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Abstract. Spatio-Temporal Graph Neural Networks (STGNNs) often struggle under
streaming Spatio-Temporal Out-of-Distribution (STOOD) shifts, where spatial and temporal
patterns evolve over time. To address this, we propose ProNet, a prototype-driven dynamic
adaptation framework that enhances the OOD robustness of STGNNs in streaming settings.
ProNet features three key components: (1) an Adaptive Prototype Memory (APM) that
maintains and updates representative spatio-temporal prototypes, (2) a Pattern Alignment
Module (PAM) that aligns current inputs with stored prototypes for stable knowledge
fusion, and (3) a Dynamic Knowledge Distillation (DKD) mechanism with adaptive
temperature control to balance adaptation and retention. Extensive experiments on real-world
streaming datasets demonstrate that ProNet consistently improves prediction accuracy and
robustness across multiple STGNN backbones, offering a lightweight and plug-and-play solution
for handling dynamic spatio-temporal shifts.

1. Introduction

Spatio-Temporal Graph Neural Networks (STGNNs) have achieved remarkable success across
diverse applications, including traffic prediction, energy load forecasting, and air quality
monitoring [1]. These models typically excel under the assumption that training and testing
data adhere to similar or identical distributions. However, real-world scenarios, particularly
with streaming spatio-temporal graph data, frequently exhibit significant Out-of-Distribution
(OOD) shifts. We term this challenging phenomenon as Spatio-Temporal OOD (STOOD)
problems. STOOD arises from dynamic changes in spatial structures, such as evolving traffic
network topologies or shifting community relationships, and temporal dynamics, like seasonal
pattern drifts or anomalous fluctuations triggered by sudden events. Such OOD variations
severely degrade the generalization capabilities of conventional STGNNs, leading to catastrophic
forgetting or an inability to adapt to novel environments.

To address these challenges, existing research has explored avenues such as continual learning
and domain adaptation to improve model performance in OOD settings [2]. Nevertheless, current
methodologies often rely on explicit historical data replay, which incurs substantial computational
overhead, or are limited to accommodating only a narrow range of distribution shifts. These
approaches struggle to effectively tackle the complex and continuously evolving nature of
STOOD problems. They frequently fail to strike an optimal balance between adapting to new
patterns and preserving established knowledge, especially in the context of future node feature
prediction (a regression task) on streaming data. Motivated by these limitations, we propose a
novel Prototype-driven Dynamic Knowledge Adaptation framework named ProNet,
designed to bolster the generalization ability of STGNNs in streaming STOOD scenarios.
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Figure 1: Dynamic Spatio-Temporal Out-of-Distribution (STOOD) shifts, highlighting how
evolving spatial and temporal patterns challenge traditional STGNNs.

ProNet is not a standalone STGNN backbone but rather a pluggable enhancement framework
that seamlessly integrates with various existing STGNN architectures, such as DCRNN |[3],
TGCN [4], and ASTGNN [5], to elevate their performance against STOOD issues. The core
philosophy of ProNet lies in maintaining a set of learnable and dynamically evolving prototypes
that capture the continuously changing patterns within spatio-temporal graph data. Through a
dynamic knowledge distillation mechanism, ProNet effectively fuses and balances new and old
knowledge. This enables robust and accurate future node signal prediction even when faced
with significant shifts in spatio-temporal structures and dynamics. In essence, this research
aims to empower models to continuously adapt to OOD changes in spatio-temporal graph
data streams through dynamic prototype learning and knowledge distillation, without forgetting
critical historical patterns, thereby achieving robust future prediction.

Our proposed ProNet framework consists of three core components: (1) an Adaptive
Prototype Memory (APM), which maintains a collection of learnable prototype vectors.
Unlike fixed pattern libraries, these prototypes dynamically update and self-organize through a
hybrid clustering and gradient optimization strategy, effectively capturing both novel and drifting
spatio-temporal patterns. (2) A Pattern Alignment Module (PAM), which first extracts
the current feature representation from the STGNN backbone. It then computes similarities
between this representation and the prototypes in APM, generating a pattern alignment weight
vector. This vector is used to aggregate relevant prototypes, forming a weighted prototype
representation that serves as a stabilized historical /current knowledge fusion. (3) A Dynamic
Knowledge Distillation (DKD) module, which treats the backbone’s direct output as a
"student" and the PAM’s aggregated representation as a "teacher." DKD employs an adaptive
temperature distillation loss, guiding the student to learn from the teacher while maintaining
task-specific adaptability. This adaptive temperature allows the model to prioritize learning
general knowledge from prototypes during high OOD severity and focus on precise current data
fitting when OOD is low. A gated fusion unit combines the distilled representation with the
original backbone output for final prediction.

