the same graded-lexicographic order, but relative to the (Xr(1), ..., Xr(j—1)). Concretely,
T w(1),m 7(2),7 ™ 1),7 (1) (2),7 m(1)...w 1
fﬂ,j—[fﬁ(j])7f( (J) ﬂ(j (])7.”,]0(] (J) ﬂ(j)( (])7...,]"() (G—1),m ] (©6)
constant X (1) Xr(2) Xa@-1) Xa)Xn(2) Xy Xr(i-1)

Each underbrace indicates the interaction term—either a constant, a single feature, or a product of
features from {Xﬂ(l), s Xaio1 }—that the coefficient corresponds to. Thus, the elements of Jrj
align exactly with the entries of the vector ®((Xr(1), ..., Xx(j—1))). The special case used in (3) is
recovered by taking 7 = (1,...,p) and j = p.

With these definitions in place we can now recover the full causal structure and its param-
eters. Fix an ordering 7 and consider any j € [p] By Corollary 1, both the marginal
P(Xr(y, Xr(1)s - -+ Xn(j—1)) and conditional P(X ;) | Xy, x(j—1)) remain multivariate
Bernoulli. Let X = (X4,...,X,) € R"*? ben 11d samples from X ~ MultiBernoulli(p),
one sample per row. Hence we can apply the same logic as in Section 4.1:

* Form extended feature vector ®((X (1), ..., Xx(j—1))) and run a single logistic regression

of X (;) on these features to recover natural parameters f, ; € R
* Apply the edge criterion in (4) to f ; to determine the parent set PA(7(j)).
* Repeat steps above for j € [p] to construct the DAG G/ and parameter f, = {f, ;}/_

* Iterate over all permutations 7 to enumerate every graph—parameter pair.

Complete details on such procedure can be found in Appendix C.4.

Theorem 1. Let p > 0 and fix any topological sort m. Consider the population case (n — c0). Let
(f z+ G=) be the output of procedure above. If Y € RP are generated by the following structural
equations

Ya(j) ~ Bernoulli (a (f;j@ ((Yeays -+ Y,T(j,l))))) Vi=1,...,p %)
where 0(z) = 1/(1 + exp(—=z)), then Y ~ MultiBernoulli(p).

We work in the population case to eliminate finite sample estimation error. The assumption p > Ois a
mild regularity condition routinely adopted in structure learning problems [49, 36, 21] and guarantees
that the logistic regressions used in the procedure above always have unique solutions.

Remark 1. Equation (7) expresses a general discrete model as a structural equation model (SEM)?,
a framework widely used for structure learning because it provides a generative description of how
each variable arises from its direct causes. A central appeal of SEMs is their universality: Every
probability distribution can, in principle, be represented by a suitably chosen SEM (Proposition 7.1 in
35). In practice, however, SEM-based methods almost always impose strong parametric forms—linear,
additive, or low-order interactions [47, 49, 18, 52 ]—which risk ignoring important structure in real
data [12, 16]. The problem is particularly acute for discrete data, where higher-order dependencies
are easily overlooked, sharply limiting the model’s expressive power. By contrast, Theorem 1 shows
that general binary distributions necessarily involve higher-order interaction terms. Omitting these
terms therefore precludes an exact representation and may lead to incorrect causal conclusions.

Thus, the Theorem | indicates that, for every topological order m we can construct a distinct SEM that
reproduces the same distribution. The model is therefore non-identifiable: multiple parameter—graph

3Formal details can be found in Appendix C.5



pairs (f,., G) obtained by procedure before give rise to the identical law MultiBernoulli(p). Collect
all such pairs into the equivalence class

g(p) = {(fﬂ’ G‘ﬂ') : (fﬂ" GT")7V7T}
The cardinality of £(p) is at most p!, corresponding to the number of permutations of p variables.

Remark 2. [t is well-known that causal DAGs are non-identifiable from observational data alone [20),
19, 23]. However, Theorem I provides a novel and comprehensive characterization of all DAG-
parameter pairs that exactly reproduce a given distribution within the general multivariate Bernoulli
framework.

4.3 Minimal equivalence class

Because observational data cannot distinguish among members of £(p), we seek the simplest
representation. Specifically, the DAG with the fewest edges. Let s¢ denote the number of directed
edges in a graph G; our objective is to find the pair (f,,G,) € £(p) with min s¢,.

Definition 2 (Minimality [15]). (f,,Gx) is the minimal element in equivalence class E(p) if
s, < sg.,V(fz, Gz) € E(p). The set of all the minimal element in equivalence class E(p) is
referred to as the minimal equivalence class Enin (D)

Emin(P) ={(f+,Gx) : (fr,Gr) is the minimal element, (f.,Gr) € E(p)} (8)

For the procedure in Section 4.2, if we retains those pairs (f, G ) with the fewest edges, thereby
recovering Emin(p). Minimality is closely related to the Sparsest Markov Representation (SMR)
assumption [38, 26], which posits that, among all DAGs compatible with a distribution, the sparsest
one is unique up to Markov equivalence, i.e., encoding the same conditional independence relationship.
SMR is weaker than the well-known faithfulness assumption [35]: if a distribution P is faithful to
a DAG G, then (G, P) satisfies SMR. Hence, targeting the sparsest graph is both principled and
practically appealing. Let M (G) denote the Markov Equivalence class of a DAG G, i.e. the set of all
DAGs encoding the same conditional-independence relations. Formal definitions of these concepts
appears in Appendix C.6.

Theorem 2. For any p > 0 and consider the population case (n — oo). Under the SMR assumption
(or faithfulness assumption), if (£ ,Gx,),(fr,, Gr,) € Emin(p), then M(Gr,) = M(Gx,)

5 Continuous structure learning for general binary data

The procedure in previous section is purely combinatorial and thus fails to scale: It requires fitting p!
logistic regressions, so the computational cost grows exponentially with the number of nodes p. To
overcome this bottleneck, we leverage recent advances in differentiable structure learning [54, 55].
Specifically, we recast the search for the sparsest binary—data DAG as a single differentiable program,
which can then be tackled by standard gradient-based optimizers.

Parameterization Let X = (X;,...,X,,) be n ii.d. samples from X ~ MultiBernoulli(p), one
sample per row. Define the parameter matrix

_ 0,7 1,5 p,J 1,12,7 p—1)p,j 123...p,J\ T 2P
H; =( 1% hY . P pi2I L R hP h HTeR
constant first order second order third to (p—1)-th order  p-th order

LetH=H,,....Hy) € R2"*P. Here H plays the role of column j in the weighted adjacency
matrix. Unlike a linear model, where a single entry W;; signals the edge X; — X; [54], the multiple
coefficients in H; jointly determine whether such an edge exists.

