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Abstract

Spatiotemporal forecasting plays an important role in real-world applications,
where probabilistic approaches provide uncertainty estimates for decision-making.
Real-world systems are inherently non-stationary, leading to distribution shifts
between training and test data. However, existing probabilistic methods mainly fo-
cus on modeling data distributions under standard settings, while distribution shift
methods often handle such shifts in a coarse manner, failing to characterize shift
degree and adapt prediction strategy accordingly. As a result, they often produce
miscalibrated and unreliable forecasts. To address this issue, we propose REMIND,
a retrieval-guided probabilistic framework for spatiotemporal forecasting under
distribution shift. REMIND leverages retrieval to estimate how well current ob-
servation are supported by historical patterns, enabling adaptive prediction under
different shift regimes. It employs spatiotemporal retrieval to construct a memory
bank and introduces a dual branch architecture, combining a memory-calibrated
probabilistic branch for mild shifts with a deviation-aware probabilistic branch
for severe shifts. A shift-adaptive gate, guided by retrieval similarity and memory
dispersion, balances the two branches according to shift degree. We further design
a hierarchical Gaussian mixture to capture heterogeneous uncertainty over the
dual branch predictions, and introduce a memory perturbation training scheme to
improve generalization. Experiments on real-world datasets with distribution shifts
demonstrate that REMIND consistently outperforms state-of-the-art methods in
both forecasting accuracy and probabilistic prediction quality. Code is available at
https://github.com/LvHaochenBANG/REMIND.git.

1 Introduction
Spatiotemporal forecasting plays a crucial role in real-world applications, such as transportation [1, 2,
3], hydrology [4], and energy systems [5, 6, 7]. In recent years, probabilistic approaches have gained
increasing attention, as they aim to model the underlying distribution of system dynamics [8, 9, 10].
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Beyond point predictions, these methods provide uncertainty quantification, which is essential for
risk assessment, decision-making, and early warning [11, 12, 13, 14].

Most existing probabilistic spatiotemporal forecasting methods focus on modeling data distributions
under standard settings. However, real-world spatiotemporal systems are inherently non-stationary,
leading to distribution shifts, reflected as a mismatch between training and test data distributions [15].
Such shifts commonly arise from evolving system dynamics, including changing patterns, sensor
noise, and unexpected events such as accidents or extreme weather [16, 17]. Importantly, distribution
shift is inherently continuous rather than binary [18]. At one end, the absence of shift corresponds to
in-distribution (ID) scenarios, while at the other end, extreme shifts correspond to out-of-distribution
(OOD) scenarios [19]. In practice, many real-world cases lie between these two extremes.

Recently, several methods have been proposed to handle distribution shift. ShifTS [20] improves
generalization by learning invariant patterns of input features under different external conditions.
TFPS [15] performs adaptive forecasting by dynamically selecting experts specialized in specific
patterns. In particular, retrieval-based approaches such as RAFT [21] and STRAP [5] have shown
strong potential by leveraging an external memory bank of historical data to retrieve and preserve
diverse patterns, especially rare ones, thereby improving predictive performance across diverse
distributional conditions.

Despite these advances, handling distribution shift remains challenging in practice. Existing methods
often handle distribution shift in a coarse manner, lacking the ability to explicitly characterize shift
degree and adapt prediction strategies accordingly, resulting in miscalibrated predictive distributions
and unreliable forecasts. Retrieval-based methods, for example, typically retrieve historical samples
based on historical observations, rank them by similarity, and reuse their associated future outcomes,
implicitly assuming that the retrieved samples can be trusted without assessing their reliability.
However, this assumption may fail in two ways. First, under severe distribution shifts, even the
most similar historical samples may differ substantially from the current observation, providing
limited support for prediction. Second, similar historical observations may correspond to markedly
different future outcomes, making input similarity alone insufficient to determine the reliability of
retrieved information. Consequently, reusing retrieved samples without assessing their relevance and
consistency may bias predictions and undermine uncertainty estimation.

To address these challenges, we propose REMIND, a retrieval-guided probabilistic framework for
spatiotemporal forecasting under distribution shift. Unlike conventional approaches that treat retrieval
as passive memory lookup, REMIND leverages retrieval as an active signal of how well the current
observation is supported by historical patterns. Specifically, it assesses both the relevance of retrieved
observations and the consistency of their associated future outcomes to guide adaptive probabilistic
forecasting.

Concretely, we design a coarse-to-fine spatiotemporal retrieval mechanism that equips REMIND with
a memory bank and achieves both high retrieval quality and efficiency. Based on the retrieval, we
construct two complementary branches. A memory-calibrated probabilistic branch predicts from
retrieved patterns through lightweight calibration and is effective under mild shifts. A deviation-aware
probabilistic branch predicts from the current observation and uses deviations from retrieved patterns
as residual corrections, making it more suitable for severe shifts. REMIND then fuses the two
branches via a shift-adaptive gate, which leverages retrieval similarity and memory dispersion to
estimate shift degree and balance them accordingly. In addition, we design a hierarchical Gaussian
mixture to capture heterogeneous uncertainty through inner-branch uncertainty and cross-branch
disagreement, and introduce a memory perturbation training scheme to improve generalization under
distribution shift.

Our contributions are summarized as follows:

• We propose REMIND, a retrieval-guided probabilistic framework for spatiotemporal fore-
casting under distribution shift. By treating retrieval as an active signal of support from
historical patterns, it adaptively balances a memory-calibrated probabilistic branch and a
deviation-aware probabilistic branch according to shift degree, enabling adaptive prediction
across different shift regimes.

• We develop a hierarchical Gaussian mixture to model heterogeneous predictive uncertainty
over the dual branch predictions, and introduce a memory perturbation training scheme to
improve generalization under distribution shift.
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• Experiments on real-world datasets from hydrology, traffic and energy domains with spa-
tiotemporal distribution shifts demonstrate that our method consistently outperforms state-
of-the-art approaches in both forecasting accuracy and probabilistic prediction quality.

2 Related Work
Probabilistic spatiotemporal forecasting models the predictive distribution of future system states. Ex-
isting methods can be broadly divided into parametric distribution models and generative distribution
models. Parametric distribution methods assume a predefined distribution family, such as Gaussian
distributions, and learn its parameters, as in DeepAR [8], DER [22], SDER [23], and LODE [24].
They are computationally efficient but limited by their distributional assumptions. In contrast, genera-
tive distribution models, including diffusion-based methods such as PriSTI [25] and DiffSTG [10]
and flow-based methods such as STGNF [9] and STMPN [26], learn complex distributions without
fixed forms. While more expressive, they typically rely on repeated sampling, resulting in higher
computational cost. These methods mainly focus on modeling data distributions under standard
settings, where distribution shift is not explicitly considered. In practice, spatiotemporal systems are
often dynamic and non-stationary, and distribution changes may occur over time, which can affect
predictive calibration.

To improve generalization under such conditions, several methods have been proposed to mitigate the
effects of distribution shift. ShifTS [20] learns invariant representations under varying conditions to
enhance generalization across shifting environments, while TFPS [15] dynamically selects specialized
experts to adapt to diverse temporal patterns. STONE [27] captures invariant node dependencies
through gated spatiotemporal semantic graphs and graph intervention, thereby improving gener-
alization under spatiotemporal distribution shifts. Retrieval-based methods, such as RAFT [21],
RATD [28], and STRAP [5], further enhance generalization by leveraging historical memory, allow-
ing models to capture diverse patterns and recall rare or previously observed events. While these
approaches have shown promising results, several challenges remain. Specifically, existing methods
often do not explicitly characterize the degree of distribution shift and adapt prediction strategy
accordingly, resulting in miscalibrated predictive distributions. In addition, these approaches are
primarily deterministic in nature and focus on adjusting point estimates rather than modeling the full
predictive distribution.

