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Abstract

Learning spatially fine-grained patterns from coarse-resolution data is inherently
difficult; doing so in a causal setting—estimating high-resolution effects from
coarse interventional data—adds an extra layer of complexity.
We introduce CLAM, a method for estimating fine-grained causal effects when
only coarse-resolution data on interventions and outcomes is available. We as-
sume high-resolution contextual covariates exist that modulate these effects and
can be exploited to infer localized causal effects, support counterfactual reason-
ing, and enable disaggregation of the outcome. Through simulation studies, we
demonstrate that CLAM can recover spatially varying causal impacts under diverse
conditions.
This has important implications for domains such as public health and environ-
mental policy, where decisions are made at broad scales but causal pathways vary
locally. Code is available here.

1 Introduction

Treatment Locations Outcomes Contextual Data High-Res. Outcomes Local Causal Effects Counterfactual Samples

Figure 1: Motivating example. CLAM takes regional treatments (a vaccination awareness cam-
paign) and outcomes (vaccination levels), along with subregional covariates (demographics), to learn
treatment–outcome relationships and estimate local causal effects or sample counterfactuals.

Going from high-resolution (HR) to low-resolution (LR) data is typically straightforward, as it can
be done via aggregation or pooling functions such as sums or means. These operations typically
remove information. In contrast, going from LR to HR data is fundamentally difficult because it
requires restoring information that has been lost. This generally necessitates some form of prior
knowledge about the HR data. This inverse problem is typically studied under terms such as spatial
disaggregation [1], downscaling [2], ecological inference [3], or super-resolution [4]. It is relevant
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across many fields involving spatio-temporal statistics, including earth science [5], public health [6],
and the social sciences [7].

Causality [8], on the other hand, deals with the effect of interventions on outcome variables. Its core
insight is that statistical associations do not imply causal relationships. In other words, observing a
system is not the same as knowing how intervening on it will change its dynamics.

Answering causal questions is often attempted using LR data, but this data is frequently insufficient
for this [9]. For example, interventions, like vaccination campaigns, might be applied across broad
regions, yet their impact could vary significantly at the subregional level. Surprisingly little effort
has been made to properly combine spatial disaggregation with the quest to answer causal questions.

Contribution. This work aims to close this gap by offering a unifying framework for disaggrega-
tion grounded in the formalism of structural causal models (SCM) and Pearl’s do-calculus [8] that
is evaluated through multiple simulation studies that mimic real-world datasets and dynamics.

CLAM (Causal disaggregation method) can be summarized as follows: we treat HR contextual data
(or covariances) as an auxiliary variable that implicitly defines a prior over the HR outcome (cf.
Figure 1). Using this, we learn a mechanistic function that maps an intervention indicator and
contextual information to the HR outcomes. The model is trained by aggregating the predicted
HR outcomes and enforcing consistency with the observed LR measurements. This allows us to
perform causal effect estimation, counterfactual reasoning, and computing HR estimates for the LR
input data—in some conditions, even when the aggregation function is unknown or in the presence
of hidden confounding.

See Appendix A for related work and Appendix B for the connection to causal literature.

2 Problem Setup

For notational simplicity and w.l.o.g., we assume that each region has the same subregion structure,
interventions are binary, and all variable are scalar instead of vector-valued.

We assume that we have N regions, each divided into M subregions. The low-resolution treatment
data is a vector T ∈ {0, 1}N , where each element ti indicates whether a treatment/intervention
occurred in region i. Typically, we assume that all subregions of that region are affected. The LR
outcome data is a vector X ∈ RN that was generated by an unobserved HR outcome matrix via
aggregation. The high-resolution contextual data (covariate) is a matrix C ∈ RN×M , where ci,j
corresponds to a contextual value or region 1 ≤ i ≤ N , subregion 1 ≤ j ≤ M .

We furthermore assume N and M are perfect squares, allowing us to model a spatial grid of
√
N ×√

N regions, each containing a grid of
√
M ×

√
M subregions.

Causal Assumptions. Depending on the experimental setting, different assumptions may hold or
be relaxed. We may assume a known causal graph, which constrains the model and reduces the risk
of spurious explanations, particularly important when contextual variables are high-dimensional and
correlated, but only a subset is causally relevant. We typically assume no hidden confounding, mean-
ing all relevant variables affecting the outcome are observed, allowing interventions to be interpreted
causally up to reasonable noise. Causal effect identification also requires variation in interventions
across regions. If the aggregation function from subregional to regional outcomes is known (e.g.,
a mean or sum), disaggregation becomes more tractable. Moreover, we typically assume that the
treatment does not depend on the context values. Note that we are implicitly using the backdoor
criterion (cf. Appendix B.4) to estimate causal effects.

Downstream Applications. Our framework supports several downstream tasks. These include es-
timating causal effects such as average treatment effects (ATE), localized effects at the subregional
level, or heterogeneous effects conditioned on contextual variables. We can also disaggregate coarse
outcome measurements into fine-grained outcomes. The framework allows for counterfactual rea-
soning, such as predicting outcomes under hypothetical intervention placements or alternative con-
textual conditions. Additionally, we can jointly infer latent variables that modulate causal effects.

2



ti,1 ci,1 ϵi,1 c′i,1

xi,1

ti,2 ci,2 ϵi,2 c′i,2

xi,2

· · ·

ti,m ci,m ϵi,m c′i,m

xi,m

Aggregation

x̂i

Index (i, j) denotes region i, sub-region j

ti,j ∈ {0, 1}: intervention indicator
ci,j ∈ R: context vector
ϵi,j ∈ R: noise
c′i,j ∈ R: unobserved contextual confounder
xi,j ∈ R: sub-region outcome
x̂i ∈ R: aggregated regional outcome

Figure 2: Causal graph for one region. All functional relations are shared among (sub)regions. All
scalar values can also be vector-valued. Unobserved confounders and a causal link from the context
to the treatment location are optional. The aggregation is typically a mean or a sum.

3 Our Method: CLAM

Our method combines two insights. First, we represent the causal disaggregation problem using a
structural causal model formalism. This formalism encodes assumptions and specifies the missing
pieces (functions, parameters). Second, we train an ML model to infer the missing pieces where we
use the LR data as a loss signal to estimate the most likely HR data and functional relationships.

Structural Causal Model. Each region–subregion pair (i, j) is associated with a treatment ti,j ,
context ci,j , noise ϵi,j , and an optional hidden confounder c′i,j (cf. Figure 2). A shared function
deterministically maps these inputs to a subregional outcome (xi,j for subregion j of region i), and
then aggregates the set of subregional outcomes to a regional outcome (x̂i for region i):

xi,j = fθ(ti,j , ci,j , ϵi,j , c
′
i,j), x̂i = gϕ

(
{xi,j}Mj=1

)
.