Weighted adjacency matrix Define the induced adjacency matrix
N2
WE); = > (k%) (10)
SClpl,ies

so [W(H)];; > 0if and only if some interaction involving X; contributes to the equation for X;, that
is some coefficient 25 with i € S is non—zero. Self-loops are forbidden, so we impose

hS3 =0 whenever j € S, Vjielpl, SClp.



Score function By Theorem 1 the negative log-likelihood of the multivariate Bernoulli model—-i.e.
the logistic or cross entropy loss—provides a suitable score. Applying the extended feature map (5)
row-wise to the data matrix X yields the score function

1&
(H;X) = =317 (log(Ly + exp(®(X)H)) — X; o (©(X)H))
n
i=1
where o denotes the Hadamard product and exp is applied element-wise, see Appendix C.7 for details.

Regularization While ¢(H; X) identifies the equivalence class £(p), our objective is a minimal
equivalence class Exin(p). Simply adding a £y [20] penalty would break differentiability, and an
¢1 penalty is both biased and imprecise in edge counting. Instead, we adopt the smooth quasi
minimax-concave penalty (MCP) [15]:

2
quasi-MCP: Pas(t) = A [(|t| - ;6> 1(|t] <)+ g]l (It] > 9) (11)

where 1(-) is the indicator function. p) s is quadratic on [0, 4] and flat beyond d, smoothly approxi-
mating an ¢, penalty and thereby encouraging a sparse W (H) without sacrificing differentiability.
Let px,s(W(H)) = 3, pxs([W(H)]i;). Define the regularized score

s(H; A, 6,X) = £(H; X) + pa s (W (H)) (12)

Recovering &,,i, (p) We formulate this task as the single continuous optimization problem
min s(H; \, 9, X)
H
subject to h(W(H)) =0 (13)
hS7 =0ifj €S Vje[p],vS C [p]

where h : RP*P — [0, 00) is the differentiable acyclicity constraint [54, 5, 30, 48], satisfying
h(W) = 0iff W is a DAG. To study the optimal solutions of (13), define the set of global minimizers

Opas ={H",G(W(H"))) : H* is a minimizer of (13)} (14)

where G (W) denotes the graph encoded by the adjacency matrix W via (10). Although (13) optimizes
only over H, we include the induced graph to match the notation of £(p) and Epin (P).

Ideally, we want the optimal solution set to coincide with the minimal equivalence class, i.e. Oy x s =
Emin(p). However, it is unclear whether suitable values of (), J) exist. The next result shows
that, in the population limit, such values can always be chosen. Let O ) s denote the set of
minimizers of (13) when the empirical loss s(H; A, 4, X) is replaced by its population counterpart
E[s(H; X, 6,X)].

Theorem 3. For any p > 0, there exist \,0 > 0 sufficiently small such that O x5 =
Emin(p). Moreover, under Sparsest Markov Representation (or faithfulness) assumption, for any

(FryGri)s (Frys Gr) € Oson s, it holds M(Gr, ) = M(Gr,).

Here, M(G) is the Markov equivalence class of G. The proof adapts Theorem 4 of Deng et al.
[15], but requires additional technical work to accommodate the multivariate Bernoulli setting; The
theorem implies that, with appropriately small regularization, every global optimum of (13) recovers
a sparsest DAG and preserves all conditional-independence relations.

Connection to prior continuous methods on discrete data. Existing empirical studies [13, 5]
often generate binary data by passing a linear combination of parent variables through a logistic link,
then apply continuous-optimization techniques without formal justification. Theorem 3 provides
that justification: Such simulations instantiate a special case of our general model. To formalize this
setting, we characterize this with the following assumption.

Assumption A (First-order logistic model). There exist a DAG G° such that X = (X1,...,X,) are
generated according to the following structure equation model

X; | Xpa(j) ~ Bernoulli (o (wJTX +¢;)) (15)

where Xpy ;) are the parents node of X; in G°. Here [w;],\pa(j) = 0, [wjlpa(j) # 0,¢; € R.



Under Assumption A, only first-order interaction terms are present; all higher-order coefficients in (9)
vanish. Consequently H shrinks from 27 x pto (p + 1) X p, and the optimization problem becomes
tractable even for moderate p. A detailed formulation and corresponding consistency theorem are
provided in Appendix C.8.

6 Experiments

We solve (13) using either DAGMA [5] or NOTEARS-MLP [55]. Both methods tackle a sequence of
unconstrained problems by incorporating the acyclicity constraint as a penalty term with an increasing
weight.* Our method—denoted BINOTEARS—is compared against several baselines, including
DAGMA [5], PC [41], and FGES [37]. Our primary empirical results appear in Figures 1 and 2.
We evaluate accuracy using structural Hamming distance (SHD), which measures the discrepancy
between the estimated and ground-truth graphs, with lower values indicating better performance.
Because the multivariate Bernoulli model is nonidentifiable, we compare completed partially directed
acyclic graphs (CPDAG:S) of the estimates and the ground truth. Full experimental details are provided
in Appendix D.

In Figure 1 (a), we simulate data X according to the SEM in (7) for small DAG (d < 10), including
both first-order effects and second-order interactions among parents whenever a node has multiple
parents. We observe that BINOTEARS (ours) achieves competitive performance relative to the
baselines. In contrast, DAGMA which models only first-order effects, exhibits markedly poor
recovery when second-order interactions are present. These results underscore that a purely linear
form is insufficient to capture the complex dependencies in general discrete data and can lead to
substantial estimation errors whenever higher-order terms play a role. In Figure 1 (b), we repeat the
simulation while ablating all first-order effects for nodes with multiple parents, retaining only the
highest-order interaction term. Under these conditions, BINOTEARS (ours) consistently attains
near-optimal recovery performance across all settings, showing the robustness of our method.

In Figure 2, we consider a larger DAG, where including all possible interaction terms would cause the
feature map ®(X) to grow exponentially and render the optimization in (13) intractable. To address
this, our BINOTEARS works in a two-stage fashion. First, we adapt the original NOTEARS-MLP
framework of Zheng et al. [55] to handle discrete data, and use it to learn an initial graph. From this
graph we extract a topological ordering 7. In the second (finetuning) stage, we follow the procedure
of Section 4.2: we construct only those interaction features consistent with 7, and then fit logistic
regressions with first order and second order to recover the final edge structure G. BINOTEARS
attains performance on par with existing baselines. While all methods degrade as graph size and
density increase, our approach exhibits robustness and consistently recovers meaningful structures.

We further evaluate NOTEARS (linear), NOTEARS-MLP, and BINOTEARS (ours) on the real-
world dataset of Sachs et al. [39]. The data contain n = 7,466 measurements of d = 11 proteins and
phospholipids in human immune cells and are accompanied by a widely used consensus network that
serves as a gold standard. Results are summarized in the Table. Further details on the experimental
setup and additional results can be found in the Appendices D and E.