3 Preliminaries
Spatial Graph. We model the spatial structure using a graph G = (V, E ,A), where V is the set of N
nodes representing spatial locations, E is the set of edges capturing the relationships between nodes,
and A ∈ RN×N denotes the adjacency matrix.

Probabilistic Spatiotemporal Forecasting. At each time step t, let xt,n ∈ RF denote the
observation at location n with F variables. Aggregating observations from all locations gives
Xt = [xt,1, xt,2, . . . , xt,N ]⊤ ∈ RN×F , representing multivariate observations over N loca-
tions. We use XH to denote the historical sequence over the past T time steps, correspond-
ing to Xt−T+1:t ∈ RT×N×F , and use XP to denote the future sequence over the next T time
steps, corresponding to Xt+1:t+T ∈ RT×N×F . Given XH , the goal is to learn a probabilistic
mapping F that characterizes the distribution of XP and produces its predictive statistics, i.e.,
(µP ,σP ) = F (XH ,G), where µP ,σP ∈ RT×N×F .

4 REMIND
4.1 Overview

The key idea of REMIND is to treat retrieval similarity not only as auxiliary evidence for prediction,
but also as a signal indicating how well the current observation is supported by historical patterns.
REMIND assesses both the relevance of retrieved observations and the consistency of their associated
future outcomes, enabling adaptive memory utilization under distribution shift. Intuitively, strong
historical support suggests that retrieved patterns are both relevant and informative, allowing their
associated targets to be reused. In contrast, weak historical support may arise from substantial
deviations from historical observations or inconsistent future outcomes among similar patterns. In
such cases, the model reduces its reliance on memory, predicts primarily from the current observation,
and uses deviations from retrieved patterns as residual corrections.
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Figure 1: The overall architecture of REMIND. REMIND performs coarse-to-fine spatiotemporal
retrieval to construct a memory bank and employs a dual branch architecture for probabilistic
forecasting under distribution shift. A shift-adaptive gate dynamically balances the branches based on
retrieval similarity and memory dispersion, and a hierarchical Gaussian mixture models heterogeneous
predictive distribution.

As shown in Fig.1, REMIND constructs a memory bank through coarse-to-fine spatiotemporal
retrieval and employs a dual branch architecture consisting of a memory-calibrated probabilistic
branch and a deviation-aware probabilistic branch. The memory-calibrated probabilistic branch
performs lightweight calibration on retrieved targets, while the deviation-aware probabilistic branch
models residual deviations from retrieved patterns. A shift-adaptive gate balances the two branches
according to retrieval similarity and memory dispersion. Finally, REMIND outputs a hierarchical
Gaussian mixture distribution to capture heterogeneous uncertainty under different shift regimes.

4.2 Coarse-to-Fine Spatiotemporal Retrieval
Let D = {(Xi

H ,Xi
P )}Ri=1 denote a memory bank of R historical observation-target pairs. In an ideal

spatiotemporal retrieval mechanism, given a query observation Xq
H , the system aims to rapidly and

efficiently retrieve the top K most similar samples Dret = {Xk
H ,Xk

P , sk}Kk=1, where sk denotes
the similarity score between Xq

H and Xk
H .

Retrieving spatiotemporal data is non-trivial due to the entanglement of spatial and temporal dimen-
sions. Accordingly, spatiotemporal retrieval can be formulated at four levels: global spatiotemporal
matching, node-wise temporal matching, time-wise spatial matching, and point-wise matching.
Global spatiotemporal matching preserves overall structure with high efficiency but enforces strict
temporal alignment across nodes. In contrast, node-wise temporal matching retrieves patterns inde-
pendently for each node based on its temporal dynamics, enabling more flexible and fine-grained
retrieval, but requiring independent matching for each node and thus increasing computational cost.
Meanwhile, time-wise spatial matching disrupts temporal continuity, and point-wise matching ignores
global spatiotemporal structure, limiting their ability to capture coherent spatiotemporal patterns (see
App. B for further discussion).

To balance retrieval quality and efficiency, we propose a coarse-to-fine spatiotemporal retrieval
framework consisting of global spatiotemporal retrieval followed by node-wise temporal retrieval.

In the first stage, we perform global spatiotemporal retrieval over D, where samples are constructed
via sliding windows with a stride of 1 along the temporal dimension. Treating the current observation
Xq

H ∈ RT×N×F as a whole, we select a candidate set C = {(Xk
H ,Xk

P , sk)}K̃k=1 based on global
spatiotemporal similarity. This stage narrows the search space to historically relevant samples with
similar overall spatiotemporal patterns.

In the second stage, we perform node-wise temporal retrieval within the candidate set C. Specifically,
for each query node n, we compare its temporal pattern Xq

H,n with the candidate nodes drawn from
a node set N (n), which includes both physically connected neighbors and functionally similar nodes
defined by Pearson correlation. The cross-spatial similarity can be written as

sk,n,m = Sim
(
Xq

H,n,X
k
H,m

)
, m ∈ N (n). (1)
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Based on these similarities, the refined retrieval results can be expressed as D(n)
ret ⊆

{Xk
H,m,Xk

P,m, sk,n,m}Kk=1. After processing all nodes, we obtain the final retrieval set Dret =

{Xk
H ,Xk

P , sk}Kk=1. Compared with global retrieval, this stage allows the model to capture local tem-
poral misalignment commonly observed under distribution shift. It also leverages similar dynamics
from correlated neighboring nodes, thereby enriching retrieval diversity.

The similarity score for the k-th retrieved sample is defined as

sk = exp
(
−L1(X

q
H ,Xk

H)/τ
)
, (2)

where L1(·, ·) denotes the ℓ1 distance and τ is a temperature parameter that controls the concentration
of the similarity scores [5]. This formulation captures overall similarity and supports fully parallel
computation of similarities between Xq

H and the entire memory bank.

4.3 Memory-Calibrated Probabilistic Branch

The memory-calibrated probabilistic branch is designed for scenarios where retrieved patterns remain
reliable under mild distribution shifts. In such cases, the current observation is still well supported
by historical patterns, allowing retrieved targets to provide informative future references. Therefore,
instead of predicting future dynamics from scratch, this branch directly leverages retrieved targets
and performs lightweight query-conditioned calibration to adapt them to current observations.

We first encode the current observation and the k-th retrieved observation:
Hq = Eq(X

q
H), Hk

r = Er(X
k
H), (3)

where Hq,H
k
r ∈ RN×T×d. Eq and Er are lightweight spatiotemporal encoders composed of

GCNs [29] and temporal attention [30].

Next, for each retrieved target Xk
P , we apply a lightweight calibration:

X̃
k

P = ak ⊙Xk
P + bk, (4)

where ak and bk are learnable parameters, and ⊙ denotes element-wise multiplication. To improve
stability and prevent overfitting, the parameters are modeled in a low-rank separable form [31].
Specifically, ak is constructed as the outer product of a spatial factor anode

k ∈ RN and a temporal
factor atime

k ∈ RT , i.e., ak = anode
k (atime

k )⊤, with bk defined analogously.

In addition to the above intra-sample calibration, we further perform inter-sample adaptation. We
compute a relevance weight for each retrieved sample:

αk = softmax
(
sk + d−1/2 ⟨H̄q, H̄

k
r ⟩
)
, (5)

where H̄q, H̄
k
r ∈ RN×d are temporally aggregated representations obtained via temporal convolu-

tion [32] followed by pooling. The Frobenius inner product ⟨·, ·⟩ quantifies the similarity between
the query and retrieved representations, while sk provides a retrieval-based prior. Unlike directly
normalizing retrieval similarity, the query-conditioned weighting is not solely determined by historical
similarity, allowing the model to adaptively adjust the contributions of retrieved samples. Using these
relevance weights, the base predictive mean of memory-calibrated probabilistic branch is computed
as a weighted aggregation of calibrated targets µmem =

∑K
k=1 αkX̃

k

P .