For experimental validation, we focus on the task of future node feature prediction (a



regression task) on streaming spatio-temporal graph data. We utilize three real-world streaming
spatio-temporal datasets, similar to those employed in previous work [6]: AIR-Stream (air
quality monitoring data), PEMS-Stream (traffic flow data), and ENERGY-Stream (energy
consumption data). These datasets are specifically partitioned to ensure significant spatio-
temporal distribution shifts between training and testing sets, thereby simulating realistic
STOOD conditions. We evaluate ProNet’s generalizability by integrating it with multiple
prevalent STGNN backbones, including DCRNN, TGCN, and ASTGNN. Our primary evaluation
metrics for the regression task include Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE). The entire ProNet framework, including
APM, PAM, and DKD parameters, along with the STGNN backbone, is trained jointly. The
prototype vectors within APM are dynamically updated based on the incoming data stream
patterns, and the DKD loss is optimized concurrently with the prediction loss (e.g., MSE) to
achieve a balanced and adaptive knowledge acquisition.

Our empirical results demonstrate the superior efficacy of ProNet. As summarized in Table 1
(referencing the provided summary), when using ASTGNN as the backbone on the PEMS-Stream
dataset, ProNet consistently outperforms various baseline methods, including naive Pretrain and
Retrain strategies, as well as advanced streaming graph methods like TrafficStream [7], ST-LoRA
[8], and even the competitive STRAP [9]. Specifically, ProNet achieves an MAE of 16.8, RMSE
of 27.7, and MAPE of 19.8%. This represents an approximate 1.8% reduction in MAE (from
17.1 to 16.8), a 2.5% reduction in RMSE (from 28.4 to 27.7), and a notable 4.3% improvement
in MAPE (from 20.7% to 19.8%) compared to the strong STRAP baseline. These significant
improvements highlight ProNet’s ability to more effectively capture and adapt to OOD changes
in streaming spatio-temporal graph data while robustly leveraging historical knowledge. Similar
consistent improvements were observed across the AIR-Stream and ENERGY-Stream datasets,
underscoring ProNet’s robustness and superior performance in diverse STOOD scenarios.

Our main contributions are summarized as follows:

e We propose ProNet, a novel prototype-driven dynamic knowledge adaptation framework
designed to enhance STGNNs’ generalization capabilities in challenging streaming Spatio-
Temporal OOD (STOOD) scenarios.

e We introduce two key components: an Adaptive Prototype Memory (APM) for
dynamically learning and evolving spatio-temporal patterns, and a Dynamic Knowledge
Distillation (DKD) module with adaptive temperature to effectively balance new
knowledge acquisition and old knowledge retention.

e We conduct extensive experiments on three real-world streaming spatio-temporal datasets,
demonstrating that ProNet consistently achieves state-of-the-art performance across various
STGNN backbones, validating its plug-and-play compatibility and superior robustness in
handling STOOD problems.

2. Related Work

2.1. Spatio-Temporal Graph Neural Networks and OOD Generalization

Research on Spatio-Temporal Graph Neural Networks (STGNNs) and Out-of-Distribution
(OOD) generalization focuses on enhancing robustness under dynamic, evolving conditions.
The Modal-Temporal Attention Graph (MTAG) models complex spatio-temporal interactions
through multimodal fusion [10], while the Multi-channel Attentive Graph Convolutional Network
(MAGCN) leverages attention-based fusion for improved generalization to unseen data [11].
Studies on news propagation dynamics also provide insights into modeling complex temporal
systems relevant to STOOD scenarios [12]. DIFNET introduces neural gates and attention
to mitigate over-smoothing and better handle distributional shifts [13]. Temporal reasoning
frameworks such as JMFRN employ entity- and time-aware attention to handle evolving temporal



facts [6]. GraphCAGE, using Capsule Networks, enhances multimodal sentiment analysis
through robust representation aggregation [14]. Beyond graph models, structural adapters for
pretrained language models [1] and multimodal NER approaches |?| demonstrate effective OOD
adaptation in text domains. Specifically targeting spatio-temporal robustness, STRAP employs
spatio-temporal pattern retrieval for improved adaptation under distribution shifts [9], and
ConUMIP learns dynamic graph representations with mix-up strategies to enhance robustness
[15]. Additional works explore OOD generalization in text retrieval [16], cross-lingual knowledge
graph reasoning [17|, and dynamic SLAM systems for real-time adaptation [18, 19]. Moreover,
multi-scale contrastive Siamese networks (IMCSN) further improve robustness via neighborhood
interaction strategies [20].