Each subregion is modeled by a local functional graph with aleatoric uncertainty captured via ϵi,j .
Although the functions fθ(·) and gϕ(·) are shared across regions, region-specific dynamics can still
be modeled through context variables (e.g., region indicators or positional encodings).

In general, gϕ(·) can be any function parameterized by ϕ. For simplicity, we typically assume the
aggregation is a sum, the noise is additive, and there are no hidden confounders. Then the model
simplifies to:

x̂i =

M∑
j=1

(
fθ(ti,j , ci,j) + ϵi,j

)
=

M∑
j=1

fθ(ti,j , ci,j) +

M∑
j=1

ϵi,j .

In this case, we define the local causal effect (akin to the ATE definition) Ei,j = fθ(1, ci,j) −
fθ(0, ci,j) as the outcome difference between control and treatment.

Learning. The training procedure optimizes the function parameters θ (or any other missing com-
ponents of the SCM). The structural function fθ(·) can be represented by a neural network or any
other parameterized function. Since the fine-grained outcomes xi,j are unobserved, training relies
solely on their aggregated counterparts.

We optimize with the goal that the inferred aggregated predictions (x̂i) match the observed aggregate:
Lθ,ϕ =

∑N
i=1

(
x̂i − xi

)2
, where xi denotes the ground truth of region i. If the noise terms are not

i.i.d. and normally distributed, they can also be explicitly learned within the optimization loop.

4 Experiments

We present three simulation studies demonstrating the capabilities of CLAM, along with two ad-
ditional studies in Appendix C. The additional studies address special cases with confounding in
treatment allocation and with an unknown aggregation function.

The appendix contains experiments related to max-based aggregation functions, an unknown aggre-
gation function, internal confounding, and spill-over effects, as well as an ablation study. Generally,
we focus on qualitative aspects of the experiments to understand the behavior of our method.
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Exp. 1: Political Campaigning Exp. 2: Unknown Intervention Locations Exp. 3: Hidden Spatial Confounding

Local Effect Performance Estimated Treatment 
Location

GT Treatment 
Location

Hidden Confounder 
Estimation Performance

Figure 3: Results Overview. Top: Input of LR intervention locations (red), LR outcomes (blue),
and HR context (green). Bottom: Selected inference results.

Overview results are given in Figure 3. The first row contains the input data. Appendix C contains
details of the experiments. We provide code that runs off-the-shelf on Google Colab.

Exp. 1 Political Campaigning. We model how political campaign spending (intervention) affects
a candidates relative improvement (outcome), given subregion wealth levels (context). We
report the estimated local causal effect and track how the MSE to the ground-truth local
causal effect (red) decreases during training, alongside the training loss based on comparing
estimated and observed regional outcomes (blue).

Exp. 2 Unknown Intervention Locations. We examine how public school spending (real-valued
intervention) affects education scores (outcome) across regions with varying wealth (con-
text), when the exact expenditure location within each region is unknown. Each region
contains 4×4 subregions, and the task is to identify the single treated subregion. We report
both the ground-truth and estimated treatment locations.

Exp. 3 Hidden Spatial Confounding. We examine time-series data of heat waves (intervention)
and their impact on education scores (outcome) across regions with varying vegetation
(observed, static) and wealth (unobserved, time-varying). In Figure 3, a single sample from
this time series is shown as input. We report the reconstructed hidden confounder and
show how the MSE to the unknown ground-truth confounder (red) decreases alongside the
training loss (blue) under a linearity assumption. Notably, we are able to reconstruct the
hidden confounder reasonably well.

As an overall takeaway from our experiments, we conclude that our method generally performs well
in the synthetic setting, particularly for estimating causal effects. The recovery of latent variables
(such as intervention locations or hidden confounders) depends on the specific experiment. Overfit-
ting may occur, but only when large amounts of data are available as in Exp. 3. Two main challenges
remain: (i) a technical one, where the neural network sometimes fails to find a good optimum, and
(ii) a conceptual one, where latent variables are not always identifiable.

5 Conclusions and Future Work

We present CLAM, a method for estimating high-resolution causal effects using low-resolution data
on intervention locations and outcomes, by leveraging high-resolution contextual information. The
structural causal model formulation makes it easy to formalize assumptions and incorporate prior
knowledge. Ultimately, the problem of causal spatial disaggregation reduces to an optimization task,
where the structural function and other latent variables are learned from data. For future work, it is
necessary to study identifiability more rigorously and bridge the gap between theoretical identifiabil-
ity and the practical question of when the optimization procedure recovers the most likely solution.
A proper Bayesian formulation of the problem is also possible. Moreover, we could perform proper
causal discovery on the set of contextual variables to relax our assumptions about which variables
are relevant. Finally, while our conceptual framework and thorough investigation demonstrate many
promising directions, the most obvious next step is to rigorously evaluate the method on real-world
data.
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A Related Work

Our work builds on and extends three main strands of research: spatial disaggregation, causal infer-
ence under aggregation, and causal abstraction.

Statistical Downscaling and Disaggregation. Statistical downscaling methods aim to infer high-
resolution estimates from coarse data, using spatial interpolation or learning-based techniques.
These have been widely applied in climate and environmental sciences [10, 11], including recent
work on probabilistic downscaling using Gaussian processes [12]. However, such methods typically
model associational patterns and do not support interventional or counterfactual reasoning.

To address this, some recent approaches integrate causal reasoning into downscaling pipelines, e.g.,
by identifying causally relevant predictors [13, 14]. Yet, these still rely on observable variables
and assume access to relatively fine-grained information. In contrast, our approach estimates high-
resolution causal effects using only aggregated outcome data and high-resolution covariates.

The challenges of reasoning with aggregate data are well-documented. Classical results on the eco-
logical fallacy show that aggregated statistics may obscure or even invert causal relationships [15].
Earlier work on aggregation and disaggregation in optimization similarly highlights the complexity
introduced when latent heterogeneity is present but unobserved [16]. CLAM explicitly addresses
these challenges by modeling the aggregation process and learning disentangled causal effects at the
subregional level.

Causal (De)abstraction. Structurally, our approach is inspired by recent work on causal abstrac-
tion, which studies mappings between causal models at different levels of granularity [9, 17, 18].
These works formalize when such mappings preserve counterfactual or interventional semantics,
but do not address learning disaggregated effects from data. Finally, our work relates to spatiotem-
poral causal discovery [19], but differs by operating in a setting where temporal data is limited and
only aggregate observations are available.