To capture uncertainty, we relate the predictive variance to both representation features and memory
dispersion C = Vark({Xk

P }Kk=1) ∈ RT×N×F . Intuitively, larger dispersion indicates greater
variability among retrieved targets, implying higher uncertainty over possible future outcomes. Based
on this, the base variance is estimated as:

σmem = Softplus
(
fσ(Hq,Hr) + fc(C)

)
, (6)

where Hr =
∑K

k=1 αkH
k
r denotes the aggregated retrieved representation, fσ and fc are imple-

mented as lightweight MLPs.

To better capture the inherent heterogeneity of spatiotemporal forecasting, we parameterize the
predictive distribution of the memory-calibrated probabilistic branch as a Gaussian mixture [33]:

pmem(XP | XH) =

Imem∑
i=1

πi N
(
XP ;µmem +∆µi, (σmem +∆σi)

2
)
, (7)
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where the base terms µmem and σmem provide a retrieval-based prior, while the residual terms ∆µi
and ∆σi enable flexible refinement for each component. The mixture weights πi and the residual
parameters ∆µi,∆σi are predicted from the memory context (Hq,Hr). In addition to providing
expressive distribution modeling, the mixture formulation also facilitates the subsequent probabilistic
fusion between branches, since the gate-weighted combination of branch-wise mixtures naturally
forms a unified hierarchical Gaussian mixture distribution.

4.4 Deviation-Aware Probabilistic Branch

The deviation-aware probabilistic branch is designed for scenarios where retrieved patterns become
less reliable under severe distribution shifts. In such cases, retrieved targets may no longer accurately
represent future evolution, while deviations between current observations and historical patterns
become informative for characterizing shift dynamics. Therefore, instead of directly reusing retrieved
targets, this branch predicts from current observations and leverages deviations from retrieved patterns
as residual corrections.

Similar to the memory-calibrated probabilistic branch, we encode the current observation and
retrieved observations into spatiotemporal representations Hq and {Hk

r}Kk=1, via an encoder which
is independent of that in the memory-calibrated probabilistic branch. The retrieved representations
are then aggregated by similarity weights as Hr =

∑K
k=1 skH

k
r , yielding a reference representation

that summarizes historical patterns relevant to the current observation.

To quantify the deviation between the current observation and the retrieved reference representation,
we construct a deviation representation based on their feature differences and interactions. Specifically,
we define

D = ϕ([Hq −Hr, Hq ⊙Hr]), (8)
where [·, ·] denotes concatenation, and ϕ(·) is implemented as MLPs that maps the combined features
to a compact deviation representation. Based on D, the base predictive mean and variance of the
deviation-aware probabilistic branch are defined as

µdev = fµ(Hq) + fd
µ(D), σdev = Softplus(fσ(Hq)) + fd

σ(D), (9)

where fµ(Hq) and fσ(Hq) model the primary prediction from the current observation, while fd
µ(D)

and fd
σ(D) provides deviation-aware adjustments. This residual design enables the model to adapt

its prediction and uncertainty according to deviations from historical patterns.

Finally, similar to the memory-calibrated probabilistic branch, the deviation-aware probabilistic
branch also outputs a Gaussian mixture distribution:

pdev(XP | XH) =

Idev∑
i=1

πi N
(
XP ;µdev +∆µi, (σdev +∆σi)

2
)
. (10)

Compared with the memory-calibrated probabilistic branch, the deviation-aware probabilistic branch
requires more mixture components because it cannot directly rely on retrieved targets to provide
structured future patterns. Under severe distribution shift, the model must infer possible future
evolutions from deviations between current observations and historical patterns, which generally
introduces greater ambiguity in future evolution. Additional mixture components therefore improve
the capacity of the branch to model heterogeneous uncertainties and diverse future outcomes.

4.5 Shift-Adaptive Probabilistic Fusion

Since the two probabilistic branches of REMIND are designed for different shift regimes, their
contributions should adapt according to the degree of distribution shift. To achieve this, we introduce
a shift-adaptive probabilistic fusion module that dynamically balances the two branches based on
retrieval similarity s and memory dispersion C. These signals provide complementary indicators of
distribution shift and guide adaptive probabilistic fusion under varying shift conditions.

Intuitively, retrieval similarity s reflects how well the current observation is supported by historical
patterns. Higher similarity generally indicates that the current observation remains closer to the
training distribution, making retrieved targets more reliable for prediction. In contrast, memory
dispersion C characterizes the variability among retrieved targets. Even when retrieved observa-
tions are historically similar, their corresponding targets may still exhibit diverse future evolutions,

6
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Figure 2: Empirical analysis of retrieval similarity and memory dispersion under distribution shift on
the CAMELS dataset. We analyze their relationships with error (MAE/MAPE) between retrieved
targets and ground-truth future targets, error variance, and their pairwise correlation.

resulting in larger dispersion. This suggests weaker consensus in historical support and potentially
greater uncertainty under distribution shift. Therefore, s and C provide complementary signals for
characterizing distribution shift and guiding adaptive probabilistic fusion.

From a statistical perspective, the historical observation-target pairs in the memory bank can be viewed
as samples from a joint distribution, which can be factorized as p(XH ,XP ) = p(XH)p(XP | XH).
Retrieval similarity s can indicate how well the current observation aligns with historical samples
from the marginal distribution p(XH), while memory dispersion C can reflect the variability of the
conditional distribution p(XP | XH) in the neighborhood of the current observation. These two
statistics thus provide complementary evidence for guiding adaptive probabilistic fusion.

Empirical analysis further confirms the effectiveness of retrieval similarity s and memory dispersion
C as indicators of distribution shift, as shown in Fig. 2. Overall, lower similarity and larger dispersion
are associated with larger forecasting errors and larger error variance, indicating weaker historical
support under distribution shift. Moreover, the relationship between the two signals remains relatively
dispersed, suggesting that they capture different aspects of distribution shift. These observations
support the use of both s and C for adaptive probabilistic fusion.

Motivated by the above observations, we compute the shift-adaptive gate:

g = Sigmoid (fg([s̄, s1,C,D])) , (11)

where s̄ and s1 denote the average and top-1 retrieval similarities, respectively. C is defined in
Sec.4.3, while deviation D is defined by Eq.8. Here, D complements s by modeling deviation
patterns between current observations and historical patterns.

To guide the shift-adaptive gate toward shift-consistent behavior, we impose soft regularization using
s and C. First, we encourage the gate g to increase with higher retrieval similarity s:

Lsim = −E [s log g + (1− s) log(1− g)] . (12)

For memory dispersion C, we introduce a complementary regularization term Ldis, which shares the
same form as Lsim and encourages lower gate values under larger dispersion. These regularizations
provide soft directional guidance for gate optimization rather than enforcing hard constraints.

Based on the learned shift-adaptive gate g, the final predictive distribution is obtained via a weighted
combination of the branch-wise Gaussian mixtures defined in Eqs.7 and10:

p(XP |XH) = g ⊙ pmem(XP |XH) + (1− g)⊙ pdev(XP |XH). (13)

This formulation establishes a hierarchical Gaussian mixture, enabling REMIND to jointly model
intra-branch multimodality and cross-branch adaptive fusion. From a probabilistic perspective, the
resulting predictive variance can be decomposed as

Var[XP ] = g σ̄2
mem + (1− g) σ̄2

dev + g(1− g)
(
µ̄mem − µ̄dev

)2
, (14)

where (̄·) denotes the branch-wise aggregated means and variances of the corresponding Gaussian
mixtures. This formulation shows that the final predictive uncertainty depends on both inner-branch
uncertainty, characterized by the first two terms, and cross-branch disagreement, captured by the last
term. Detailed derivation is provided in App. A.
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Figure 3: Distribution on ENERGY.

Table 4: Comparison with distribution shift methods.