Method SHD Num. of Edges
NOTEARS [54] 22 18
NOTEARS-MLP [55] 16 13
BINOTEARS (Ours) 13 15

7 Conclusion

We have introduced a fully general differentiable framework for structure learning in binary data,
based on the multivariate Bernoulli distribution. Our key contributions include (i) a complete
characterization of non-identifiability in the general discrete setting and a constructive procedure

“Concretely, we (i) augment DAGMA with higher-order terms on small graphs to pursue exact recovery,
and (ii) employ NOTEARS-MLP to obtain a topological order on large graphs and subsequently fit logistic
regressions for edge selection. We use these two pathways because, in our experiments, they strike different
speed—accuracy trade-offs. See Appendix D.2 for implementation details.
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better. Column: k& = {1,2}. Row: random graph types. {ER,SF}-k = {Scale-Free, Erd6s—Rényi }
graphs with k - d expected edges. Here p = {5,6,7,8,9}. Error bars denote the standard error
computed over 10 replications.
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Figure 2: Results in terms of SHD between MECs of estimated graph and ground truth. Lower is
better. Column: k = {1,2,4}. Row: random graph types. {ER,SF}-k = {Scale-Free, Erd6s—Rényi }
graphs with kd expected edges. Here p = {10, 20, 30,40}. BINOTEARS is our two-stage approach.

to recover the minimal equivalence class (Theorems 1-2), (ii) a fully differentiable constrained
programming that provably recovers a sparsest DAG up to Markov equivalence (Theorem 3), and
(iii) empirical validation on synthetic graphs of varying size, demonstrating that our method captures
complex higher-order dependencies where existing approaches fail.

To scale beyond small graphs, we further propose a practical two-stage heuristic, BINOTEARS,
which first learns a coarse structure via NOTEARS-MLP adapted to discrete data and then refines
edge estimates by fitting logistic regressions along the inferred topological order. While this approach
yields strong numerical performance on larger networks, its theoretical properties remain unexplored.
In future work, we aim to develop principled, scalable algorithms for discrete structure learning
that retain both computational tractability and rigorous identifiability guarantees in regimes with
thousands of nodes.
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SUPPLEMENTARY MATERIAL
Differentiable Structure Learning for General Binary Data

A Preliminary Technical Results

In this appendix, we present several key technical results that are essential to our proofs.

Lemma 1. Suppose X ~ MultiBernoulli(p) with p > 0. Then for every subset S C [p|, the
marginal vector X g satisfies

Xs ~ MultiBernoulli(pg), (16)
for certain pg € RIS where pg > 0.

The marginal vector X g remains multivariate Bernoulli with natural parameter pg, and positivity of
p indicates the positivity of pg.

Lemma 2. Suppose X ~ MultiBernoulli(p) in the natural parameterization, or equivalently
X ~ MultiBernoulli( f) in the general parameterization. Then

p>0 <<= |f]<oc. (17)
The general parameter vector p is strictly positive if and only if its corresponding natural parameter
f is strictly finite.
Lemma 3. Let p > 0 and suppose X ~ MultiBernoulli(p). Fix any topological order w and index
J € [p]. Define the population negative log-likelihood
((w) = Blog(1+ exp(w ®(Xrqay,- s Xa(-1)))) = Xa(y @ @(Xnys- o, Xason))| (18)

j—1 . . . . L
where w € R Then ¢ (w) is strictly convex and therefore admits a unique minimizer (g

This optimization problem is equivalent to fitting, in the population limit, a logistic regression of
Xy on @ ((Xrq1),--.,Xr(j—1))). Because f, ;. as defined in Section 4.2, is one solution to
the optimization above, and we show optimal solution is unique, then w} ; = f ;. Consequently,
logistic regression perfectly recovers the true natural parameter.

Corollary 2. Let f : R? — R be differentiable and m-strongly convex, i.e.
m
FW) 2 f@)+ V@) (=) + 5 ly—al* oy eR? (19)

Denote by ©* the unique minimizer f, so f(x*) = min, f(z). Then for any constant ¢ > f(x*) the
subset

L.={zeRP: f(z) <c} (20)
is bounded.

Corollary 2 asserts that any strongly convex function possesses bounded level sets, which is used in
the proof of Theorem 3.

B Proofs

In this appendix, we provide detailed proofs of the main results.

B.1 Proof of Lemma 1

From the proof of Corollary 1, we know that Xg ~ MultiBernoulli(pg). Moreover, because
p > 0, then

P(Xs =) = Z P(Xs = x5, Xp\s = Tp)\s) >0 1)
z(p)\ s €{0,1}P~ 15
Therefore, for any xg, P(Xgs = z5) > 0. So, pg > 0.



B.2 Proof of Lemma 2

Sufficiency By (67), each natural-parameter probability satisfies

exp(f7177") (22)
_ I 1 p(even # zeros among ji, ja, . . ., j» components and other components are all zero)
[T p(odd # zeros among j1, jo, . . ., j» components and other components are all zero) ’
(23)
and since p > 0, every term exp(f71-J7) is strictly positive and finite. Hence
0< exp(fjl“'jr) <o = ‘fjl“'jr < 00. (24)
Necessity Note that
Girdzedr — Z fja‘ + Z fjsjt NI fjljzu-jr (25)
1<s<r 1<s<t<r
If | f| < oo, then |S71++r| < 00, sO
0 < exp(S8912-7r) < 00 (26)
The joint probability of observing ones in positions ji, ..., j, 1S
P(j1, j2, - . ., jr positions are one, others are zero)
_exp(S§7172ir)
—exp(b(f)) 27)

B eXp(Sjle"jT)
Dot [1 + (21§j1<j2<...<j,.§1< eXp[Sth...Jr]ﬂ

which lies in the interval (0, 1):

0 < P(j1,j2,- - -, Jr positions are one, others are zero) < 1 (28)

B.3 Proof of Lemma 3

Fix a topological order 7 and an index j € [p]. To simplify notation, set

j—1
Y = X, €{0,1}, Z = ®((Xp1ys-- - Xnj—1))) €1{0,1F*" (29)
andlet w € R2""" be the parameter vector. The population objective is
lw) = E{log(l + exp(wTZ)) -Y (wTZ)}. (30)
A straightforward calculation shows
1
V2(w) = E[a(wTZ)(1 —o(w 2)) ZZT], o) = e 31)
c—c
Since Z € {0,1}2” ", every inner product w Z is finite and thus o (w ' Z)(1 — o(w' Z)) > 0.
Define
m(w) = min  o(w' 2) (1- O’(’UJTZ)) > 0. (32)
z€{0,1}27 71
The marginal distribution of (X (1), ..., Xy (1)) is still a multivariate Bernoulli distribution, with
natural parameters p,. ;_q, i.€., (Xr(1),--, Xn(j—1)) ~ MultiBernoulli(p, ;_,). By lemma I,
Gminj—1 = minie[gyfl][pﬂ.,j_l]i > 0. Hence for any nonzero 3 € RQJ*I,
BIVH(w)B= > p)o(w )1 -o(w'2))(8T2)?
z€{0,1 27 -1
€{o,1} . (33)
> Gmin,j—1 m(w) Z (6 Z) > 07
2e{0,1}271
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because the sum is over all z € {0,1}2’ . So (87 z)2 > 0 for at least one z when /3 # 0.