Graph Neural Networks. Conceptually, our architecture is related to message-passing graph neu-
ral networks (GNNs) [20]. In a GNN, pairwise messages are computed and aggregated within a
single update step. Similarly, our model learns an update function fθ(·) that operates on ordered
inputs, and optionally an aggregation function gϕ(·) that is permutation-invariant, akin to a Deep
Sets model [21]. As in GNNs, we share the parameters of the structural function across nodes or
regions.

Invariant Causal Mechanisms. Our work also relates to the principle of invariant causal mecha-
nisms, which posits that the functional relationships between variables remain stable across different
environments or interventions [22, 23]. This idea has been used for causal discovery [24] and do-
main generalisation [25], and is particularly relevant for spatial disaggregation where intervention
effects may vary locally but share stable dependencies on contextual covariates. CLAM incorpo-
rates this principle by enforcing that the learned local causal mechanism fθ(·) is shared across all
subregions while allowing spatial heterogeneity to emerge through contextual variables.

Hierarchical Bayesian Model. The design also parallels hierarchical Bayesian models [26, 27],
where group-specific effects are drawn from a shared prior distribution and information is partially
pooled across groups. In CLAM, the local mechanism fθ(·) plays the role of the shared prior, and
contextual covariates capture structured variation across subregions, allowing data-sparse subregions
to benefit from patterns learned in others.

Spatiotemporal Causality. Spatiotemporal causal inference has received growing attention as re-
searchers seek to understand how interventions and their effects evolve across both space and time.
A recent work presents a causal framework for studying the interplay between conflict and forest
loss in Colombia, emphasizing the need to model spatial and temporal dependencies jointly [28].
Extending this perspective, methods proposed in [29] estimate heterogeneous treatment effects in
settings where economic assistance moderates the impact of airstrikes on insurgent violence, while
approaches introduced in [30] accommodate arbitrary spillover and carryover effects across space
and time. Network-based settings with temporal dynamics have also been explored. In [31] the
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authors study bipartite causal inference with interference in time series data, and in [32] methods
are developed to analyse the causal effects of modified treatment policies under network interfer-
ence. Recent methodological innovations include GST-UNet [33], a deep learning architecture for
spatiotemporal causal inference under time-varying confounding, and consistency-guided aggrega-
tion for causal discovery in multivariate spatiotemporal data introduced in [34]. Together, these
works highlight the diversity of approaches to spatiotemporal causality, spanning structural models,
interference-aware estimation, and machine learning-driven inference.

B Causal Deabstraction Framework

In this section, we situate our work within the broader causal inference literature. Specifically, we
frame this as a novel instance of causal deabstraction [9, 18]. Our methodology is informed by the
framework of SCMs and is guided by the principle of ICM.

B.1 Structural Causal Framework

The structural causal model introduced in the main text (Section 3) can be formalized in generative
form as follows. Each spatial unit (region) i ∈ {1, . . . , N} is composed of M subregions indexed
by j ∈ {1, . . . ,M}. For each subregion (i, j), we posit the following SCM:

ci,j ∼ PC (high-resolution contextual covariate)
ϵi,j ∼ Pϵ (exogenous noise)
ti,j = Ti ∈ {0, 1} (binary intervention, shared across subregions)
xi,j = fθ(ti,j , ci,j , ϵi,j) (subregional outcome)

x̂i = gϕ
(
{xi,j}Mj=1

)
(aggregated regional outcome)

Here, fθ(·) encodes the local causal mechanism, shared across all subregions, while gϕ(·) aggregates
subregional outcomes to the regional level. In the main section we considered simplified casessuch
as sum aggregation, additive noise, and the absence of hidden confoundersto provide intuition. The
formulation here generalizes that view by writing the SCM in explicit stochastic form, specifying
how interventions, contexts, and noise are drawn, while making clear that fθ(·) and gϕ(·) are shared
across regions.

B.2 Invariant Causal Mechanism Assumption

A central assumption in CLAM is that the causal function fθ(·) is invariant across all subregions
and regions. That is, while the distribution of covariates {ci,j} may vary across regions due to
differences in local composition, the functional form fθ(t, c) does not change. This assumption
reflects the principle of invariant causal mechanisms [23, 22, 24], which posits that causal relations
are stable across environments unless directly intervened upon.

We treat each region i as an environment defined by its distribution over covariates {ci,j}, but gov-
erned by a shared mechanism fθ(·). The variability in covariate composition across regions allows
us to disentangle fθ(·) from the observed aggregated outcomes xi.

B.3 Deabstraction via Invariance

We propose to view the task of estimating fθ(·) from aggregated outcomes as an instance of causal
deabstraction that is, inferring a latent, high-resolution causal model that is consistent with a lower-
resolution aggregated model. This perspective is dual to recent work on causal abstraction [9, 18],
which studies when a coarse model preserves the counterfactual semantics of a fine-grained one.
Here, we reverse the direction: we seek to recover a fine-grained causal mechanism that is compati-
ble with the observed coarse-level effects.

This is possible due to two key properties:

1. The aggregation function gϕ(·) is consistent and applied uniformly across regions.
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2. The diversity in the covariate compositions {ci,j}Mj=1 across regions induces identifiable
variation in the aggregates xi under the shared mechanism fθ(·).

Given sufficient diversity and the assumption of causal invariance, the aggregated outputs provide a
supervisory signal to recover the latent causal function.

B.4 Causal Semantics via Do-Calculus

Under the assumption of no hidden confounding, the causal effect of the intervention Ti on a subre-
gional outcome xi,j is identified via the backdoor criterion:

E[xi,j | do(Ti = t)] =

∫ ∫
fθ(t, c, ϵ) p(c) p(ϵ) dc dϵ

In Exps 14, we assume Ti ⊥⊥ ϵi,j | ci,j , and that Ti is either randomized or conditionally independent
of Ci,j . Under this setting, the expectation can be approximated via observational data. However,
because only the aggregate outcome xi is observed, we must rely on the consistency constraint:

xi ≈
M∑
j=1

fθ(Ti, ci,j)

The training procedure thus finds the function fθ(·) that jointly explains all observed aggregates
under this constraint, while enforcing that fθ(·) is invariant across regions. In this sense, the esti-
mation of fθ(·) becomes a constraint satisfaction problem, where causal invariance and aggregation
consistency define the feasible solution space. In Exp 5, this conditional independence assumption is
deliberately violated by construction, and valid estimation requires explicitly modeling the treatment
allocation mechanism.