Metric ShiftTS STONE TFPS STRAP REMIND

MAE 9.51±0.18 8.85±0.16 9.16±0.17 8.95±0.15 8.73±0.14
RMSE 34.67±0.62 33.81±0.58 34.35±0.60 34.33±0.57 32.26±0.55
MAPE 27.24±0.85 28.05±0.92 27.23±0.88 29.85±1.05 25.30±0.80

4.6 Training Objective and Memory Perturbation

The model is trained using the negative log-likelihood (NLL) of the predictive distribution:

LNLL = −E [log p(XP | XH)] . (15)

We further derive the explicit form of the negative log-likelihood under the hierarchical Gaussian
mixture by expanding the two-level mixture into a unified mixture (see App. A).

Following the gate regularization terms introduced in Eq. 12, the overall objective is defined as:

L = LNLL + λ(Lsim + Ldis). (16)

To further improve generalization under distribution shift, we adopt a memory perturbation training
scheme to prevent the model from over-relying on highly confident retrievals. Specifically, we
randomly attenuate the memory gate as g̃ = ρ · g with ρ ∼ Uniform(1 − p, 1), which serves as a
soft memory dropout. Here, p ∈ [0, 1] controls the degree of attenuation. In addition, we perturb the
retrieved observations and targets as

X̃
k

H = Xk
H + (1− ρ) ϵH , X̃

k

P = Xk
P + (1− ρ) ϵP , (17)

where ϵH , ϵP ∼ N (0, σ2
ϵ I) denote independent Gaussian noise. These perturbations simulate

imperfect retrieval and weak-support scenarios that are more likely to occur under distribution
shift, where retrieval similarity is generally lower than in training data. By exposing the model to
degraded memory conditions during training, REMIND is encouraged to reduce over-reliance on
highly confident retrievals and improve generalization under challenging shift conditions.

5 Experiments
5.1 Experimental Settings
Datasets and Metrics. We conduct experiments on three real-world spatiotemporal datasets, namely
CAMELS [34], PEMS [35], and ENERGY [36], which cover hydrology, transportation, and energy
domains. These datasets span diverse temporal and spatial resolutions and cover long observation
periods, leading to pronounced distribution shifts, as shown in Fig. 3. We evaluate REMIND using
both deterministic forecasting metrics, including MAE, RMSE, and MAPE, and probabilistic metrics,
including CRPS [37] and the Energy Score (ES) [9]. (Details in App. C.1 and C.2)
Baselines. We compare REMIND with eight advanced probabilistic forecasting methods across the
two categories defined above. The parametric distribution models include DeepAR [8], LODE [24],
DER [22], and SDER [23]. The generative distribution models include PriSTI [25], DiffSTG [10],
STGNF [9], and STMPN [26]. In addition, we compare REMIND with distribution shift methods,
including ShifTS [20], STONE [27], TFPS [15], and STRAP [5]. As these methods are deterministic
and do not model predictive uncertainty, the comparison is conducted using deterministic metrics.
Implementation Details. All datasets are split into training, validation, and test sets with a ratio of
6:2:2, and Z-score normalization is applied using training statistics. The model predicts the next 12
time steps based on the previous 12 observations. We adopt the Adam optimizer [38] with an initial
learning rate of 1e−4. For fair comparison, baseline hyperparameters are carefully tuned around
their recommended or default settings. All results are averaged over three runs with different random
seeds. Additional implementation details settings are provided in App. C.3.

5.2 Performance Comparison

As shown in Tab. 1, REMIND achieves the best performance across all datasets and evaluation metrics.
Compared with conventional parametric models, REMIND improves distributional expressiveness
through the hierarchical Gaussian mixture while retaining the efficiency of likelihood-based prediction.
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Table 1: Overall performance comparison. The best is bold and the second best is underlined.

Dataset Metric DeepAR LODE DER SDER PriSTI DiffSTG STGNF STMPN REMIND

CAMELS

MAE 9.85 10.52 9.68 9.32 9.05 8.93 8.96 9.23 8.73
RMSE 38.95 34.87 38.73 37.95 36.84 34.12 35.93 35.93 32.26
MAPE 29.53 45.14 37.85 38.24 35.65 30.96 29.47 34.25 25.30
CRPS 0.3611 0.3252 0.4210 0.3056 0.2955 0.3028 0.2818 0.2577 0.2232

ES 28.73 31.27 36.99 27.67 28.18 27.46 26.46 29.86 26.04

PEMS

MAE 19.82 21.45 20.25 19.64 19.38 19.13 18.55 17.91 16.63
RMSE 32.95 34.82 33.42 32.64 32.10 31.75 30.52 29.28 26.88
MAPE 20.85 23.93 22.10 21.66 20.31 20.98 19.46 18.60 17.76
CRPS 0.0942 0.0985 0.1013 0.0915 0.0906 0.0898 0.0887 0.0868 0.0854

ES 520.75 560.48 548.93 505.37 502.85 498.69 472.92 486.53 453.21

ENERGY

MAE 2.12 2.45 2.25 2.18 2.05 2.08 1.93 2.30 1.72
RMSE 3.95 3.62 3.98 3.85 3.23 3.88 2.95 4.77 2.39
MAPE 24.84 28.97 27.60 26.95 25.41 24.74 23.17 25.51 21.49
CRPS 0.1628 0.1452 0.1745 0.1397 0.1345 0.1218 0.1372 0.1437 0.1027

ES 19.66 20.85 21.48 19.12 18.97 18.10 19.23 20.72 16.92

Table 2: Ablation study on core architecture.
Variant MAE RMSE MAPE CRPS ES

w/o Mem 2.90 4.03 46.29 0.1664 27.25
w/o Dev 3.12 4.14 46.75 0.1935 30.43
w/o Gate 3.01 4.09 48.48 0.1932 30.67
REMIND 1.72 2.39 21.49 0.1027 16.92

Table 3: Ablation study on key mechanisms.
Variant MAE RMSE MAPE CRPS ES

w/o MD 2.06 2.85 30.38 0.1268 19.63
w/o MP 1.78 2.47 23.28 0.1050 17.29
w/o GM 1.74 2.41 21.73 0.1173 19.57
REMIND 1.72 2.39 21.49 0.1027 16.92

Although generative methods provide stronger distribution modeling capacity, they do not estimate
historical support. In contrast, REMIND leverages retrieval as shift signals to adaptively balance
memory reuse and deviation-aware prediction, leading to better generalization under distribution shift.
We further compare REMIND with representative distribution shift methods in Tab. 4. Although these
baselines mainly focus on deterministic prediction, REMIND still achieves the best performance
on CAMELS. The results demonstrate that characterizing shift degree and adaptively adjusting
prediction strategies are more effective than a fixed adaptation strategy to all samples.

5.3 Ablation Study
Tabs.2 and3 report two groups of ablation studies on ENERGY. Removing the memory-calibrated
probabilistic branch (Mem), deviation-aware probabilistic branch (Dev), or shift-adaptive gate (Gate)
all leads to clear performance degradation, confirming that REMIND relies on the cooperation
of retrieval reuse, deviation-aware prediction, and adaptive fusion. Among these components,
removing the Dev causes the largest degradation, highlighting the importance of modeling deviations
from historical patterns under strong distribution shift. The gate is also critical, showing that
continuously varying shift conditions cannot be handled by static fusion. We further analyze several
key mechanisms, including memory dispersion (MD), memory perturbation (MP), and Gaussian
mixture modeling (GM). All three contribute to the final performance. In particular, removing
memory dispersion causes the largest drop, supporting its role as an indicator of retrieval reliability
under distribution shift. Memory perturbation improves robustness by reducing over-reliance on
highly confident retrieval during training, while Gaussian mixture modeling improves probabilistic
quality by better capturing diverse future modes.