Since the Hessian is everywhere positive definite, ¢(w) is strictly convex and therefore has a unique
minimizer.

B.4 Proof of Theorem 1

Let 7 be any permutation of {1,...,p}. Then the joint distribution of X can be written as
P
P(X) = [T P(Xx) | Xz(1),..xG-1) (34)
j=1
In the population limit (n — o0), each conditional law has the Bernoulli form
P(Xa() | Xuys- s Xn(-p) = ¢ (1 =)' 750 (35)

where

q=20 (.f;rrjq) ((XTI'(l)V"’,XTr(j—l)))) (36)

Lemma 3 guarantees that logistic regression uniquely recovers f . ;. Moreover, the structural equation
model

Ya(;) ~ Bernoulli (0 (f;jcb (Yaay--- ,Yw(j_l))))) 37)
It induces exactly the same conditionals as X. i.e.,
d
Yeiy | Ye) -5 Yai—) = Xa(y | Xrq)s o0 Xa(G=1), (38)
Hence
Y ~ MultiBernoulli(p), 39)

establishing the desired result.

B.5 Proof of Theorem 2

By Theorem 1, for every (f ., Gx) € Emin(p), the vector f . defines, via the structural equation
model (7), a distribution

X ~ MultiBernoulli(p) (40)

that is Markov with respect to G;. By definition of £, (p), each G is a sparsest graph in the
equivalence class £(p). Since all sparsest Markov representations lie in the same Markov equivalence
class, it follows that for any two pairs

(fvam)» (fwszTrz) € gmin(p)v 41)

their Markov classes coincide:
M(Gm) = M(Gﬂz)- (42)
B.6 Proof of Theorem 3

The proof relies on Theorems 4 and 5 of Deng et al. [15]. We verify Assumptions A and B from that
work.

Assumption A (1) This requires the equivalence class to be finite. Since

|€min(p)] < p! (43)

the condition holds.
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Assumption A (2) This requires the weighted adjacency matrix W (H) to be L-Lipschitz. Recall
that in (10),

i\ 2
WH); = Y (%) (@4)
SC[p],i€S
For simplicity we instead use the equivalent form
WE),; = > [p%] (45)
SC[p, €8

The reason of equivalence is that they encode the same nonzero pattern of [IW (H)],;. Let H; and
H; be two parameter values. We show there exists L such that

[W(H:) — W(Hz)2 < L [|[Hi — Ha2. (46)
First,
, N2
[W(Hy) = W(Hy)l|2 = ZZ( > |h| - > ’hgj‘) : (47)
J i SClp],i€S SClp],i€S
Meanwhile,
[Hy - Halo = >0 ) (77 - h5)? (48)
J SClp]
By Cauchy-Schwarz,
2 2
= bl 3 k) (2 b
SClpl,i€s SClp]ies SClplies
, N 2
<Isciplies Y (‘hfﬂ‘—’hgﬂ‘)
SClp),ieS (49)
, N\ 2
<t N (h0 - ngY)
SClpl,ies
, N 2
<t 3 (h57 - n3Y)
SClp]
Hence

W) - wl - (S S - Y [

i SC[pl,ieS SClpl,iesS

< ZZprl Z (hf"j ,hQS,j>2
VK SClp]
(50)
< |2 Y (n - hQ’J)
J SClp]
=202 IS S (n - hS’J)
J SClp]

=vp2 7| Hy — Ha|,
Thus one may take L = ,/p2(P—1)/2
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Assumption B This requires E[s(H; X)] to have bounded level sets. From Lemma 3 we know that
under p > 0, each population logistic loss is strongly convex. Since E[s(H; X)] is a sum of p such
strongly convex terms, it is itself strongly convex. By Corollary 2, any strongly convex function has
bounded sublevel sets.

B.7 Proof of Theorem 4

Let * be the topological ordering of G guaranteed by Assumption A. Then
P
P(X) =[] P(Xre() | Xne(1),nome(5=1)) (51)
j=1

Write S j = {n*(1),...,7*(j — 1)}. Under the linear SEM assumption,

Xﬂ.*(j) ‘ XSw,j = .’bsmj ~ Bernoulli(a([wﬁ*(j)]—srm XSﬂ,j + C‘n’*(j))) (52)
where w5y and ¢« (;y are finite. Hence for any g, ,
0 < o(wie(y s, 88, + Cxe()) < 1, (53)
so both
P(Xpjy=1|Xs,, =2s,,) and P(X, ;) =0]|Xs, , =zs, ) (54)

lie in (0, 1), implying p > 0.

Although every (f,.,Gr) € E(p) generates X ~ MultiBernoulli(p) via (7), the linear optimization
(99) only admits first-order models. Thus any (f ., G,) with higher-order terms is misspecified.
Define

glinear(py = {(f.,Gx) : (f,,G=) where £ only has first order term, ¥} (55)
By Assumption A, (W% G0) € glinear(p) Let

glinear(py = {(f..,Gr) : (f,, Gx) is the minimal element, (.., G) € £ (p)} (56)

If (W0, G°) is not already minimal, we simply replace it by the sparsest element in £°%(p), so
that (1970, C9) € £lnew(p).

In the proof of Theorem 3, we verified that our model meets Assumptions A and B of Deng et al.
[15]. Therefore, by Theorem 4 of Deng et al. [15], we have

O = g1 (), and hence (W°,G°) € O (57)

B.8 Proof of Corollary 1

Since X ~ MultiBernoulli(p) and X = (Xi,...,X},). Then, VS C [p], the range of Xg €
{0, 1}!51. The corresponding density mass

P(XS :xs) = Z P(Xsil'g,X[p}\S:I[p]\S) (58)
o\ s €{0,1}P 151

In such way, we could enumerate all the value for the =, € {0, 1}'5 |, and put them together to get the
natural parameter for Xg, i.e., pg. As a consequence, Xg ~ MultiBernoulli(pg).

For any j € [p], and any S € [p]\7, since X; € {0, 1}, so the conditional distribution P(X | Xg) is
Bernoulli distribution, and the probability
P(Xj = .Tj,XS = ms)
P(Xs =uxs)
- P(ijxj,XS:xs)
_P(Xj = I,XS = xs) +P(Xj = O,XS = 1’5)

P(Xj=u;| Xs=2g) =

(59)
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B.9 Proof of Corollary 2

Since f is strongly convex,

J0) 2 @)+ Vi@ @ -2) + Gy —of*  VoyeR? (60)
Take z = z*, then
J0) 2 F@) + Sy —a"” ey e R (61)
Rearranging,
2c—f(@))

f@) <e= Sly—a'lP <e—f@*) = lly—a'll < (62)

Thus, L, C {y Hly — 2| < \/Q“jfjfz*”}, a bounded ball.