B.5 Implications

The assumption of an invariant subregional mechanism plays a central role in enabling causal in-
ference in our disaggregated setting. By treating the coarse observations as aggregates of fine-
grained causal effects and leveraging variation in covariate compositions, CLAM performs inference
not merely on statistical associations but on causal mechanisms that are meaningful and robust to
changes in population structure. All in all, we contribute a formal and algorithmic instantiation of
causal deabstraction from low-resolution outcomes and high-resolution covariates.

C Details of Experiments

We present five simulation studies to illustrate different aspects of our framework. Exp. 1 models
political campaigning, where interventions interact with socioeconomic context in a heterogeneous
manner. Exp. 2 examines public school funding when intervention locations are unknown and must
be inferred from aggregated data. Exp. 3 studies the spatiotemporal effects of heat waves, where
repeated observations enable recovery of a hidden confounder. Exp. 4 considers driving bans with
an unknown aggregation function between subregional and regional outcomes. Exp. 5 introduces
treatmentcontext confounding, where the probability of subregional treatment depends on contextual
variables, affecting both allocation and outcomes.

C.1 Exp. 1: Political Campaigning

Context. We assume that politicians spend money on political campaigning, but only in certain
states (or regions). This is modeled as a binary decision: either money is spent on a region or not.
The outcome we measure is the relative improvement in the politicians performance compared to
the previous year.

We also have contextual data mapping each subregion to a wealth level categorized as poor, middle
class, or rich. The rationale is that a campaign may have varying effectiveness depending on the
socioeconomic background of the population.
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Setup. We assume a 10×10 grid of regions, where each region contains 10×10 subregions. That
is, N = 100 regions, each with M = 100 subregions.

We are given:

• A binary treatment vector T ∈ {0, 1}N , where Ti = 1 indicates that region i was treated
(i.e., the politician spent money there). If a region is treated, all of its subregions are
considered treated.

• A context matrix C ∈ {0, 1, 2}N×M encoding the wealth level of each subregion, where 1
= poor,2 = middle class, 3 = rich.

• An outcome vector X ∈ RN representing the observed improvement per region.

We generate the treatment matrix using a Bernoulli distribution with probability 0.5, assigning each
subregion to either the intervention or control group at random. The subregional wealth data is
generated randomly, but with the constraint that each region (roughly) has the same average wealth.
This ensures that the model cannot learn a mapping from regional wealth to the outcome.

We also construct two extreme cases: one region where all subregions are middle-class, and another
region where 50% of subregions are rich and 50% are poor. Both regions have the same average
regional wealth of 1.0.

The outcome variable is given by the ground truth functional relationship :

x̂i =

M∑
j=1

(fθ(ti,j , ci,j) + ϵi,j) ,

where:

• ti,j = Ti is the treatment status of subregion j in region i (inherited from the region),

• ϵi,j ∼ N (0, σ2) is i.i.d. Gaussian noise. The default noise variance σ2 is set to 0.02.

The function fθ(·) encodes the treatment effect:

fθ(ti,j , ci,j) =


0.0 if ti,j = 0,

−0.1 if ti,j = 1 and ci,j = 1 (poor),
0.0 if ti,j = 1 and ci,j = 2 (middle class),
0.3 if ti,j = 1 and ci,j = 3 (rich).

As we see, the campaign has:

• A slightly negative effect in poor neighborhoods,
• No effect in middle-class neighborhoods, and
• A large positive effect in rich neighborhoods.

This means that the higher the variance in each region becomes, the higher the effect strength.

As in most experiments, we assume no hidden confounding, no time series data, treatment assign-
ment independent of context, and mean-based aggregation.

Training. We train a simple model with 6 trainable parameters (θ):

fθ(ti,j , ci,j) =



θ1 if ti,j = 0 and ci,j = 1 (poor),
θ2 if ti,j = 0 and ci,j = 2 (middle class),
θ3 if ti,j = 0 and ci,j = 3 (rich),
θ4 if ti,j = 1 and ci,j = 1 (poor),
θ5 if ti,j = 1 and ci,j = 2 (middle class),
θ6 if ti,j = 1 and ci,j = 3 (rich).

We use a learning rate of 0.001 and train for 1000 epochs.
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Details of Exp. 1: Political Campaigning
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Figure 4: Evaluation of the learned parameters, causal effect estimates, and outcome predictions.

Results.

1. We show the correlation between regional wealth (Figure 4a) and outcome, and between
subregional wealth (Figure 4b) and outcome under the two treatment conditions. This
shows that the regional wealth value alone is not sufficient to predict the outcome. Two
outliers (regions with maximal and minimal variability), denoted with black arrows, are
clearly visible.

2. We also show how the MSE of the estimated causal effect matrix evolves with the training
loss (Figure 4c).

3. We use the learned parameters and a hypothetical intervention mask to generate both re-
gional and subregional counterfactual outcomes (Figure 4d). Note that subregional coun-
terfactual outcomes can be obtained by sampling from the noise posterior, subject to pre-
serving the correct overall sum, provided that the noise distribution is known.

4. We use the inferred function fθ̂(·) to estimate the HR outcome matrix X̂ (Figure 4e) and the
HR causal effect matrix Ê (Figure 4f), and compare them against their respective ground
truths. Note that the actual HR outcome matrix contains the noise form the data generation,
which is stripped away in the estimated version and is not relevant for the causal effect
estimation. If we were to generate multiple HR outcome samples, the mean would be
closer to the estimated matrix than the one sample we consider.

5. We test whether the inferred parameters θ̂ are close to the ground truth θ. We find that
they can consistently be recovered within a small margin of error (about 0.1). On the one
hand, this is not surprising because there are only six parameters to fit; on the other hand,
the relatively large subregions with relatively high noise weaken the loss signal. We also
observe that the MSE is quite robust against Gaussian noise.

Ablation Study Interpretation. Our setting is motivated by cases where region-level outcomes
exhibit low variability across regions, resulting in an underdetermined inverse problem. In such
scenarios, standard aggregate-level causal inference fails to distinguish between competing fine-
grained causal explanations, as multiple subregional configurations may produce indistinguishable
regional outcomes.

To address this, our framework leverages high-dimensional contextual covariates observed at the
subregional level. These covariates, when sufficiently heterogeneous across and within regions,
condition the shared causal mechanism fθ(·) in such a way that each aggregate outcome can be
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Ablation Study for Exp. 1: Political Campaigning

Figure 5: We evaluate the effect of varying the variance of regional context means and, for each
fixed context mean, the inter-regional variance. Results are averaged over 5 random seeds for each
parameter combination, and uncertainty bounds represent the corresponding variability. The experi-
mental settings and estimation technique are identical to those of Exp 1.

viewed as a distinct mixture over contextual configurations. This compositional diversity effectively
provides multiple “views” on the same regional-level signal, enabling the model to disentangle the
underlying causal function from the aggregated outcomes.