5.4 Hyperparameter Study
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Figure 4: Hyperparameter sensitivity on ENERGY.
Fig. 4 presents the hyperparameter analysis of REMIND. The results for Imem and Idev are consistent
with the design of the hierarchical Gaussian mixture: the memory-calibrated probabilistic branch
requires fewer components because retrieved targets already provide structured future patterns, while
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Table 5: Memory dispersion analysis on ENERGY. We select the top third of test samples by retrieval
similarity and divide them into three groups based on the tertiles of C.

Memory branch Deviation branch Mean g REMIND
Dispersion MAE / CRPS MAE / CRPS MAE / CRPS
Low 1.38 / 0.0795 1.52 / 0.0860 0.91 1.35 / 0.0780
Medium 1.60 / 0.0925 1.57 / 0.0910 0.66 1.52 / 0.0875
High 1.92 / 0.1110 1.83 / 0.1045 0.38 1.78 / 0.0994

the deviation-aware probabilistic branch benefits from more components to model diverse future
evolutions under severe distribution shift. In addition, the hyperparameter analysis of λ indicates that
the gate benefits from soft shift-guided regularization without being overly constrained.

5.5 Gate Behavior Analysis

(a) (b)

Figure 5: (a) Box plots of learned gate values across retrieval similarity and memory dispersion levels.
(b) Pearson and Spearman correlations among learned gate values and these two signals.
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Figure 6: Branch performance and memory reliance across MMD2 groups on ENERGY.

We analyze whether the gate responds to retrieval similarity and memory dispersion, and adjusts
branch contributions accordingly under distribution shift.

Fig. 5 shows that the gate generally assigns greater memory weight at higher retrieval similarity
and lower memory dispersion. This relationship is not strictly monotonic, especially for dispersion,
consistent with flexible weighting that combines both signals under soft regularization.

Fig. 6 groups ENERGY test samples into tertiles by squared maximum mean discrepancy (MMD2),
computed for each sample against the training data using a Gaussian kernel. Higher MMD2 indicates
greater distribution shift. The memory branch performs better under milder shifts, whereas the
deviation branch performs better under stronger shifts, accompanied by decreasing memory weights.
Fusion achieves the lowest MAE in all groups and improves or matches both branches in CRPS.

Table 5 further examines samples with high retrieval similarity. As dispersion increases, the better-
performing branch shifts from memory to deviation, and the gate accordingly reduces memory weight,
demonstrating the role of memory dispersion in assessing retrieval reliability beyond similarity alone.
Fusion consistently outperforms both branches, highlighting their complementary strengths and the
effectiveness of adaptive fusion.

6 Conclusion
We propose REMIND, a retrieval-guided probabilistic framework for spatiotemporal forecasting. By
leveraging retrieval as shift degree signals, REMIND adaptively balances memory reuse and deviation
aware prediction, improving the generalization of probabilistic forecasting under distribution shift.
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A Derivation of the Hierarchical Gaussian Mixture

In this appendix, we provide a detailed derivation of the hierarchical Gaussian mixture introduced
in the Distribution Aware Fusion section of the main paper. We first show that the gate-weighted
combination of the two branch-wise mixtures is itself a flat Gaussian mixture, then derive its predictive
mean and variance, and finally write out the explicit form of the negative log-likelihood used as the
training objective.

Notational conventions. The trust gate g ∈ [0, 1]T×N×F used in the gate-weighted fusion is
applied element-wise, as are all branch-level parameters (µmem,σmem), (µdev,σdev), and the per-
component residuals (∆µi,∆σi). Consequently, the predictive distribution p(XP | XH) factorizes
element-wise across spatial, temporal, and feature indices, and every quantity below is to be read as
one such scalar entry. With this convention, we suppress the conditioning input XH and the indices
t, n, f throughout the derivation. The multivariate spatiotemporal case follows directly by stacking
the per-element results. Two notational points are worth emphasizing to avoid clashes with the main
paper. First, σmem

i = σmem +∆σmem
i denotes a component-level standard deviation. Second, we

use σ̄2
mem to denote the branch-level predictive variance of pmem. These two quantities are different

objects and should not be conflated.

A.1 From a Hierarchical Mixture to a Flat Mixture

Recall from the main paper that the memory-calibrated branch and the deviation-aware branch are
parameterized as Gaussian mixtures with Imem and Idev components, respectively:

pmem(XP | XH) =

Imem∑
i=1

πmem
i N

(
XP

∣∣µmem
i , (σmem

i )2
)
, (18)

pdev(XP | XH) =

Idev∑
j=1

πdev
j N

(
XP

∣∣µdev
j , (σdev

j )2
)
, (19)

where, consistent with the main paper,

µmem
i = µmem +∆µmem

i , σmem
i = σmem +∆σmem

i , (20)

µdev
j = µdev +∆µdev

j , σdev
j = σdev +∆σdev

j , (21)

and the component weights satisfy
∑Imem

i=1 πmem
i = 1 and

∑Idev
j=1 π

dev
j = 1.

Substituting Eq. (18) and Eq. (19) into the gate-weighted fusion p(XP | XH) = g pmem + (1 −
g) pdev defined in the main paper yields

p(XP | XH) = g pmem(XP | XH) + (1− g) pdev(XP | XH)

=

Imem∑
i=1

g πmem
i N

(
XP

∣∣µmem
i , (σmem

i )2
)

+

Idev∑
j=1

(1− g)πdev
j N

(
XP

∣∣µdev
j , (σdev

j )2
)
.

(22)

Eq. (22) shows that the hierarchical mixture is equivalent to a flat Gaussian mixture with Imem+ Idev
components, whose effective mixing weights are

π̃i = g πmem
i (i = 1, . . . , Imem), π̃Imem+j = (1− g)πdev

j (j = 1, . . . , Idev). (23)

The effective weights remain a valid probability distribution, since
Imem∑
i=1

g πmem
i +

Idev∑
j=1

(1− g)πdev
j = g + (1− g) = 1. (24)

This flattening view is convenient for analysis and for evaluating the log-likelihood, while the
hierarchical view of the gate-weighted fusion is more interpretable. The inner level captures intra-
branch multimodality, and the outer level captures distribution-aware adaptation between the two
branches.
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A.2 Predictive Mean

We first compute the branch-level predictive mean of each branch from its own mixture in Eq. (18)
and Eq. (19). To distinguish these from the component-level means µmem

i ,µdev
j , we denote them

with a bar:

µ̄mem ≜ Epmem
[XP ] =

Imem∑
i=1

πmem
i µmem

i , µ̄dev ≜ Epdev
[XP ] =

Idev∑
j=1

πdev
j µdev

j . (25)

Taking the expectation over the flat mixture in Eq. (22) and using linearity, the overall predictive
mean becomes a gate-weighted combination of the two branch means:

E[XP ] = g µ̄mem + (1− g) µ̄dev. (26)

A.3 Predictive Variance

For the variance, we again work at the branch level. We define the branch-level predictive variance
as σ̄2

mem ≜ Varpmem [XP ] and analogously for the deviation branch. This is an aggregate quantity
over all Imem components and should not be confused with any single (σmem

i )2. Using the standard
identity Var[Z] = E[Z2]− (E[Z])2 for a mixture, we obtain

σ̄2
mem =

Imem∑
i=1

πmem
i

[
(σmem

i )2 + (µmem
i )2

]
− µ̄2

mem, (27)

σ̄2
dev =

Idev∑
j=1

πdev
j

[
(σdev

j )2 + (µdev
j )2

]
− µ̄2

dev. (28)

Applying the same identity to the flat mixture in Eq. (22) gives

Var[XP ] = g
(
σ̄2

mem + µ̄2
mem

)
+ (1− g)

(
σ̄2

dev + µ̄2
dev

)
−
(
g µ̄mem + (1− g) µ̄dev

)2
. (29)

Expanding the square and collecting terms yields the following more interpretable decomposition:

Var[XP ] = g σ̄2
mem + (1− g) σ̄2

dev + g(1− g)
(
µ̄mem − µ̄dev

)2
. (30)

Eq. (30) decomposes the predictive uncertainty into two sources. The first term is a gate-weighted
average of the within-branch mixture variances and reflects how uncertain each branch is on its
own. The second term captures the discrepancy between the memory-calibrated and deviation-aware
branch means. It increases when the two branches disagree and reaches its largest value when the
gate is most ambivalent, namely when g → 1

2 . As a result, the model reports higher uncertainty in
the transitional regime between in-distribution and out-of-distribution inputs even when each branch
is individually confident.