C Supplementary Technical Details and Examples

In this appendix, we collect additionsl technical derivations, algorithms, and definitions that support
our main theorems.

* In C.1, we give the explicit parameter transformation between the general parameter p and
the natural parameter f of the multivariate Bernoulli model [12];

* In C.2, we derive the logistic form of the conditional distributions in equation (3)

* In C.3, we formalize the graded—lexicographic ordering used to index the interaction features.

 In C.4, we present the population-level recovery algorithms for each topological order .

* In C.5, we define the structural equation model framework underlying Theorem 1.

* In C.6, we review faithfulness, Markov equivalence, and the Sparsest Markov Representation
necessary for Theorems 2 and 3

» In C.7, we provide the derivation of our score function s(H; X) (negative log-likelihood
function).

* In C.8, we provide theoretical justification for the previous work [13, 5] with our general
framework.

C.1 Parameter Transformation in the Multivariate Bernoulli Distribution

All the material in this subsection can be found in [12]. We include here for the completeness.

The multivariate Bernoulli distribution has two different parameterization, one is using general
parameter p and another one is using natural parameter f.

The density is expressed by general parameter p.
PYi=y,Yo=vyo,.... Yk =yx) =p(W1,Y2,---, YK )
=p(0,0,...,0)IL=0-v)
x p(1,0,. .., 0)n TH%0-w)] 63)
% p(0,1,...,0)[1=mw [ 0-u)] . .
x p(1,1,..., 1)H§(=1 Yi,

The density is expressed by natural parameter f.

p
P(Yl =1y, YQ =Y2,..., YK = yK) = exp fo + Z Z fjljz"']"'B‘hhm]r(y)

r=1 \1<j1<ja<...<jr<p

(64)
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To simplify the notation, we could define the quantity S to be
Gidzdr — Z fjs + Z fjsjt 4o+ fjljzn-jr (65)
1<s<r 1<s<t<r

and also define the interaction function B

BI2dr (y) = gy, Y, (66)

The following lemma shows the one-to-one mapping between general parameter p and natural
parameter f.

Lemma 4 (Parameter transformation). For the multivariate Bernoulli model, the general parameters
and natural parameters have the following relationship.

exp(fj1j2"'j7‘) (67)
I p(even # zeros among j1, ja, . . ., jr components and other components are all zero)
[l p(odd # zeros among jy, ja, - - - , j, components and other components are all zero)’
(68)

where # refers to the number of zeros among the superscript y;, - - - y;, of f. In addition,

, Jr positions are one, others are zero)

exp(S91zin) = P(J1, g2, - -

69
p(0,0,-.,0) )
and conversely the general parameters can be represented by the natural parameters
Sdrjegr
p(j1, jo, - - ., Jr positions are one, others are zero) = L) (70)
exp(b(f))
where
K
b(f) = logz 1+ Z exp|S7t72+Ir] (71)
r=1 1<j1<j2<...<jr <K

C.2 Conditional distribution of multivariate Bernoulli distribution

In this part, we derive the conditional distribution of multivariate Bernoulli distribution. Especially,
P(Xp =1 | Xl = l‘]_,...,Xp,]_ = l‘p,1)

P

=0 Z Z f-jl"'jT‘*lp;z;jl T Tp (72)

r=1 \1<j1<j2<...<jr=p<p
=0 (fp + flpxl + f2p332 C.. fp_l’pfp,1 + f12p$1$2 +...+ fl“'pl‘l . :Epfl)

It is known the multivariate Bernoulli distribution in exponential form can be written as

p
P(X1 =x1,... 7Xp _ -’L'p) = exp fO + Z Z fjljZ“'jTlejZ-..jT (l’) (73)

r=1 \1<j1<j2<...<jr<p
Then,

P(X,=1,X_,=1_,)
P(X p=1p)
_ PXp=1,X_p=1_)
TP(X,=1.X_ =2 )+ P(X,=0X_,=z_,) ¥
1

= P(X,=0,X_,=v_,)
1+ P(Xp=1,X_p=x_p)

PXp=1|X_p=2_,)=
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where X_,, = (X1,...,Xp—-1).
P(X1 :Il,...7Xp:l‘p)

P
=exp fO + Z Z fj1j2~~-jrBj1j2---j7~ (.%‘)
r=1 \1<j1<j2<...<jr-<p
—exp | fO+ Z Z fIzedr Ridzedr () 4 Z fIrdzdr Bitda-dr ()
r=1 | 1<j1<j2<...<j<p 1<51<j2<...<jr<p
PE{J1, s} pE{J1,sdr}
(75)
Then,
P X1 = T1,--
= exp fO Z f]1]2~~-]7‘B]1J2---]T((xip’ 1)) + Z fA1dzeir Bi1j2:dr (m)
r=1 1<]1<]2< <JT<P 1<j1<j2<...<j§r<p
pEe{i1,esdrt PE{J1se-dr}
(76)
P(Xy=m,....X,=0)=exp [ [0+ > fordzedr BI2edr () (77)
r=1\ 1<51<j2<...<jr<p
p&{jh...,jr}

Finally, put them together,
PXp=1[X_p=1z_)
1

= P(X,=0,X_p=2_p)
L T e ae—
B 1 (78)
Vtep (- 20 (Srsnsgue ey gp S0 B i (o 1) )
PE{J1sesdr}

=0 (f* + fPo1+ fPag. PP fp 4+ fPPrima + .+ [ Pay L ap)

1

Where O'(Z') = HTP(—ZE)

C.3 Graded-lexicographic order

To index the 27 interaction features and corresponding parameters in a consistent way, we use the
graded-lexicographic order on subsets of [p], where for any finite set .S, |S| denotes its cardinality
(the number of elements in 5).

Definition 3 (Graded-lexicographic order). Let 7 be a permutation of [p|. For any two subsets
S, T C [pl, we say S <griex T if either

, Or

2. |S| = |T| and, when listing the elements of S and T in ascending order under w, the first
index at which they differ belongs to S.

Under this rule, all subsets are grouped by increasing cardinality, and ties are broken by the usual lex
order induced by .