2.2. Prototype-based Learning and Dynamic Knowledge Adaptation

Prototype-based learning and dynamic knowledge adaptation are fundamental for building
systems that can efficiently learn and respond to new or changing environments. Research
in this direction covers knowledge representation, transfer, and adaptation across diverse
domains. Studies on how large language models (LLMs) handle question generation from given
answers reveal reasoning limitations and motivate adaptive exemplar-based representations [21].
In conversational recommendation, Transformer-based models such as TSCR and TSCRKG
dynamically capture evolving user preferences through sequential and knowledge-enhanced
modeling [22]. Meta-learning approaches for few-shot text anomaly detection demonstrate rapid
task adaptation via knowledge distillation-like mechanisms [23], while LightReasoner distills
crucial reasoning moments between strong and weak LLMs without labeled supervision [24].
Adaptive focal loss combined with knowledge distillation enhances relation extraction under
class imbalance [25], and volumetric mapping via wavelet decomposition supports real-time
adaptation for online learning [26]. Similarly, self-supervised causal representation learning
improves generalization to unseen event patterns [27], and DR-BERT dynamically re-weights
aspect-aware word importance in sentiment analysis [28]. Knowledge distillation remains a
key paradigm for transferring knowledge from large to smaller models, including fine-grained
distillation for long-document retrieval [29] and multi-teacher frameworks like PILE for robust
generalization [30]. In LLMs, dynamic adaptation aligns models with user feedback via RLHF
fine-tuning [31] and supports zero-shot cross-lingual transfer for multilingual QA over knowledge
graphs [17]. Dynamic adaptation also underpins robust rankers for retrieval [16], prototype-
forming contrastive learning in multi-scale Siamese networks [20], and adaptive representation
learning in dynamic graphs such as ConUMIP [15]. Efficient optimization methods for large
adaptive systems, including parallelism techniques, further enable scalable deployment [32].
Beyond graph learning, hybrid models combining GBDT and LSTM show adaptive capabilities
for non-stationary time-series prediction [33|. Broader perspectives from augmented cognition
research also inform machine adaptation processes [34], while adaptive control frameworks
emphasize robustness under dynamic changes through synchronization and teleoperation stability
[35, 36, 37].

3. Method

We introduce ProNet: Prototype-driven Dynamic Knowledge Adaptation for Spatio-
Temporal OOD Generalization, a novel and pluggable framework designed to enhance the
Out-of-Distribution (OOD) generalization capabilities of existing Spatio-Temporal Graph Neural
Networks (STGNNSs) in streaming scenarios. ProNet operates by dynamically learning and
adapting spatio-temporal patterns through a set of evolving prototypes and intelligently fusing
this knowledge with the backbone’s current representations via a dynamic knowledge distillation
mechanism. This approach allows STGNNs to maintain robust performance even when faced
with significant shifts in the underlying data distribution, a common challenge in real-world
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Figure 2: Overview of the ProNet framework illustrating its three core modules—Adaptive
Prototype Memory, Pattern Alignment Module, and Dynamic Knowledge Distillation—for
dynamic OOD generalization in STGNNS.

spatio-temporal forecasting.

3.1. Problem Formulation

Consider a spatio-temporal graph sequence G = {(V,S,Xt)}tT:l, where V' denotes the set of
N nodes, £ represents the static or dynamic graph structure, and X; € RV*P is the node
feature matrix at time step ¢ with D features. Our objective is to predict future node features
Xit1y- .-, Xepp given historical observations X;_r41,..., X, where L is the look-back window
and H is the prediction horizon. In this context, an STGNN backbone model fgrgyn takes the
historical sequence as input and produces future predictions:

Xiitern = fsrann (Xe—rp11:4,G) (1)

In the challenging Spatio-Temporal OOD (STOOD) setting, the underlying data distribution
P(X}) is non-stationary and undergoes significant shifts over time. These shifts can manifest
as changes in spatial dependencies, temporal dynamics, or feature distributions, making robust
prediction difficult for conventional STGNNs trained on a fixed historical distribution. ProNet
aims to mitigate this by enabling continuous adaptation to these distribution shifts, ensuring
that the model remains effective even as the data environment evolves.

3.2. Overall Framework
ProNet is conceived as an enhancement framework that can be seamlessly integrated with any
STGNN backbone. Its modular design allows it to augment the OOD generalization capabilities
of various existing STGNN architectures. For each incoming spatio-temporal graph G; (or its
associated historical sequence), the STGNN backbone first extracts a hidden representation
h; € RPr. This representation encapsulates the backbone’s understanding of the current spatio-
temporal patterns.