A.4 Explicit Form of the Negative Log-Likelihood

We now derive the explicit form of the negative log-likelihood referenced in the Training Objective
section of the main paper namely the unified mixture form introduced after the definition of LNLL.
Substituting Eq. (22) directly into LNLL = −E[log p(XP | XH)] gives

LNLL = −E

[
log

(
Imem∑
i=1

g πmem
i N

(
XP

∣∣µmem
i , (σmem

i )2
)

+

Idev∑
j=1

(1− g)πdev
j N

(
XP

∣∣µdev
j , (σdev

j )2
)) .

(31)

For numerical stability, we evaluate Eq. (31) with the log-sum-exp trick. Let π̃k and
(
µ̃k, σ̃

2
k

)
denote the effective weight and parameters of the k-th component of the flat mixture, where k =
1, . . . , Imem + Idev. These quantities are defined in Eq. (23). Then

LNLL = −E
[
LSEk

(
log π̃k − 1

2 log
(
2πσ̃2

k

)
− (XP−µ̃k)

2

2σ̃2
k

)]
, (32)
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where LSEk(·) ≜ log
∑

k exp(·). Combining this with the auxiliary similarity- and dispersion-aware
regularizers introduced in the main paper gives the full training objective L = LNLL+λ(Lsim+Ldis).
Setting g ∈ {0, 1} in Eq. (26) and Eq. (30) reduces the model to a single-branch mixture, and setting
Imem = Idev = 1 reduces it to a single-Gaussian forecaster.

B Discussion of Spatiotemporal Retrieval
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Figure 7: Four levels of spatiotemporal retrieval.

Let D = {(Xi
H ,Xi

P )}Ri=1 denote a memory bank of R historical observation-target pairs. In an ideal
spatiotemporal retrieval mechanism, given a query observation Xq

H , the system aims to rapidly and
efficiently retrieve the top K most similar samples Dret = {Xk

H ,Xk
P , sk}Kk=1, where sk denotes

the similarity score between Xq
H and Xk

H .

Retrieving spatiotemporal data is non-trivial due to the entanglement of spatial and temporal dimen-
sions. Accordingly, spatiotemporal retrieval can be formulated at four levels: global spatiotemporal
matching, node-wise temporal matching, time-wise spatial matching, and point-wise matching.
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Table 6: Comparison of different spatiotemporal retrieval strategies.
CAMELS ENERGY PEMS

Method MAE MAPE Time MAE MAPE Time MAE MAPE Time

Global 11.73 43.65 1.53 8.85 109.76 920.53 27.27 43.54 11407.35
Node-wise 10.87 36.40 3.90 7.96 104.70 3569.83 19.29 28.12 21179.26
Time-wise 14.00 58.26 7.15 8.76 108.58 467.50 27.41 44.42 4526.34
Point-wise 16.09 60.87 8.66 10.97 139.52 1239.79 41.72 53.20 15527.86

Ours 10.92 37.81 1.83 8.04 104.02 957.53 19.02 27.93 12377.27

Global spatiotemporal matching preserves overall structure with high efficiency but enforces strict
temporal alignment across nodes. In contrast, node-wise temporal matching retrieves patterns inde-
pendently for each node based on its temporal dynamics, enabling more flexible and fine-grained
retrieval, but requiring independent matching for each node and thus increasing computational cost.
Meanwhile, time-wise spatial matching disrupts temporal continuity, and point-wise matching ignores
global spatiotemporal structure, limiting their ability to capture coherent spatiotemporal patterns.

Retrieving spatiotemporal data is challenging due to the strong coupling between spatial and temporal
dependencies. Depending on how spatial and temporal structures are matched, spatiotemporal
retrieval can be categorized into four levels: global spatiotemporal matching, node-wise temporal
matching, time-wise spatial matching, and point-wise matching.

Global spatiotemporal matching treats the entire observation sequence as a unified spatiotemporal
pattern and retrieves historical samples according to overall similarity. Given M historical sam-
ples and flattened feature dimension D = T × N × F , its retrieval complexity is approximately
O(MD) for each query sample. This strategy preserves global structure and achieves high retrieval
efficiency because matching is performed only once at the sample level. However, it enforces strict
temporal alignment across all nodes, making it difficult to capture local temporal misalignment and
heterogeneous regional dynamics under distribution shift.

Node-wise temporal matching retrieves historical patterns independently for each node based on
temporal dynamics. For each query node, retrieval is performed against node-level candidates,
resulting in a complexity of approximately O(NMDt), where Dt = T × F denotes the temporal
feature dimension for each node. Compared with global retrieval, this strategy relaxes strict node-level
temporal alignment and enables more flexible reuse of local historical patterns, especially when
different regions evolve asynchronously. This property is particularly important under distribution
shift, where different spatial regions may shift at different times, such as localized traffic peaks caused
by large events or regional disturbances. However, the independent retrieval process for each node
substantially increases both computational and memory costs as the number of nodes grows.

Time-wise spatial matching performs retrieval independently at each time step based on spatial
configurations. Although this strategy can model instantaneous spatial similarity, it breaks temporal
continuity and may retrieve temporally inconsistent fragments from unrelated periods. For example,
two observations with similar instantaneous values may correspond to completely different temporal
states, such as rising and declining phases of system dynamics. As a result, coherent temporal
evolution patterns are difficult to preserve.

Point-wise matching performs retrieval at the individual spatiotemporal point level. This strategy
provides maximum flexibility and the finest retrieval granularity, but completely ignores higher-level
spatiotemporal structure. Consequently, retrieved points may lack semantic consistency and fail to
represent meaningful system-level dynamics.

Based on these observations, REMIND adopts a coarse-to-fine spatiotemporal retrieval strategy that
combines global spatiotemporal retrieval with node-wise temporal retrieval. The first stage efficiently
identifies globally relevant historical contexts, while the second stage refines local temporal matching
and improves retrieval diversity under heterogeneous distribution shift. In the second stage, retrieval is
further allowed across physically connected neighbors and statistically correlated nodes. This design
is motivated by the spatial dependency and propagation characteristics of spatiotemporal systems:
state transitions occurring at one node may gradually influence neighboring regions, allowing the
model to capture relevant temporal dynamics from nearby nodes in advance. In addition, cross-node
retrieval increases retrieval diversity and reduces over-reliance on exact node-level matches. However,
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Table 7: Detailed statistics of datasets.
Dataset Domain #Nodes #Steps Resolution Time Span Feature

CAMELS Hydrology 7 12699 1 day 1980-01-01 – 2014-10-07 Flow
PEMS Traffic 581 106848 5 min 2011–2017 (07-10 to 08-31) Flow
ENERGY Energy 103 34560 10 min 240 days Wind speed

retrieval is not performed across all nodes, since unrestricted matching would substantially increase
computational cost and may introduce misleading patterns from spatially unrelated regions with
significantly different dynamics.

As shown in Tab. 6, different retrieval strategies exhibit clear trade-offs between retrieval quality and
computational efficiency. Global retrieval achieves the highest efficiency but suffers from limited
flexibility due to strict temporal alignment across nodes. Node-wise retrieval substantially improves
forecasting performance by enabling more flexible local temporal matching, but incurs significantly
higher computational cost because retrieval must be performed independently for each node. Time-
wise and point-wise retrieval both perform worse, confirming that breaking temporal continuity
or ignoring higher-level spatiotemporal structure weakens the ability to capture coherent system
dynamics. Overall, the proposed coarse-to-fine retrieval strategy achieves the best balance between
retrieval quality and efficiency by combining globally consistent retrieval with locally adaptive
refinement.