Exp. 1 illustrates this behavior: although the regional outcomes remain nearly constant across units,
increasing the variance of subregional covariates leads to improved recovery of the true causal mech-
anism. This is further supported by our ablation study, where we systematically vary subregional
and regional variance. We observe that increasing subregional variance while keeping region-level
outcome variability fixed improves parameter recovery, as measured by the final MSE between esti-
mated and true causal parameters. In contrast, increasing regional variance has comparatively little
effect on parameter estimation, indicating that the identifiability gains stem not from more diverse
outcomes, but from the richer structure encoded in the subregional context.

These results validate the central insight of our approach: in low-variability regimes where tradi-
tional identification strategies break down, it is the variation in subregional covariate compositions
combined with the assumption of an invariant causal mechanism that enables accurate causal deab-
straction.

C.2 Exp. 2: Public School Funding vs Improvement in Outcomes

Context. We examine how public spending on schools affects educational outcomes when the
exact locations of the expenditures are unknown. Each administrative region contains multiple sub-
regions (school districts), but only a single district per region receives a funding intervention. At the
regional level, we only observe the total spending increase, not the specific district that received it.
The goal is to infer the high-resolution intervention locations from aggregated data.

The subregional context consists of high-resolution demographic and economic data here repre-
sented as a normalized wealth score between 0 (low socioeconomic status) and 1 (high socioeco-
nomic status). We hypothesize that the effect of school funding depends on this wealth score via a
global shift and scale.

Setup. We assume N = 100 regions, each with M = 4 subregions (school districts).

We simulate:

• A high-resolution intervention matrix T ∈ RN×M , where ti,j is the spending increase in
subregion j of region i.

• A regional intervention vector T reg ∈ RN , where T reg
i =

∑M
j=1 ti,j is the total spending

increase in region i.
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Details of Exp. 2: Unknown Intervention Location

Estimated Causal Effect Subregion GT subregion causal effects Estimated subregion causal effects Estimation error in subregion causal effects

A B C D

Figure 6: Here we report additional details such as the performance of training loss and MSE of
the local effect estimation, alongside that we visualize the ground truth causal effects, the estimated
causal effects, and the estimation errors for the different subregions.

• A high-resolution context matrix C ∈ [0, 1]N×M encoding the socioeconomic status of
each subregion, where ci,j = 0 represents low socioeconomic status and ci,j = 1 represents
high socioeconomic status.

• A high-resolution noise matrix ϵ ∈ RN×M with i.i.d. entries ϵi,j ∼ N (0, σ2), where
σ2 = 0.02.

The intervention matrix T is generated by:

1. Initializing all entries to zero,
2. For each i ∈ {1, . . . , N}, choosing exactly one j ∈ {1, . . . ,M} uniformly at random and

assigning ti,j ∼ Uniform(0, 1),
3. For i = 0, leaving all entries t0,j = 0.

The context matrix C is sampled i.i.d. from Uniform(0, 1).

The outcome variable is given by the ground-truth functional relationship:

x̂i,j = fθ(ti,j , ci,j) + ϵi,j ,

where:

• ti,j is the observed subregional intervention,
• ci,j is the socioeconomic score,
• ϵi,j is Gaussian noise.

The causal effect function is parameterized as:

fθ(ti,j , ci,j) = (θshift − ci,j) · θscale · ti,j ,

with ground-truth parameters θshift = 4.2 and θscale = 1.23.

The regional outcome vector X ∈ RN is obtained by taking a mean over subregional outcomes.

As in Exp. C.1, we assume no hidden confounding, no time-series effects, treatment assignment
independent of context, and mean-based aggregation.

Training. We train a model to estimate both the latent subregional intervention assignments and
the parameters of the causal effect function.

The model has:

• N ×M = 400 free parameters {t̂i,j} representing the estimated subregional intervention
intensities,

• Two scalar parameters {θshift, θscale} specifying the parameterization of fθ(·).
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Details of Exp. 3: Spatiotemporal Effects of Heat Waves on School Performance

Non-Linear MappingLinear Scaling

A B C D

GT Confounding Estimated Confounding Performance GT Confounding Estimated Confounding Performance

Figure 7: Shown are the groundtruth vegetation index, the corresponding estimated confounder
fields, and the joint plots of training loss and confounder MSE. Results are presented for two settings:
linear scaling (left) and MLP learning (right).

The learned function takes the form:

fθ(ti,j , ci,j) = (θshift − ci,j) · θscale · ti,j .

An auxiliary preprocessing function h(·) is applied to the free parameters t̂i,j to ensure they represent
valid interventions:

1. Square each t̂i,j to enforce non-negativity,

2. Apply a differentiable row-wise argmax (temperature-controlled softmax) so that one sub-
region per region has the maximal value,

3. Row-wise normalization so that
∑M

j=1 ti,j = T reg
i matches the observed total regional

intervention.

In the forward pass:

1. Process the learned T̂ via h(·) to obtain T ,

2. Compute predicted subregional outcomes: x̂i,j = fθ(ti,j , ci,j) ,

3. Aggregate to regional predictions by averaging.

4. Compare with observed xi from X ∈ RN using the MSE loss.

We optimize all parameters jointly using Adam with a learning rate of 0.001, training for 100,000
epochs with a fixed random seed.

Results.

1. Figure 6a shows the evolution of the training loss and the subregional MSE. While the
loss decreases monotonically, the estimation error is more variable but exhibits a consistent
downward trend, indicating convergence toward the true causal mechanism.

2. The ground truth subregional causal effects are visualised in Figure 6b, providing the ref-
erence against which predictions are evaluated. The predicted effects in Figure 6c closely
match the ground truth, capturing both magnitude and spatial structure of the interventions.

3. The error map in Figure 6d confirms this alignment: estimation error is concentrated out-
side treated regions, while within treated regions it is nearly zero, demonstrating accurate
recovery of both intervention locations and local effect sizes.

C.3 Exp. 3: Spatiotemporal Effects of Heat Waves on School Performance

Context. In this experiment, we examine the impact of extreme heat events ("heat waves") on ed-
ucational outcomes across both space and time. We model a spatial grid of N = 100 regions, each
containing M = 9 subregions, observed over W = 48 consecutive months. The intervention repre-
sents the occurrence of a heat wave in a given subregion and month. Heat waves have a detrimental
effect on school performance, but the strength of this effect depends on the educational background
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of parents in the subregion and on an unobserved environmental factor, vegetation coverage, which
mitigates the impact of heat.