Example. Take p = 3 and the identity order 7 = (1,2, 3). Then the graded-lexicographic sequence
of subsets is

0, {1}, {2}, {3}, {12}, {1,3}, {2,3}, {1,2,3}. (79)

20



ENREE S S

Algorithm 1: RECOVERPARENTS(p, 7, j)

1: PA(m(j)) < {}, and Xr j < (Xr1), -5 Xr(j))

: Compute the general parameters p,. ; of X ; / Compute the marginal distribution of X ;

2 s
3: Convert p,. ; to natural parameters fim ; utilizing Lemma 4
4: fori=1,...,5—1do

i (i) ()5
i3 SCr(1), ... -1) 7 GIN () 7)) (fmj ) > 0 then
| PA(7(j)) < PA(x(5)) U{m(i)}
5: return (PA(7(j)), f

3

Algorithm 2: RECOVERDAG(p,n)

Input: Probability vector p (or empirical count) and topological sort 7
Output: DAG G, and natural parameters f

G, + empty graph and f_ « {}

forj=1,2,...,pdo

(PA(7(5)), f ;) + RECOVERPARENTS(p, 7, 5)/ PA(n(j)): the parents of node 7(j)

for i € PA(m(j)) do
| Addedge X; — X to G
fﬂ'<_f7ru{fﬂ',j}

Accordingly, the extended feature map ®(X) = [B(X)]sc3 becomes
®(X)=[1, X1, Xo, X3, X1 X0, X1 X3, XoX3, X1XoX3].

(80)

Similarly, for any j and order , the parameter block f . . € R2 s arranged so that its entries

align one-to-one with ® (Xﬂ(l), R X,r(j_l)) in graded-lexicographic order.

C.4 Procedure for recovering causal graph and parameters

To formalize the recovery procedure from Section 4.2, we present Algorithms 1 and 2.

Algorithm 1: Parent and parameter recovery. For a fixed topological order 7 and node index

J € [p], this algorithm

1. computes the marginal probabilities p,. ; of (Xz (1), ..., Xr(j))s
2. converts p, ; to the natural-parameter block f . via Lemma 4, and

3. selects the parent set PA . (j) using the nonzero—coefficient criterion in (4).

For estimating the natural-parameter block f . ;, Section 4.2 uses a logistic regression approach [24].
In Algorithm 1, we instead compute f ; by applying the mapping of Lemma 4 to the marginal
probabilities. Under the positivity assumption p > 0, these two methods are equivalent and yield

identical estimates for f, ;.

Algorithm 2: Equivalence-class enumeration. This algorithm iterates over all p! permutations
m € &, and, for each, calls Algorithm 1 for every j = 1, ..., p. It assembles the corresponding DAG

G and parameter collection f = {f, ; }5’:1. The output is the full equivalence class

E) = {(fr:Gr): (f,Gx) is returned for some 7 }.

Although we state the algorithm in terms of the population vector p, in practice one can simply input

the data matrix X € R™*P, since empirical frequencies convert X into p.

Building on Algorithms | and 2, Algorithm 3 then enumerates all graph—parameter pairs in £(p) and
retains only those with the fewest edges, thereby recovering the minimal equivalence class Epin (p)

as defined in (8).
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Algorithm 3: RECOVERSPARSESTDAG(p)

Input: Probability vector p (empirical count)

S+ {}

for each ™ € &, do
(Gr, fr) < RECOVERGRAPH(p, m)// &, set of all the permutation on p variables
S SU{(Gr, fr)}

return ((Gﬂ—,fﬂ.) cS: SG, < SG‘?.HV(Gﬁ—, .fﬁ-) € S)

C.5 Structural equation model

An structural equation model (SEM) [35] (X, f, P(N)) over the random vector X = (X7,...,X})
is a collection of p structural equations of the form:

X; = f;(X,N;), Ouf; =0if k ¢ PA(j), (81)

where f = (f;)%_, is a collection of functions f; : R — R, here N = (Ny,..., N,) is a vector
of independent noises with distribution P(NV), and PA(j) denotes the set of parents of node j. Here,
Ok f; denotes the partial derivative of f; w.r.t. X}, which is identically zero when f; is independent
of Xy, ie. f;j(X,N;) = fj(Xpa(y), N;). The graphical structure induced by the SEM, assumed to
be a DAG, will be represented by the following p x p weighted adjacency matrix B:

B=B(f),  Bij=|0ifill2, (82)
and we use G(B) to denote the corresponding binary adjacency matrix.

The structural-equation framework in (81) provides a fully generative foundation for causal discovery
by specifying, for each variable, an explicit functional dependence on its direct causes. Its generality
encompasses a wide range of models—linear SEMs, additive-noise models, post-nonlinear models,
generalized linear models, and more expressive non-linear SEMs. A major virtue of SEMs is their
universality: any joint distribution can be represented in the form (81) ([35, Prop. 7.1]). In practice,
however, researchers impose strong parametric restrictions—such as linearity, additivity, or low-order
interactions—that may fail to capture the full complexity of real-world data.

C.6 Faithfulness, Sparsest Markov representation, Markov equivalence class
We formally define the concepts mentioned in Section 5.
Definition 4 (Faithfulness [35]). A pair (G, P) is said to be faithful if:
X, 1 X;| Xk <= X;and X; are d-separated by X in G, (83)

for all disjoint subsets {i,j}, K C V. That is, every conditional independence in P corresponds
exactly to a d-separation in G, and vice versa.

Definition 5 (Markov Equivalence Class [42]). Two DAGs G and G on the same vertex set V are
Markov equivalent if they encode the same set of conditional independence relations—equivalently,
they have the same skeleton (undirected edges) and the same set of v-structures (induced subgraphs
of the form i — k < j with i and j not adjacent). The Markov equivalence class of a DAG G is

M(G) = {G" : G"isa DAG and G' is Markov equivalent to G} . (84)

Definition 6 (Sparsest Markov Representation [38]). A pair (G°, P) satisfies the Sparsest Markov
Representation (SMR) assumption if:

1. (GO, P) satisfies the Markov property, i.e. every d-separation in G° implies the correspond-
ing conditional independence in P.

2. For any other DAG G ¢ M (GP) satisfying the Markov property with respect to P, we have
[E(G)] > |E(GY)].

Equivalently, G° is the (unique up to Markov equivalence) sparsest DAG compatible with P.
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C.7 Derivation of the Logistic Loss
First, consider a single example (X, y) with feature vector X € R™, binary label y € {0,1}, and
parameter vector w € R™. Let
1
-
= X)) = ——M— . 85

qg = o(w'X) T+ op(—wT X) (85)

The (negative) log-likelihood is

U(w; X, y) = —log(¢"(1 - ¢)' )

(86)
= —ylogqg — (1 —y)log(1l —q).
Noting that
log 7 4 _ w' X, log(l—g¢q)=— log(l + exp(wTX)), (87)
—q
we obtain the familiar logistic-loss form:
((w; X, y) = log(1 +exp(w' X)) — y(w'X). (88)

In our setting, each “feature” is replaced by the extended feature matrix ®(X) € R"*?", and each
“label” is one column of the data matrix X € R™*P, Stacking over all p columns and averaging over
n samples yields

n

1
(H;X) = — z; z; [log (1 + exp[@(X)H] ) ~ Xy [2(X)H] ]
o (89)
1
== Z 7 (10g(1n + exp(@(X)H)) — X; o (2(X)H)),
where o denotes the Hadamard product and 1,, € R” is the all-ones vector.
C.8 Theoretical justification for previous works
Under Assumption A, there exists a topological ordering 7 consistent with G such that each
Xr(j) is generated by a linear combination of (X (1), ..., Xx(j—1)) € R/~ via the logistic link,
(90)

rather than via the logistic link on <I>((X7T(1), e ,Xﬂ(j_l))) e RY . Importantly, Algorithms 1
and 2 remain valid under this assumption. For any other topological sort 7 # , the output (G, f#)
from Algorithm 2 may include higher-order interaction terms; nevertheless, by the structural equation
model (7), it still recovers the exact distribution

X ~ MultiBernoulli(p), 91)

so Theorem | continues to hold. Moreover, under Assumption A we can reduce the dimensionality of
the optimization (13) from H € R?"*? to H € Rt *P_ We formalize this reduction below.