C Experimental Supplementary

C.1 Datasets

CAMELS [34], PEMS [35], and ENERGY [39, 36] are three real-world spatiotemporal datasets from
hydrology, transportation, and energy domains, respectively. As shown Tab. 7, CAMELS contains
daily streamflow observations from 7 basins over a long time span from 1980 to 2014, capturing
long-term hydrological variability. In this work, we extract data from Basin 13 for evaluation.
PEMS consists of traffic flow data collected at 5-minute intervals over 7 years from 581 sensors,
reflecting strong spatiotemporal dynamics. ENERGY includes wind speed measurements at 10-
minute resolution over 240 days from 103 locations, representing high-frequency variations in energy
systems. As the monitored locations vary over time, we retain only those shared across the entire
observation period for both datasets to ensure spatial consistency.

These datasets exhibit diverse temporal and spatial resolutions from minutes to days and long
observation horizons, leading to pronounced distribution shifts across time and conditions, which
pose significant challenges for reliable probabilistic forecasting.

C.2 Metrics

We evaluate REMIND by standard deterministic metrics, including MAE, RMSE, and MAPE, and
uncertainty metrics, including Continuous Ranked Probability Score (CRPS) [37] and the Energy
Score (ES) [9].

Continuous Ranked Probability Score (CRPS). CRPS is a proper scoring rule for evaluating
probabilistic forecasts by measuring the discrepancy between the predicted cumulative distribution
function and the observed value. It evaluates the entire predictive distribution rather than a single
point estimate.

CRPS(F, x) =
∫ ∞

−∞

[
F (z)− I{x ≤ z}

]2
dz, (33)

where, F (z) denotes the predicted cumulative distribution function, x is the ground-truth observation,
I{·} is the indicator function.

In practice, CRPS is approximated using a finite set of quantiles Q = {0.05, 0.10, . . . , 0.95}:

CRPS(ytrue, ypred) =
1

|Q|
∑
q∈Q

Lq(ytrue, y
pred
q )∑

|ytrue|
, (34)
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Lq(ytrue, y
pred
q ) = 2

∑∣∣(ypred
q − ytrue) · (I[ytrue ≤ ypred

q ]− q)
∣∣, (35)

where, ytrue is the ground-truth value, ypred denotes predictive samples, ypred
q is the predicted q-th

quantile, Lq(·) is the pinball loss, |Q| is the number of quantile levels.

Lower CRPS indicates better alignment between the predicted distribution and the ground truth.

Energy Score (ES). ES is a multivariate proper scoring rule derived from the energy distance,
designed for evaluating probabilistic forecasts in high-dimensional and spatiotemporal settings. It
simultaneously measures forecast accuracy and predictive dispersion.

ES = E
[
||ypred − ytrue||2

]
− 1

2
E
[
||y(1)pred − y

(2)
pred||2

]
, (36)

where, ypred denotes predictive samples drawn from the forecast distribution, ytrue is the ground-truth
observation, || · ||2 is the ℓ2 norm over the spatial dimension, y(1)pred and y

(2)
pred are two independent

samples from the predictive distribution.

The first term measures the expected distance between predictions and observations (accuracy), while
the second term captures the diversity among predictive samples (uncertainty representation). Lower
ES values indicate more accurate and well-calibrated probabilistic forecasts.

C.3 Implementation Details.

All experiments are implemented in PyTorch 2.4.0 and conducted on an NVIDIA GeForce RTX A4000
GPU. For each dataset, baseline hyperparameters are carefully tuned around their recommended or
default settings to ensure optimal performance. All results are averaged over three runs with different
random seeds. All datasets are split into training, validation, and test sets with a ratio of 6:2:2, and
Z-score normalization is applied. The model predicts the next 12 time steps based on the previous 12
observations. We adopt the Adam optimizer [38] with a batch size of 12 and an initial learning rate
of 1e−4. The hidden dimension is set to 64, and the memory perturbation strength is set to 0.2. The
number of retrieved samples K, the numbers of Gaussian components Imem and Idev, and the loss
hyperparameter λ are determined via hyperparameter tuning.

C.4 Additional Comparison with Distribution Shift Methods

Table 8: Comparison with Distribution Shift Methods on PEMS
Metric ShiftTS STONE TFPS STRAP REMIND

MAE 16.84±0.21 18.65±0.28 17.29±0.23 16.60±0.20 16.63±0.19
RMSE 27.82±0.35 30.53±0.42 30.31±0.40 26.32±0.34 26.88±0.32
MAPE 18.00±0.48 21.21±0.65 17.69±0.46 20.24±0.55 17.76±0.44

Table 9: Comparison with Distribution Shift Methods on ENERGY
Metric ShiftTS STONE TFPS STRAP REMIND

MAE 1.76±0.03 2.35±0.04 1.96±0.03 2.77±0.05 1.72±0.03
RMSE 2.43±0.04 2.93±0.05 2.49±0.04 3.75±0.06 2.39±0.04
MAPE 23.82±0.55 23.51±0.58 22.16±0.50 26.28±0.70 21.49±0.48

Tabs. 8 and 9 provide additional comparisons with deterministic distribution shift methods on PEMS
and ENERGY. REMIND remains highly competitive across both datasets, achieving the best or
near-best deterministic performance while also preserving probabilistic forecasting capability. On
ENERGY, REMIND consistently outperforms the compared shift-aware baselines, showing that its
adaptive memory usage is effective under high-frequency dynamics where retrieved patterns can vary
substantially over time.

On PEMS, REMIND performs on par with the strongest deterministic baseline and achieves the best
result on one of the reported metrics. This is a strong result because the competing methods are
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specifically optimized for point prediction under distribution shift, whereas REMIND additionally
learns predictive uncertainty. The comparison suggests that modeling uncertainty and adapting
memory reliance can provide a more stable forecasting strategy under non-stationary traffic patterns.

C.5 Additional Ablation Study

Table 10: Ablation study on core architecture.
Variant MAE RMSE MAPE CRPS ES

w/o Mem 9.51 33.19 32.04 0.2992 32.75
w/o Dev 9.15 32.83 28.61 0.2309 26.79
w/o Gate 9.29 32.56 31.53 0.2439 29.01
REMIND 8.73 32.26 25.30 0.2232 26.04

Table 11: Ablation study on key mechanisms.
Variant MAE RMSE MAPE CRPS ES

w/o MD 8.93 32.30 28.04 0.2546 30.06
w/o MP 8.86 32.29 27.21 0.2494 29.49
w/o GM 8.83 32.35 26.03 0.2405 28.20
REMIND 8.73 32.26 25.30 0.2232 26.04

Tabs. 10 and 11 report additional ablation results on CAMELS. The trends are consistent with
the ENERGY ablations in the main paper: removing any core component weakens performance,
confirming that the memory branch, deviation branch, and gate each play a necessary role. The
memory branch is especially important for probabilistic quality on CAMELS, where long-term
hydrological patterns can provide useful historical support but still require careful calibration. The
deviation-aware branch and gate further improve robustness by preventing the model from blindly
trusting retrieved futures when the current basin dynamics differ from historical patterns.

The detailed ablations also support the effectiveness of the proposed mechanisms. Memory disper-
sion(MD) provides an explicit measure of retrieval reliability and improves uncertainty estimation.
Memory perturbation(MP) encourages the model to tolerate imperfect memory and reduces sensitivity
to retrieval errors. The Gaussian mixture(GM) improves both accuracy and calibration by allowing
the predictive distribution to represent multiple plausible hydrological responses. These results
show that the gains of REMIND do not come from a single module, but from combining retrieval,
shift-aware fusion, and flexible probabilistic modeling.