The observed context for each subregion is a categorical indicator of parents education level, taking
one of three values (low = 1, medium = 2, high = 3), which evolves slowly over time to reflect
gradual demographic changes. The unobserved confounding context is a fixed vegetation index
between 0 and 1 for each subregion, representing the proportion of green cover and its protective
effect against heat. The intervention process is binary at the subregional level, with most regions
remaining unaffected in a given month, but some experiencing heat waves simultaneously in all their
subregions, corresponding to largescale weather patterns.

The outcome, measured as a monthly change in school performance for each subregion, is driven
by the interaction between the intervention, parents education level, and the vegetation coverage.
Subregions with lower parental education are more strongly affected, while vegetation dampens
the negative effect. The challenge in this experiment is to recover both the mapping from context,
intervention, and unobserved confounder to outcomes, and the vegetation values themselves, given
only aggregated regionallevel outcomes over time.

Setup. We model N = 100 regions, each with M = 9 subregions, observed over W = 48 discrete
time points (months).

For each month w ∈ {1, . . . ,W}, we define:

• A highresolution binary treatment matrix T (w) ∈ {0, 1}N×M , where t
(w)
i,j = 1 indicates

that subregion j of region i is experiencing a heat wave in month w. In our data gener-
ation, each row of T (w) is either all zeros (probability 0.7) or all ones (probability 0.3),
corresponding to largescale heat events affecting entire regions.

• An observed context matrix C(w) ∈ {1, 2, 3}N×M encoding the categorical education level
of parents in each subregion. At w = 1, these values are sampled uniformly. For w > 1,
C(w) is obtained from C(w−1) by flipping each entry to a random category with probability
0.05, capturing slow demographic change.

• An unobserved confounding context matrix U ∈ [0, 1]N×M containing fixed vegetation in-
dex values for each subregion, drawn uniformly from [0, 1] and constant across all months.

• A noise matrix ϵ(w) ∈ RN×M with i.i.d. entries ϵ(w)
i,j ∼ N (0, σ2), with σ2 = 0.02.

The subregional outcome is generated as:

x̂
(w)
i,j = fθ

(
t
(w)
i,j , c

(w)
i,j , ui,j

)
+ ϵ

(w)
i,j ,

where c
(w)
i,j is the parents education category, ui,j is the vegetation index, and:

fθ

(
t
(w)
i,j , c

(w)
i,j , ui,j

)
=


0 if t(w)

i,j = 0,(
10 · 1[c(w)

i,j = 1] + 5 · 1[c(w)
i,j = 2]

+ 1[c(w)
i,j = 3]

)
· (1− ui,j)

if t(w)
i,j = 1.

This function specifies that the subregional outcome depends on whether a heat wave occurs and,
if so, how vulnerable the subregion is based on the education level of parents and the vegetation
coverage. If t(w)

i,j = 0, the effect is zero. If t(w)
i,j = 1, the impact is determined by the categorical

education level with coefficients (10, 5, 1) corresponding to low, medium, and high parental educa-
tion, respectively, and is scaled by (1 − ui,j), which reduces the effect in proportion to the amount
of vegetation present. The indicator 1[·] selects the appropriate coefficient for each subregion.

The regional outcome at month w is obtained via mean aggregation. This setup induces a spatiotem-
poral causal problem with heterogeneous treatment effects driven by both observed and unobserved
context, where the latter must be recovered from aggregated outcomes across multiple time points.

Training. We train a model to jointly estimate:
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1. The mapping fθ(·) from observed context, intervention, and vegetation index to subre-
gional outcomes,

2. The static vegetation index values Û ∈ [0, 1]N×M for all subregions.

The function fθ(·) is implemented as a 4 layer multilayer perceptron (MLP) with hidden dimension
16 and a dropout rate of 0.1 after the second hidden layer. Its inputs for each subregion are:

z
(w)
i,j =

(
1[c(w)

i,j = 1], 1[c(w)
i,j = 2], 1[c(w)

i,j = 3], t
(w)
i,j , ui,j

)
,

where ui,j is the vegetation index. The output is the predicted outcome x̂
(w)
i,j for that subregion and

week.

In the forward pass for a given week w:

1. The model takes as input T (w), C(w), and Û ,

2. The MLP evaluates fθ(·) at each (i, j) to produce predicted subregional outcomes x̂(w)
i,j ,

3. These are aggregated to the regional level via mean aggregation.
4. The primary loss is the MSE between predicted and observed regional outcomes.

Training proceeds over all weeks in random order at each epoch. The total parameter set consists of
the MLP weights θ and the vegetation tensor Û . We optimize using Adam with a learning rate of
0.001 for 10,000 epochs, with fixed random seeds for reproducibility. Loss curves for Lregion and
the MSE of Lveg are recorded throughout training.

Results.

1. Figure 7a shows the loss curves and confounder MSE under the linear scaling parameter-
ization. Both training loss and MSE decrease rapidly, and the final error is very small,
indicating nearperfect recovery of the hidden confounder.

2. Figure 7b compares the groundtruth vegetation field to the estimated confounder under
linear scaling. The two maps are almost indistinguishable, confirming that the restricted
functional form matches the data-generating process and allows highly accurate confounder
recovery.

3. Figures 7c and d present the same results for the nonlinear MLP parameterization. While
the model still recovers meaningful structure in the hidden confounder, the confounder
MSE remains orders of magnitude higher than in the linear case, and deviations from the
ground truth are clearly visible in the estimated field. This is notable since the true veg-
etation values are not necessarily identifiable; the MLP could instead store a transformed
version and map them back during the forward process.

4. Overall, these results demonstrate that the model can reconstruct regional outcomes while
also uncovering hidden drivers of heterogeneity. The comparison between linear and non-
linear parameterizations highlights the tradeoff: structural restrictions yield more accurate
recovery when they match the true mechanism, while flexible approximators such as MLPs
still learn the hidden confounder but with reduced precision.

C.4 Exp. 4: Unknown Aggregation Functions

Context. We study the causal effect of driving bans on air quality under the assumption that the
reported region-level air quality values are an unknown aggregation of finer-scale (subregional) mea-
surements. Specifically, we model the aggregation as a learned combination of the subregional mean
and maximum values, with the combination weights parameterized via a logit transform.

A realistic example is a city-wide driving ban where air quality is officially reported as a single
regional index (e.g., PM2.5 concentration), while the underlying measurement network collects data
from multiple monitoring stations. Depending on reporting policies, the published index might
resemble an average across stations, a worst-case station reading, or something in between.