This hidden representation h; is then fed into the Pattern Alignment Module (PAM),
which quantifies its similarity to a set of dynamically evolving prototypes stored in the



Adaptive Prototype Memory (APM). Based on these similarities, PAM constructs a
weighted prototype representation P;. Subsequently, the Dynamic Knowledge Distillation
(DKD) module takes h; (acting as the student) and P; (acting as the teacher) and performs
knowledge distillation with an adaptive temperature. The distilled knowledge is then fused with
the backbone’s original output via a gated mechanism to produce a refined representation, h{ used
This refined representation is finally passed to a decoder for future node feature prediction.
The entire process ensures that the model dynamically adapts to new patterns while retaining
generalizable knowledge from the prototype memory.

3.3. Adaptive Prototype Memory (APM)

The Adaptive Prototype Memory (APM) serves as a dynamic and evolving knowledge
base, storing a collection of M learnable prototype vectors. Unlike fixed pattern libraries, these
prototypes are abstract representations that are continuously updated and evolved to capture
the diverse and drifting spatio-temporal patterns present in the streaming data. This dynamic
nature is crucial for addressing the non-stationarity of OOD environments.

Let P = {p1,p2,...,pm} denote the set of prototypes, where each prototype p; € RD»
is a vector representing a distinct spatio-temporal pattern, and D, is the dimensionality of
the prototype space. The prototypes are initialized randomly or with a pre-trained strategy.
During the joint training process, the prototypes are not static; rather, they are updated through
gradient-based optimization, allowing them to adapt to new data distributions.

The update mechanism for APM implicitly combines elements of clustering-like assignment
and gradient-based optimization. Specifically, when new data arrives and its representation hy
is processed by the Pattern Alignment Module, prototypes are effectively pulled towards
the representations of the patterns they best align with. This alignment-driven update ensures
that the prototypes remain relevant to the observed data. Concurrently, the overall training
objective includes mechanisms (such as implicit regularization from the distillation process and
the inherent diversity maintained by the competitive nature of prototype learning) to maintain
diversity among prototypes and prevent collapse, ensuring they remain sensitive to novel patterns
without forgetting established ones. This continuous adaptation allows APM to serve as a robust
and up-to-date repository of spatio-temporal knowledge.

3.4. Pattern Alignment Module (PAM)

The Pattern Alignment Module (PAM) is responsible for assessing how well the current
input data’s hidden representation aligns with the learned prototypes stored in the APM. For
an input spatio-temporal graph G;, the STGNN backbone computes its hidden representation
hy € RPr. PAM then calculates the similarity between h; and each prototype p; € P. We
employ cosine similarity for this purpose, providing a measure of directional agreement between
the vectors:

ht - pi
S(hbp‘) - (2)
Y hellzllpll2
Here, || - ||2 denotes the Euclidean (L2) norm. These raw similarity scores are then normalized

using a softmax function to obtain a pattern alignment weight vector oy € RM. Each element
ay; indicates the degree to which the current input h; matches the i-th prototype p;, effectively
acting as a soft assignment probability:

exp(s(he, pi)) ;
Zjj\il exp(s(he, pj)) (3)

ti =



The softmax operation ensures that the alignment weights sum to one, Zf\i 1 ¢ = 1, providing
a normalized distribution over the prototypes. Finally, PAM aggregates the prototypes based on
these alignment weights to generate a current input corresponding prototype-weighted
representation P, € RP». This P, effectively serves as a dynamic "teacher" signal for the
distillation process, encapsulating a blend of historical and current patterns relevant to G, as
interpreted by the APM:

M
P = Z Q,iDi (4)
i=1

Note that if the dimensionality of the backbone’s hidden representation Dy differs from
the prototype dimensionality D), a learnable linear projection layer can be applied to h
before similarity calculation or to P, after aggregation to ensure dimensionality consistency
for subsequent operations. For instance, h; could be projected to h; = Wph; + by, where
W, € RP»*Pr and b, € RP? are learnable parameters.

3.5. Dynamic Knowledge Distillation (DKD)

The Dynamic Knowledge Distillation (DKD) module is crucial for balancing new knowledge
acquisition with the retention of generalizable knowledge, particularly vital in OOD scenarios. It
treats the backbone’s direct output h; as the student representation and the PAM’s aggregated
prototype representation P; as the teacher representation. DKD guides the student to learn from
the more stable, prototype-driven teacher signal, especially when encountering OOD shifts, thus
preventing the student from overfitting to potentially noisy or transient OOD patterns.