C.6 Additional Hyperparameter Study
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Figure 8: Hyperparameter sensitivity on CAMELS.

Fig. 8 shows the hyperparameter sensitivity on CAMELS. The overall trends are similar to ENERGY.
A moderate top-K value performs best because it retrieves enough historical support without in-
troducing excessive irrelevant memory. Too few retrieved samples make the prediction depend on
narrow evidence, while too many samples dilute the relevance of the memory bank and increase
inconsistency among retrieved futures.

For the Gaussian mixture configuration, the memory-calibrated branch prefers a compact number of
components, while the deviation-aware branch benefits from a larger mixture. This again matches the
model design: the memory branch already inherits possible modes from retrieved targets, whereas
the deviation branch must construct a broader predictive distribution from deviation information. The
sensitivity to λ also confirms the role of soft gate regularization. A moderate value gives the best
balance between likelihood-driven learning and shift-signal guidance; overly weak regularization
underuses retrieval statistics, while overly strong regularization restricts the adaptive behavior of the
gate.

C.7 Robustness to Memory Corruption

To examine whether REMIND adapts when retrieved memory becomes less informative, we add
Gaussian noise of increasing strength to retrieved samples at test time on ENERGY. Noise strength is
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Table 12: Memory corruption on ENERGY.
STRAP REMIND

Noise MAE RMSE MAPE MAE RMSE MAPE Mean g
0.0 2.77 3.75 26.28 1.72 2.39 21.49 0.74
0.1 2.95 3.96 28.10 1.76 2.44 22.10 0.66
0.2 3.24 4.31 31.47 1.84 2.54 23.38 0.53
0.4 3.78 4.93 37.85 2.02 2.76 25.91 0.36
0.6 4.31 5.58 44.92 2.23 3.02 29.14 0.24
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Figure 9: Robustness to memory corruption on ENERGY.

measured by its standard deviation in normalized data units. Table 12 reports forecasting errors for
REMIND and STRAP, while Fig. 9 shows the relative MAE increase and REMIND’s mean memory
weight.

As noise increases, forecasting errors rise for both methods, but REMIND degrades more gradually.
Its memory weight also decreases, indicating that the gate reduces direct reuse of corrupted historical
targets. These observations are consistent with the intended adaptation: REMIND places less weight
on retrieved targets as their quality declines, helping limit the effect of memory corruption on
forecasting. This further highlights the importance of assessing retrieval reliability and adaptively
adjusting memory utilization.

D Limitations and Broader Impacts

Although REMIND improves probabilistic forecasting under distribution shift, it still relies on the
availability and quality of historical retrieval memory. Under extremely sparse, rapidly evolving, or
entirely unseen scenarios, suitable historical patterns may be difficult to retrieve, which can limit the
effectiveness of retrieval-guided adaptation.

For broader impacts, this work aims to improve the reliability and generalization of probabilistic
spatiotemporal forecasting under non-stationary environments, which may benefit applications such
as traffic management, energy systems, and hydrology. More reliable uncertainty estimation can
support safer and more informed decision-making under evolving conditions. More broadly, this work
highlights the potential of combining retrieval mechanisms with probabilistic modeling for robust
decision support in dynamic spatiotemporal systems. However, under unseen scenarios, inaccurate
or miscalibrated uncertainty estimates may still affect downstream decisions. Therefore, careful
evaluation and responsible deployment remain important in real-world applications.
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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: The abstract and introduction accurately reflect the scope and contributions
of the paper. The proposed retrieval-guided probabilistic framework, shift-adaptive fusion
mechanism, and hierarchical Gaussian mixture are formally described in Secs. 4.2-4.5 and
further analyzed in the appendix. The claims regarding forecasting accuracy, probabilistic
uncertainty modeling, and generalization under distribution shift are supported by the
experimental results and ablation studies in Sec. 5.
Guidelines:

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

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

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

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

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The paper discusses the limitations of the proposed framework in App. D. In
particular, we note that the effectiveness of retrieval-guided forecasting may depend on the
availability of relevant historical patterns under complex distribution shifts.
Guidelines:

• The answer [N/A] 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.
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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]

Justification: The paper provides theoretical analysis of the hierarchical Gaussian mixture in
App. A, including the derivation of the unified mixture formulation and predictive variance
decomposition. All formulas are explicitly defined in the main paper and appendix. The
derivations are presented with the required assumptions and intermediate steps to support
the probabilistic interpretation of the proposed framework.

Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

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

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

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: The paper provides detailed descriptions of the proposed architecture, re-
trieval strategy, training objective, and experimental settings in Secs. 4-5 and the App. C.
Dataset splits, evaluation metrics, optimization settings, hyperparameter selection, and
implementation details are explicitly reported.

Guidelines:

• The answer [N/A] 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.
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(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?

Answer: [Yes]

Justification: The datasets used in this work are publicly available benchmark datasets. The
paper provides an anonymous code repository in the abstract for reproducibility during the
review process, and the code will be fully released upon acceptance. Detailed implementation
settings, training configurations, and experimental protocols are also provided in Sec. 5 and
App. C to support faithful reproduction of the main results.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [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:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

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

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

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

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including 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, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper provides detailed descriptions of the proposed architecture, re-
trieval strategy, training objective, and experimental settings in Secs. 4-5 and the App. C.
Dataset splits, evaluation metrics, optimization settings, hyperparameter selection, and
implementation details are explicitly reported.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

24

https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy


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: As stated in Sec. 5.1, all experimental results are averaged over three runs
with different random seeds. Standard deviations are reported in tables where space permits,
reflecting variability caused by random initialization and training stochasticity. In addition,
box plots with distribution quantiles are provided in Sec. 5 to further illustrate the statistical
behavior of the proposed method.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

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

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

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

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

• 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: The paper reports the experimental environment in Sec. 5.1, including the use
of PyTorch 2.4.0 and an NVIDIA GeForce RTX A4000 GPU. App. B further reports the
computational efficiency of different retrieval strategies and discusses their scalability under
different retrieval granularities.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

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]
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Justification: The research presented in this paper conforms to the NeurIPS Code of Ethics.
The work uses publicly available datasets in Sec. 5, preserves author anonymity during
submission, and does not involve human subjects or sensitive personal data. The paper also
discusses limitations and broader impacts of the proposed framework in App. D.

Guidelines:

• The answer [N/A] 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: [Yes]

Justification: The paper discusses broader impacts in Sec. 1, which highlights the potential
benefits of improving uncertainty modeling for spatiotemporal forecasting applications such
as traffic management, energy systems, and hydrology. A more comprehensive discussion
of both positive and potential negative impacts is further provided in App. D, including
the potential influence of uncertainty estimation quality under unseen scenarios and the
importance of careful evaluation in real-world applications.

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] 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
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).

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., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The proposed method is a probabilistic spatiotemporal forecasting framework
and does not involve high-risk generative models, scraped datasets, or sensitive personal
data that would require special safeguards for release.

Guidelines:
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• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

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

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

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: The paper uses publicly available benchmark datasets and properly cites the
original sources of the datasets and baseline methods. The usage of these assets follows
their publicly available terms and research usage policies. Relevant references and dataset
descriptions are provided in Sec. 5 and the App.C.

Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• 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.

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

Answer: [Yes]

Justification: An anonymized code repository with usage documentation is provided in the
abstract during the review process, and the full codebase and related documentation will be
publicly released upon acceptance.

Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

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

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

14. Crowdsourcing and research with human subjects
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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: [N/A]
Justification: This paper does not involve crowdsourcing experiments or research with
human subjects.
Guidelines:

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

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

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

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: [N/A]
Justification: This paper does not involve research with human subjects or crowdsourcing
experiments, and therefore no IRB approval is required.
Guidelines:

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

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

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

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

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 rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: The core methodology and experiments in this paper do not involve LLMs as
important, original, or non-standard components.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

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