The high-resolution context for each subregion is a single continuous variable: a vegetation index,
capturing the amount of green coverage in the area. Vegetation can mitigate pollution and thus may
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Details of Exp. 4: Aggregation Function Estimation

Mean Aggregation (β = 6) Max Aggregation (β = 0.1)

GT Local Effect Performance PerformanceGT Local Effect Estimated Local EffectEstimated Local Effect

Figure 8: Results Overview. Top: Input of LR intervention locations (red), LR outcomes (blue),
and HR context (green) for mean aggregation and max aggregation cases. Bottom: We observe the
estimated local effects and the performance of our model over multiple epochs for both cases.

modulate the effect of a driving ban. We hypothesize that the causal effect of driving bans varies
with vegetation and that the unknown aggregation mechanism must be learned alongside the effect
parameters to estimate subregional impacts correctly.

Setup. We assume N = 100 regions, each with M = 100 subregions.

We are given:

• A binary treatment vector T ∈ {0, 1}N , where Ti = 1 indicates that a driving ban was
implemented in region i (and thus all its subregions).

• A high-resolution context matrix C ∈ [0, 1]N×M encoding the vegetation index of each
subregion, where ci,j = 0 represents minimal vegetation cover and ci,j = 1 represents
dense vegetation.

• A high-resolution noise matrix ϵ ∈ RN×M with i.i.d. entries ϵi,j ∼ N (0, σ2), where
σ2 = 0.02.

The treatment vector T is generated using a Bernoulli distribution with probability 0.5, assigning
each region to either the intervention or control group at random. The vegetation index values in C
are drawn i.i.d. from Uniform(0, 1).

The subregional outcome variable is given by the ground-truth functional relationship:

x̂i,j = fθ(ti,j , ci,j) + ϵi,j ,

where:

• ti,j = Ti is the treatment status of subregion j in region i (inherited from the region),
• ci,j is the vegetation index,
• ϵi,j is Gaussian noise.

The causal effect function is parameterized as:

fθ(ti,j , ci,j) =

{
0.0 if ti,j = 0,

θbase + θveg · ci,j if ti,j = 1,

where θbase captures the baseline effect of a driving ban and θveg captures how this effect changes
with vegetation cover.

Unlike Exp. 1, the regional outcome xi is not a simple mean over subregions. Instead, we model the
aggregation function as:

xi =

M∑
j=1

pi,j(τ) · x̂i,j ,
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where:

pi,j(τ) =
exp(x̂i,j/τ)∑M
k=1 exp(x̂i,k/τ)

is the softmax weight assigned to subregion j with temperature parameter τ > 0. When τ → ∞,
pi,j approaches a uniform distribution (mean aggregation); when τ → 0, pi,j concentrates on the
subregion with the highest outcome (max aggregation).

Training. We train a model to estimate:

1. The parameters θ = {θbase, θveg} of the causal effect function fθ(·),
2. The aggregation temperature parameter τ > 0 governing the softmax-based aggregation

from subregional to regional outcomes.

The learned function takes the form:

fθ(ti,j , ci,j) =

{
0.0 if ti,j = 0,

θbase + θveg · ci,j if ti,j = 1.

In the forward pass:

1. Compute predicted subregional outcomes: x̂i,j = fθ(ti,j , ci,j) ,

2. Compute subregion-level aggregation weights via the softmax: pi,j(τ) =
exp(x̂i,j/τ)∑M

k=1 exp(x̂i,k/τ)
,

3. Compute predicted regional outcomes as the expectation under pi,j(τ): x̂i =∑M
j=1 pi,j(τ) · x̂i,j ,

4. Compute the loss as the mean squared error with the observed xi.

All parameters {θbase, θveg, τ} are optimized jointly using Adam with a learning rate of 0.001 for
1000 epochs. We initialize τ to a moderate value (e.g., τ = 1.0) and enforce τ > 0 during training
by optimizing its logarithm.

Results.

1. Visualizations of the aggregated causal effects show that mean aggregation preserves more
variation across regions, whereas max aggregation suppresses smaller effects and produces
sharper contrasts.

2. Although the subregional causal effect loss is never used directly for training, it decreases
steadily over epochs, indicating that the model recovers fine scale effects from only re-
gional supervision. Training loss is substantially higher under max aggregation, as weaker
subregional signals are obscured.

3. Comparing estimated and ground truth local effects confirms this bias: areas with small
true effects tend to be overestimated when max aggregation dominates.

4. The aggregation function, parameterized by the temperature τ , is recovered with high accu-
racy. In the mean aggregation case, τ is estimated within 0.01 of the ground truth, while in
the max aggregation case, the estimate is slightly underestimated (5.6), consistent with the
plateauing behavior of the softmax function at low temperatures.

5. Overall, the experiment demonstrates that our approach can successfully recover both the
aggregation mechanism (within its parametric form) and the underlying causal effects, de-
spite only observing region-level outcomes.

C.5 Exp. 5: Covariate-Based Confounding of Treatment Subregion

Context. In this experiment, we study how confounding between treatment allocation and con-
textual variables affects causal effect estimation. We take the example of school districts receiving
additional public funding and the corresponding changes in educational outcomes.
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Details of Exp. 5: Covariate Based Confounding of Treatment Subregion
Low Confounding (τ = 1)High Confounding (τ = 0.1)

GT Treatment Locations Confounder Modelling Based 
Location Estimates Naive Estimation of Location GT Treatment Locations Confounder Modelling Based 

Location Estimates Naive Estimation of Location

Figure 9: Results Overview. Top: Input of LR intervention locations (red), LR outcomes (blue), and
HR context (green). Bottom: Ground truth treatment locations, estimation of treatment locations
based on modeling of location covariate-based confounding, naive estimation of treatment locations
with all free parameters.

In reality, funding allocation is rarely random: wealthier or poorer districts may have systematically
different chances of receiving funding due to political priorities, lobbying power, or policy con-
straints. This creates a dependency between the probability of treatment and district level context
variables, violating the standard assumption of independent treatment assignment.

We model this confounding explicitly by making the probability of treatment allocation a determin-
istic function of the contextual variable, passed through a logistic transform to obtain valid proba-
bilities for each region. The treatment effect itself is also a function of the same contextual variable,
representing heterogeneous impacts across different socioeconomic conditions.

Setup. We assume N = 100 regions, each with M = 100 subregions (school districts).

We are given:

• A high-resolution treatment matrix T ∈ {0, 1}N×M with exactly one treated subregion per
region, i.e.,

∑M
j=1 ti,j = 1 for all i.

• A context matrix C ∈ [0, 1]N×M encoding a socioeconomic/need index for each subregion,
where a higher ci,j indicates greater need.