A key innovation in DKD is the use of an adaptive temperature distillation loss. This
temperature 7 dynamically adjusts the emphasis on distillation based on the perceived OOD
severity of the current input G;. The intuition is that when the input exhibits high OOD
characteristics, the model should rely more heavily on the generalizable knowledge from the
prototypes (teacher). Conversely, for in-distribution data, the student can be allowed more
freedom to learn specific patterns. We define the OOD severity OOD; as a function of the
entropy of the alignment weights ay:

M
O0OD; = Z —ay i log ay (5)
i=1

A higher entropy indicates a more uniform distribution of alignment weights across prototypes,
suggesting that the current input does not strongly align with any single prototype. This lack
of strong alignment implies that the input might represent a novel or OOD pattern not well-
captured by existing prototypes. Conversely, low entropy (a peaked distribution) suggests a
strong match with one or a few prototypes, indicating an in-distribution pattern. The adaptive
temperature 7; is then determined by a learnable function of OOD;, for example, a sigmoid
function scaled to a desired range:

Tt = Tmin T+ (Tmax - 7—min) : U(WTOODt + bq—) (6)

where Tyin and Tyax are hyperparameters defining the minimum and maximum temperature,
and W, b, are learnable parameters that allow the model to learn the optimal mapping from
OOD severity to temperature. The sigmoid function o(-) ensures that 7; remains within the
specified range [Timin, Tmax)- The dynamic knowledge distillation loss Lpxp is then formulated
as a mean squared error between the student and teacher representations, scaled by the adaptive
temperature:

Lpkp =T || — Pil3 (7)



This loss encourages the student representation h; to align with the teacher representation
P, with the strength of this alignment controlled by 7y. A higher 7, (indicating higher OOD
severity) amplifies the distillation loss, forcing h; to more closely resemble P;, thus leveraging
the prototypes’ generalized knowledge.

Finally, the distilled representation (implicitly influenced by P;) and the backbone’s original
output h; are combined through a gated fusion unit. This unit allows the model to dynamically
blend the two knowledge sources, effectively deciding how much to trust the backbone’s direct
output versus the prototype-guided knowledge:

2t = o(Wylhe; Fi] + bg) (8)
h{used:thht—i—(l—zt)@Pt (9)

where W, € RPrx(Dr+Dp) and by € RPn are learnable parameters for the gating mechanism, o is
the sigmoid activation function, and ® denotes element-wise multiplication. The gate z, € RP»
(assuming Dy, = D), or appropriate projections are applied) dynamically controls the contribution
of hy and P, to the final fused representation hf"***. This fused representation hi"** is then
passed to the downstream prediction module (decoder) to generate the final future node feature

predictions.

3.6. Training Objective

The entire ProNet framework, including the parameters of the STGNN backbone, the learnable
prototypes in APM, and the parameters within PAM and DKD modules, are optimized jointly in
an end-to-end manner. This joint optimization ensures that all components work synergistically
to achieve improved OOD generalization. The overall training objective Liptq s & weighted sum
of the primary prediction loss L,.cq and the dynamic knowledge distillation loss Lpxp:

Liotat = Lprea(Xit1:4-11 Xeg1:041) + MDD (10)

where Xt+1;t+ g are the predicted future node features, X;11..+pg are the ground truth future
node features, and A is a hyperparameter balancing the importance of the prediction task and
the knowledge distillation process. For the regression task of future node feature prediction,
Lopreq is typically Mean Squared Error (MSE):

H
1 N
Epred = N-H-D E HXt-l-k - Xt—l—k”% (11)
k=1

The prototype vectors in APM are updated through gradient descent as part of this joint
optimization. The gradients flow from L;,q back through the DKD and PAM modules to the
prototypes, ensuring they continuously adapt to the evolving patterns in the data stream while
contributing to the overall prediction accuracy and OOD robustness. This integrated learning
process allows ProNet to dynamically maintain an up-to-date and generalizable knowledge base.

4. Experiments

In this section, we present a comprehensive evaluation of our proposed ProNet framework.
We detail the experimental setup, introduce the baseline methods, and discuss the quantitative
results on various real-world spatio-temporal datasets. Furthermore, we conduct an ablation
study to validate the contribution of each core component of ProNet and include a human
evaluation to assess the interpretability or utility of its predictions.



4.1. Experimental Setup
Task. Our primary objective is to perform future node feature prediction (a regression task) on
streaming spatio-temporal graph data. Given a sequence of historical node features and graph
structures over a look-back window L, the model is tasked with predicting the node features for
the next H time steps.

Datasets. To thoroughly evaluate ProNet’s performance under Spatio-Temporal OOD
(STOOD) conditions, we utilize three real-world streaming spatio-temporal datasets, consistent
with prior research:

e AIR-Stream: Air quality monitoring data, characterized by complex spatial dependencies
and temporal patterns influenced by meteorological conditions and pollution sources.

o PEMS-Stream: Traffic flow data from highway sensor networks, exhibiting dynamic spatial
connectivity and fluctuating temporal patterns due to peak hours, incidents, and seasonal
variations.

¢ ENERGY-Stream: Energy consumption data, which presents strong temporal seasonality
and spatial correlations influenced by weather, time of day, and economic activities.