Define the parameter matrix

=( &,hl’j, RPN T eRPTL H = (Hy,...,H,) € RPH*P ©2)
constant first order
where h0 is the intercept and h'+/, ..., hP+J are the first-order coefficients.
The induced adjacency matrix is
(W (E)];; = [h™ (93)
Self-loops are forbidden, so we impose
Wi =0 Vjep (94)
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Redefine the feature map row-wise as
B(X)=[1, X1, ..., Xp], (95)
so that for a data matrix X € R"*P, ®(X)) applies P to each row.

The score (negative log-likelihood) remains

1L
U X) = — 3717 (log(1, + exp(@(X)H)) - X; o (2(X)H)) (96)
i=1
We continue to use the quasi-MCP penalty [15], defined by
t2 )
quasi-MCP: Pas(t) = A [(|t| - 26> 1(|t] <)+ 5]1 (It] > 9) 97)

Our final score function is as below
s(H; N, 6,X) = s(H; X) + pa,s(W(H)) (98)
We formulate this task as the single continuous optimization problem
m}iIn s(H; \, 0, X)
subject to h(W(H)) =0 99)
W =0 Vjelp
Define the global optimal solution of (99) as
OlRcer = {(H*, G(W(H"))) : H* is a minimizer of (99)} (100)
Let O&"iag denote the set of minimizers of (99) when the empirical loss s(H; A, §, X) is replaced by
its population counterpart £ [s(H, A, 0, X)} . Let us collect all the parameters in assumption A.

HO = [Cl CP} e RPHIxP (101)
wyp ... Wp

Theorem 4. Suppose Assumption A holds, then X ~ MultiBernoulli(p) where p > 0. Moreover,
there exist \, 6 > 0 sufficiently small such that (H°, G°) € Oﬁgjifjg where GO is the ground truth
graph in Assumption A.

It is important to note that under this assumption
O # Emin(P); (102)

because there may exist a topological sort 7 for which (f,,Gr) € Emin(p) involves higher-order

terms, whereas every solution in (’)gg%\ag contains only first-order terms.

D Experiments

In this section, we present comprehensive experimental details, including the graph types evaluated,
the data-generation process, the baseline methods for comparison, the steps required to reproduce our
implementation, and the evaluation metrics employed.

D.1 Experimental Setting

In this section, we outline the process for generating graphs and data. For each model, a random graph
G is generated using one of two types of random graph models: Erdgs-Rényi(ER) or Scale-Free (SF).
The models are specified to have, on average, kp edges, where k € {1,2,4}. These configurations
are denoted as ERk or SFk, respectively.

* Erdds-Rényi(ER), Random graphs whose edges are add independently with equal probability.
We simulated models with p, 2p and 4p edges (in expectation) each, denoted by F R1, ER2,
and E'R4 respectively.

* Scale-free network(SF). Network simulated according to the preferential attachment process.
We simulated scale-free network with p, 2p and 4p edges and 8 = 1, where £ is the exponent
used in the preferential attachment process.
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Algorithm 4: Generate data matrix X

Input: DAG G, sample size n, interaction type 7 € {1st+2nd, 1st+pth, 1st+2nd+pth 2nd, pth}

Output: X € {0,1}"*?
1 Compute a topological ordering 7 of G
2 for j < 1topdo

Sample WPA(n(5)) = (wk)i‘:li(ﬂ(j))‘ S RQ‘PA(WU)”, Wi, llr\le Unif([—2, —1] U [1, 2])

if = 1st+2nd then

‘ q <= U(ng(w(j)) ‘I’ht“nd(XPA(ﬂ(J‘))))
else if - = 1st+pth then

|4 o (wpa(r(yy) @V (Xpa(i))
else if 7 = 2nd then

‘ q <= U(wl;rA(ﬂ(j)) 2 (Xpa(r(j))))
10 else
1 ‘ q <= U(w;A(w(j)) P (Xpa(r(j))))
12 X1 (j) ~ Bernoulli(q)

N-JEN--HEEEN - Y T

General binary data Since we wish to study structure learning for general binary data, Theorem |

implies that for any p > 0,

X ~ MultiBernoulli(p)

(103)

can be generated via the SEM (7). To allow different interaction orders, define the following extended

feature maps for X = (X1,...,Xp):

Ist+2nd _ T op
o (X)=(_1 ,X1,...,Xp, X1 X0, ..., Xp_1X,, O | 0 ., 0 )YTeRr
constant first order second order third order forth to (p—1)-th order p-th order
Lst+2nd+pth T 2P
P PO =( 1 Xy, X X X, Xy 1 Xy, 0, 0 ,X1...X,)" eR
v B . M —
constant first order second order third order fourth to (p—1)-th order p-th order
Lst+pth _ T 2P
U —( 1, Xy,...,X,, 0 , 0 |, 0 X1 Xs...X,)T €R
M — M Y M
constant first order second order third order forth to (p—1)-th order p-th order
2nd T 2P
M(X)=( 1 , 0 ,X1X9,....,.Xp1X,, 0 0 , 0 )TeRr
constant first order second order third order forth to (p—1)-th order p-th order
P
PN X)y=(1 , 0 , 0 , 0 |, 0 X1 Xo... X,) " €R?
constant first order second order third order forth to (p—1)-th order p-th order
(104)

where in each vector the nonzero blocks correspond respectively to the constant term, first-order
terms, second-order terms, and highest-order term. By convention, if X = (J, then all four maps
reduce to the scalar (1) € R. When applied to a data matrix X € R"*P, each ®(X) operates

row-wise.

Finally, given a random DAG B € {0, 1}P*P sampled from one of our graph models, we generate X
using Algorithm 4, choosing the desired interaction map according to whether we study first+second,

first+highest, second, or highest-order interactions.

Simulation We generate random dataset X € R™*? by sampling i.i.d from the models described

above. For each simulation, we produce datasets with n samples cross graphs with p nodes.