• A noise matrix ϵ ∈ RN×M with i.i.d. entries ϵi,j ∼ N (0, σ2) (default σ2 = 0.02).

Confounded Treatment Allocation. For each region i, we form logits from the subregional con-
text,

ℓi,j = α0 + α1 ci,j ,

and convert them to a categorical distribution over subregions via a row-wise softmax,

pi,j =
exp(ℓi,j)∑M
k=1 exp(ℓi,k)

.

We then draw exactly one treated subregion j⋆ ∼ Categorical(pi,1:M ) and set

ti,j = 1{j = j⋆},
M∑
j=1

ti,j = 1.

The parameters (α0, α1) control the strength and direction of confounding between context and
treatment assignment (default α0 = 0, α1 > 0 so higher-need subregions are more likely to be
treated).
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Outcome Model With Context-Dependent Effects. Subregional outcomes follow the ground-
truth functional relationship

x̂i,j = fθ(ti,j , ci,j) + ϵi,j ,

with the causal effect function

fθ(ti,j , ci,j) =

{
0 if ti,j = 0,

θbase + θsoc ci,j if ti,j = 1,

where θ = {θbase, θsoc} captures the baseline funding effect and its modulation by socioeconomic
need.

Regional Aggregation. Region-level outcomes are the sum over subregions (as in Exp. 1).

This construction induces confounding because (i) treatment allocation depends on ci,j through the
softmax logits, and (ii) treatment effects also vary with ci,j via fθ(·).

Training. We compare two training regimes for estimating the causal effect parameters θ =

{θbase, θsoc} and the high resolution treatment assignments T̂ ∈ RN×M in the presence of treat-
ment context confounding.

Regime 1: Naïve Training Under Independence Assumption. This setup directly applies the
training procedure of Exp. 2 (Section C) to the confounded data, it:

1. Treats the treatment allocation as if independent of the context,

2. Learns T̂ as free parameters, constrained to be one hot per row via a differentiable argmax
with temperature,

3. Learns θ by minimizing the MSE between observed and predicted regional outcomes.

This ignores the fact that the treatment assignment mechanism is context dependent.

Regime 2: Confounding Aware Training. Here, we explicitly model the context-dependent treat-
ment allocation mechanism. For each region i, we predict logits

ℓi,j = β0 + β1 ci,j ,

where (β0, β1) are learned parameters, and convert them to a categorical distribution via a row-wise
softmax with a learnable temperature τconf > 0:

pi,j(τconf) =
exp(ℓi,j/τconf)∑M
k=1 exp(ℓi,k/τconf)

.

We then use pi,j(τconf) as the (differentiable) treatment assignment in the forward pass.

In both regimes, predicted subregional outcomes are given by:

x̂i,j = fθ(ti,j , ci,j) =

{
0 if ti,j = 0,

θbase + θsoc · ci,j if ti,j = 1,

where in Regime 1, ti,j comes from the naïvely learned T̂ , and in Regime 2, ti,j = pi,j(τconf) from
the confounding model.

Regional outcomes are summed and aggregated. and the training loss is the mean squared error,
All parameters are optimized jointly using Adam with a learning rate of 0.001 for 1000 epochs.
Regime 1 learns {T̂ , θbase, θsoc}, while Regime 2 learns {β0, β1, τconf , θbase, θsoc}.

Results.

1. We compare two cases of confounding in subregional treatment allocation, holding region-
level treatments and contextual factors fixed. The aggregated causal effects differ markedly
depending on the level of confounding, showing that the treatment context dependency
directly shapes the observed regional outcomes.
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2. We visualize the ground truth intervention locations alongside the estimates obtained with
and without explicitly modeling confounding. Under strong confounding, the confounding-
aware approach recovers the true intervention locations with high fidelity, while the naïve
method from Exp. 2 retrieves only a small fraction correctly.

3. In the low confounding setting, both methods perform similarly, and location probabilities
are estimated with comparable accuracy. This confirms that adjusting for confounding does
not reduce performance when confounding is weak.

4. For causal effect estimation, the final MSE of subregional effects under low confounding
was 2.04 (naïve) versus 1.60 (confounding aware). Under high confounding, the respec-
tive errors were 0.74 versus 0.32. These results show that accounting for confounding
improves both intervention location recovery and the accuracy of estimated causal effects
by conditioning on the correct contextual information.

Overall, this experiment demonstrates that explicitly modeling treatment context confounding is
essential as it enables accurate recovery of intervention locations and yields more reliable causal
effect estimates, particularly when treatment assignment is strongly biased by contextual factors.

21



NeurIPS 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: We have accurately described the scope and contribution of our work in the
abstract and introduction.
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: We mention the limitations of our approach and its applicability in specific
sections.
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 au-
thors 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 ap-
proach. 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 ad-
dress 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?
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Answer: [NA]
Justification: We do not make any theoretical claims in our paper.
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 theo-

rems.
• 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 comple-
mented by formal proofs provided in appendix or supplemental material.

• 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
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide our code which can be verified indepdently and also include
thorough details of our setup in the appendix.
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 sub-
missions 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 re-
produce 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 au-
thors 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
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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: We have provided the code.

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 URLs 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: Hyperparameters used and optimizers are reported.

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 appropri-
ate information about the statistical significance of the experiments?

Answer: [NA]

Justification: We focus on qualitative results, more on quantitative results, although we
report statistical results in an ablation study.

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).
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• 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 prefer-

ably 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).

• 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.

8. 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: Our code can be reproduced on online Google Colab instances or any reason-
ably modern computer.
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).

9. 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: Based on our reading of the ethics guidelines our contribution does not violate
of any of the rules.
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).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: Our work introduces a new research direction; however, it is not developed
enough to cause broader impacts.
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.
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• 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 spe-
cific 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 mitiga-
tion 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).

11. 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: Our code/data cannot be utilised for high risk misuse so there was no need for
safeguard protocols.

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 re-
quiring 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.

12. 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: We use standard tools such as PyTorch in our code; however, the data models
etc, are developed by us.

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.
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• If assets are released, the license, copyright information, and terms of use in the pack-
age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense 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.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer: [NA]

Justification: We do not release any new assets.

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.

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

Answer: [NA]

Justification: We do not involve any human subjects.

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 contri-
bution 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, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

15. 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: Our contribution did not require or qualify for institutional review board.

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 equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.
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• 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.

16. 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: [NA]
Justification: LLMs were used for grammar checks and rephrasing of some parts of the
manuscript, and were also used as coding assistants for submodules of our experiments,
which were later verified by the authors of the paper.
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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