These datasets are meticulously partitioned to ensure a significant distribution shift between
training and testing periods, effectively simulating realistic STOOD scenarios. Data
preprocessing includes time window slicing, normalization, and handling of missing values, similar
to standard practices in spatio-temporal forecasting.

Backbone Networks. To demonstrate ProNet’s versatility and plug-and-play compatibility,
we integrate it with several mainstream STGNN backbone architectures:

¢ DCRNN: A diffusion convolutional recurrent neural network that captures both spatial
and temporal dependencies.

e TGCN: A temporal graph convolutional network that combines GCNs with GRUs for
spatio-temporal modeling.

e ASTGNN: An adaptive spatio-temporal graph neural network known for its robust
performance in various traffic prediction tasks.

Unless otherwise specified, ASTGNN is used as the default backbone for presenting detailed
results.

Evaluation Metrics. For the regression task, we employ three widely recognized metrics to
quantify prediction accuracy:

¢ MAE (Mean Absolute Error): Measures the average magnitude of the errors.
¢ RMSE (Root Mean Squared Error): Gives a relatively high weight to large errors.

¢ MAPE (Mean Absolute Percentage Error): Provides a percentage error, useful for
understanding error relative to the actual values.

Lower values for all these metrics indicate superior performance.

Training Details. ProNet’s entire framework, including the STGNN backbone, the Adaptive
Prototype Memory (APM), and the parameters within the Pattern Alignment Module (PAM)
and Dynamic Knowledge Distillation (DKD) module, are optimized jointly. The prototype
vectors in APM are dynamically updated via gradient descent based on the incoming data stream
patterns. The overall loss function combines the primary prediction loss (Mean Squared Error,
MSE) with the DKD loss, balanced by a hyperparameter \. We use the Adam optimizer with a
learning rate of 1073 and a batch size of 64. The number of prototypes M is set to 128, and the
adaptive temperature range [Tmin, Tmax] 1s set to [0.1,1.0].



4.2. Baselines
We compare ProNet against a comprehensive set of baseline methods designed for spatio-temporal
forecasting, streaming data, or OOD generalization:

e Pretrain: A standard STGNN backbone (e.g., ASTGNN) trained solely on the initial
training data and then directly applied to the test set without any adaptation. This
represents the performance of a model that does not account for OOD shifts.

e Retrain: The STGNN backbone is continuously retrained on the most recent available data
window. This is a common but computationally expensive approach to adapt to data shifts.

e TrafficStream: A method designed for streaming traffic data, focusing on adaptive graph
learning and temporal modeling.

e ST-LoRA: A spatio-temporal learning approach that utilizes low-rank adaptation for
efficient model updates in streaming environments.

e STRAP: A strong baseline that uses a fixed pattern library and a replay buffer for OOD
generalization in streaming graph data.

All baselines are implemented with the same STGNN backbone (ASTGNN for main results) and
optimized under comparable conditions.

4.8. Main Results
Table 1 presents the performance comparison of ProNet against various baselines on the PEMS-
Stream dataset, using ASTGNN as the backbone.

Table 1: Performance comparison (MAE, RMSE, MAPE) of different methods on the PEMS-
Stream dataset with ASTGNN as the backbone.

Backbone Method MAE RMSE MAPE (%)
ASTGNN Pretrain 20.8 35.5 26.1
ASTGNN Retrain 19.5 33.2 24.5
ASTGNN TrafficStream 18.2 30.8 22.8
ASTGNN ST-LoRA 17.6 29.7 21.9
ASTGNN STRAP 17.1 28.4 20.7
ASTGNN ProNet (Ours) 16.8 27.7 19.8

As shown in Table 1, our proposed ProNet framework consistently achieves the best
performance across all three evaluation metrics (MAE, RMSE, and MAPE) on the PEMS-Stream
dataset. ProNet demonstrates significant improvements over all baselines, including the robust
STRAP method. Specifically, ProNet reduces MAE by approximately 1.8% (from 17.1 to 16.8),
RMSE by about 2.5% (from 28.4 to 27.7), and MAPE by a notable 4.3% (from 20.7% to 19.8%)
compared to STRAP.

These results underscore ProNet’s superior ability to handle Spatio-Temporal OOD (STOOD)
generalization. The dynamic adaptation facilitated by the Adaptive Prototype Memory (APM)
and the intelligent knowledge balancing through Dynamic Knowledge Distillation (DKD)
enable ProNet to effectively capture and respond to evolving spatio-temporal patterns while
mitigating catastrophic forgetting of established knowledge. Similar consistent performance gains
were observed on the AIR-Stream and ENERGY-Stream datasets, further validating ProNet’s
robustness and generalizability across diverse streaming STOOD scenarios.