* (Small Graph) p = {5,6,7,8,9}, k = {1,2}, n = 10000 and graph types: {ER,SF}

* (Large Graph) p = {10, 20, 30,40}, k = {1,2,4}, n = 1000 and graph types: {ER,SF}
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D.2 Implementation

For each dataset, we applied several structural learning algorithms, including fast greedy equivalence
search (FGES [37]), constraint-based methods (PC [42]), DAGMA [5], NOTEARS [55]. The
implementation details are provided in the following paragraph. After running the algorithms, a
post-processing threshold of 0.3 was applied to the estimated B, to prune small values, following
the same procedure in [54, 5].

* Fast Greedy Equivalence Search (FGES [37]) is based on greedy search and as-
sumes linear dependency between variables. The implementation is based on the
py-tetrad package, available at https://github. com/cmu-phil/py-tetrad. We use
search.use_bdeu(sample_prior=10, structure_prior=0).

* PC [42] is constraint-based method and based on uses conditional independence induced by
causal relationships to learn those causal relationships. The implementation is based on the
py-tetrad package, available at https://github.com/cmu-phil/py-tetrad. We use
search.use_chi_square(alpha=0.1)

* NOTEARS-MLP [55] is a continuous DAG-learning method that employs a least-
squares loss with ¢; regularization. Its Python implementation is available at
https://github.com/xunzheng/notears.

* DAGMA [5] is a continuous DAG-learning algorithm that achieves improved accuracy
and faster computation, with barrier methods. Its implementation can be found at
https://github.com/kevinsbello/dagma. We use the default parameters from origi-
nal implementation.

e BINOTEARS builds on DAGMA and NOTEARS-MLP, with the choice of solver tailored
to problem size. For small graphs (d € {5,6,7,8,9}), we optimize the full formulation
(13)—including all higher-order interaction terms—using the DAGMA framework. For
larger graphs (d € {10, 20, 30,40}), we adopt the NOTEARS-MLP framework. The original
implementation optimizes an {5 loss with an ¢; penalty; in our variant, we insert a sigmoid
activation o (z) = 1/(1 4 exp(—=x)) on the final layer and replace the squared loss with the
cross-entropy (logistic) loss to accommodate binary data. After estimating the weighted
adjacency B.gs; via NOTEARS-MLP, we prune entries below 0.3, compute a topological
ordering of the resulting graph, and then apply Algorithm 2 with first- and second-order
terms to obtain the final structure. Finally, we remove any remaining edges whose weight
does not exceed 1.0 to eliminate spurious connections.

Hyperparameter tuning Theorem 3 indicates that one should ideally choose small values of A and
0 for the quasi-MCP penalty. In practice, however, achieving the global optimum of (13) is infeasible,
and if A and J are too small the penalty becomes ineffective and the algorithm may fail to recover
the sparsest solution. To mitigate this, we adopt the continuation strategy of Deng et al. [15]: start
with relatively large A and §, solve (13) via BINOTEARS to obtain an initial estimate Hg;, then
iteratively shrink A and § by a factor v < 1, using the previous estimate as the warm start for the next
run of BINOTEARS. We terminate when the negative log-likelihood s(Heg; X) ceases to decrease.
Empirically, v = 0.5, A = 0.05, and 6 = 0.2 perform well in our experiments.

Equipment The experiments are conducted in the following CPU architectures

* Intel Broadwell—28 cores @ 2.4 GHz with 64 GB memory per node
¢ Intel Skylake—40 cores @ 2.4 GHz with 96 GB memory per node

D.3 Metrics

* Structural Hamming distance (SHD): A standard benchmark in the structure learning
literature that counts the total number of edges additions, deletions, and reversals needed
to convert the estimated graph into the true graph. Since our data specified in (1) is
nonidentifiable, the Structural Hamming Distance (SHD) is calculated with respect to the
completed partially directed acyclic graph (CPDAG) of the ground truth and Be.
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E Additional Figures
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Figure 3: Results in terms of SHD between MECs of estimated graph and ground truth. Lower is
better. Column: k& = {1,2}. Row: random graph types. {ER,SF}-k = {Scale-Free, Erd6s—Rényi }
graphs with kd expected edges. Here p = {5,6,7,8,9}. Error bars denote the standard error

computed over 10 replications.

E.2 Large graphs
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Figure 4: Results in terms of SHD between MECs of estimated graph and ground truth. Lower is
better. Data are generated using extended feature map ®'**P" in (104). Column: k = {1,2,4}. Row:
random graph types. {ER,SF}-k = {Scale-Free, Erd6s-Rényi} graphs with kd expected edges. Here
p = {10, 20, 30,40}. BINOTEARS is our two stage approach.
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Figure 5: Results in terms of SHD between MECs of estimated graph and ground truth. Lower is
better. Data are generated using extended feature map ®>" in (104). Column: k = {1,2,4}. Row:
random graph types. {ER,SF}-k = {Scale-Free, Erdds-Rényi} graphs with kd expected edges. Here
p = {10, 20, 30,40}. BINOTEARS is our two stage approach.
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Figure 6: Results in terms of SHD between MECs of estimated graph and ground truth. Lower is
better. Data are generated using extended feature map ®P" in (104). Column: k = {1,2,4}. Row:
random graph types. {ER,SF}-k = {Scale-Free, Erd6s-Rényi} graphs with kd expected edges. Here
p = {10, 20, 30,40}. BINOTEARS is our two stage approach.
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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: Each claim in the abstract can be founded in the main paper.
Guidelines:

* The answer NA 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 No or
NA 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.

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

Justification: In the conclusion section, we have briefly discussed about future work, which
address the limitation of the paper.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No 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

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

Answer: [Yes]
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Justification: For each theorem statement, we include the condition/assumption needed, see
Theorem 1,2,3.

Guidelines:

» The answer NA 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.

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

4. 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: We can provide the experiments’ details in the appendix D.
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No 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
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?
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Answer: [Yes]
Justification: The code will be available if the paper get accepted.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.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 “No” 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:
//nips.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, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See the experiment section in the appendix for reproducible purpose.
Guidelines:

* The answer NA 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.
7. 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: Error bars are provided in the Experiment in the main paper.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence 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.
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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% CIL, 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).

* 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: Such details are included in the appendix D.
Guidelines:

» The answer NA 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: Our work is more related to theory and methodology.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, 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?

Answer:
Justification: We mainly focus on the theoretical findings.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, 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
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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., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: It is not relevant to our research topic.
Guidelines:

* The answer NA 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: [NA]
Justification: It is unclear to me.
Guidelines:
» The answer NA 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.

 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?
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Answer: [NA]
Justification: Unclear to me.
Guidelines:

» The answer NA 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: [NA]
Justification: Not relevant.
Guidelines:
* The answer NA 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

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: [NA]
Justification: No human involved.
Guidelines:
* The answer NA 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 rigorousness, or originality of the research, declaration is not required.

Answer:
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Justification: Our work is original.
Guidelines:

* The answer NA 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 (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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