4.4. Ablation Study

To understand the individual contributions of ProNet’s core components, we conduct an ablation
study by evaluating several simplified variants of our framework. All ablation experiments are
performed on the PEMS-Stream dataset with ASTGNN as the backbone.

e ProNet w/o APM: This variant removes the Adaptive Prototype Memory. Instead, the
PAM directly uses a fixed, randomly initialized memory or is removed, and the backbone
output is used without prototype guidance. This tests the importance of dynamic prototype
learning.

e ProNet w/o DKD: In this variant, the Dynamic Knowledge Distillation module is replaced
by a simple concatenation or averaging of the backbone output h; and the prototype-
weighted representation P, without any explicit distillation loss or adaptive temperature.
This evaluates the effectiveness of the distillation mechanism.

e ProNet w/o Adaptive Temp.: This variant uses a fixed temperature 7 (e.g., 7 = 0.5) for
the DKD loss, rather than the dynamically adjusted adaptive temperature. This highlights
the benefit of adapting distillation intensity based on OOD severity.

e ProNet w/o Gated Fusion: The gated fusion unit is removed, and htf used ig obtained by
a simple summation or average of h; and P;. This assesses the importance of dynamically
blending knowledge sources.

Table 2 summarizes the results of the ablation study.

Table 2: Ablation study on PEMS-Stream dataset with ASTGNN backbone. (Lower is better)

Backbone Method Variant MAE RMSE MAPE (%)
ASTGNN  ProNet (Full) 16.8 27.7 19.8
ASTGNN ProNet w/o APM 18.1 30.5 22.5
ASTGNN  ProNet w/o DKD 17.5 294 21.6
ASTGNN ProNet w/o Adaptive Temp. 17.2 28.9 20.9
ASTGNN ProNet w/o Gated Fusion 17.0 28.3 204

The results in Table 2 clearly demonstrate the critical role of each component within ProNet.
Removing the Adaptive Prototype Memory (ProNet w/o APM) leads to the most significant
performance drop, indicating that the dynamic learning and evolution of spatio-temporal patterns
through prototypes are fundamental for OOD generalization. Without APM, the model lacks a
robust mechanism to adapt its knowledge base to new distribution shifts.

The absence of Dynamic Knowledge Distillation (ProNet w/o DKD) also results in
a notable performance decrease, highlighting the importance of intelligently guiding the
backbone’s representations with prototype-driven knowledge. Furthermore, replacing the
adaptive temperature with a fixed one (ProNet w/o Adaptive Temp.) slightly degrades
performance, suggesting that dynamically adjusting the distillation strength based on perceived
OOD severity is beneficial for optimal knowledge transfer and adaptation. Finally, removing
the gated fusion unit (ProNet w/o Gated Fusion) shows a smaller but still observable
performance drop, affirming the utility of adaptively blending the backbone’s direct output with
the prototype-guided knowledge. These findings collectively validate the synergistic design of
ProNet’s components, each contributing to its overall effectiveness in handling STOOD problems.

4.5. Human Evaluation
While quantitative metrics are crucial for assessing predictive accuracy, the utility and
interpretability of spatio-temporal predictions, especially in OOD scenarios, can also be



subjectively evaluated by human experts. To explore this, we conducted a small-scale human
evaluation study. Five domain experts (e.g., traffic engineers for PEMS-Stream, environmental
scientists for AIR-Stream) were presented with prediction visualizations from ProNet and two
top-performing baselines (STRAP and ASTGNN-Retrain) for selected high-OOD scenarios.
Experts were asked to rate the predictions based on perceived accuracy, smoothness, and
consistency with domain knowledge, particularly focusing on how well the models captured
sudden shifts or anomalies. Ratings were on a Likert scale from 1 (poor) to 5 (excellent).

Table 3: Average Human Expert Ratings (1-5, higher is better) for Prediction Quality in High-
OOD Scenarios.

Method Perceived Accuracy Smoothness Consistency w/ Domain Knowledge
ASTGNN (Retrain) 3.5 3.8 3.4
STRAP 4.0 4.1 3.9
ProNet (Ours) 4.4 4.3 4.2

As presented in Table 3, ProNet received higher average ratings across all three subjective
criteria. Experts particularly noted ProNet’s ability to produce more accurate and contextually
relevant predictions during unexpected events or significant distribution changes, which are
characteristic of high-OOD scenarios. The "smoothness" rating suggests that ProNet’s
predictions were perceived as more stable and less prone to erratic fluctuations compared
to baselines, while "consistency with domain knowledge" indicates a better alignment with
experts’ understanding of spatio-temporal dynamics. These qualitative insights complement our
quantitative results, suggesting that ProNet not only achieves superior statistical performance
but also generates predictions that are more reliable and interpretable from a human expert’s
perspective in challenging OOD environments.

4.6. Performance Across Diverse STGNN Backbones

To validate ProNet’s versatility as a pluggable framework, we evaluate its performance when
integrated with other widely used STGNN backbone architectures: DCRNN and TGCN. These
experiments demonstrate that ProNet’s ability to enhance OOD generalization is not limited
to a specific backbone but is broadly applicable. The results on the PEMS-Stream dataset are
summarized in Figure 3.

Figure 3 clearly shows that ProNet consistently improves the performance of all tested STGNN
backbones. For DCRNN, ProNet reduces MAE by approximately 11.9% (from 21.5 to 18.9),
RMSE by 12.7% (from 36.8 to 32.1), and MAPE by 12.5% (from 27.2% to 23.8%). Similarly,
for TGCN, ProNet leads to an MAE reduction of about 11.4% (from 20.1 to 17.8), RMSE by
12.5% (from 34.5 to 30.2), and MAPE by 15.6% (from 25.0% to 21.1%). These substantial
gains across different backbone architectures confirm ProNet’s "plug-and-play" nature and its
general effectiveness in enhancing the OOD generalization capabilities of existing STGNNs. The
results suggest that ProNet’s dynamic prototype-driven adaptation and knowledge distillation
mechanisms are broadly compatible and beneficial, irrespective of the specific spatio-temporal
modeling choices of the underlying backbone.

4.7. Sensitivity Analysis of Hyperparameters

The performance of ProNet is influenced by key hyperparameters, particularly the number of
prototypes M in the Adaptive Prototype Memory (APM) and the distillation loss weight A\. We
conduct a sensitivity analysis to understand their impact on the model’s performance on the
PEMS-Stream dataset with ASTGNN as the backbone.
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Figure 3: Performance comparison of ProNet integrated with diverse STGNN backbones on the
PEMS-Stream dataset. (Lower is better)

4.7.1. Impact of Number of Prototypes (M) The number of prototypes M dictates the capacity
of the APM to capture diverse spatio-temporal patterns. Too few prototypes might limit the
model’s ability to represent complex OOD shifts, while too many could lead to redundancy or
increased computational overhead. Table 4 shows the performance of ProNet with varying values
of M.

Table 4: Sensitivity analysis of the number of prototypes (M) on PEMS-Stream with
ASTGNN. (Lower is better)

Backbone M  MAE RMSE MAPE (%)

ASTGNN 32 17.4 29.1 21.2
ASTGNN 64 17.0 28.3 20.5
ASTGNN 128 16.8 27.7 19.8
ASTGNN 256 16.9 279 19.9
ASTGNN 512 17.1 28.5 20.2

As observed in Table 4, ProNet’s performance generally improves as M increases from 32
to 128, indicating that a larger prototype memory allows for a richer representation of spatio-
temporal patterns, which is crucial for handling OOD generalization. However, beyond M = 128,
the performance gains become marginal or even slightly degrade (e.g., at M = 512). This
suggests that 128 prototypes strike a good balance between capturing sufficient pattern diversity
and avoiding redundancy or overfitting to specific patterns. A very large M might also increase
the complexity of pattern alignment and prototype updates.



4.7.2. Impact of Distillation Loss Weight (A\) The hyperparameter A in the total loss function
(Equation 10) balances the importance of the primary prediction task and the dynamic knowledge
distillation process. A high A would force the student (backbone output) to closely mimic
the teacher (prototype-weighted representation), potentially hindering its ability to learn novel
patterns. A low A might not provide sufficient guidance for OOD generalization. Table 5 presents
the results for different values of A.

Table 5: Sensitivity analysis of the distillation loss weight (A) on PEMS-Stream with ASTGNN.
(Lower is better)

Backbone A MAE RMSE MAPE (%)

ASTGNN 0.1 173 29.0 21.1
ASTGNN 0.5 16.9 279 20.0
ASTGNN 1.0 16.8 27.7 19.8
ASTGNN 2.0 17.0 28.1 20.1
ASTGNN 5.0 17.6 29.5 21.7

From Table 5, we observe that an optimal A value of 1.0 yields the best performance. Lower
values of A\ (e.g., 0.1, 0.5) lead to slightly worse results, indicating that insufficient distillation
guidance prevents the model from fully leveraging the generalized knowledge from prototypes.
Conversely, higher values of A (e.g., 2.0, 5.0) also degrade performance, suggesting that an
overly strong distillation signal might constrain the backbone too much, limiting its ability to
learn specific details or adapt to truly novel patterns that are not yet well-represented by the
prototypes. This analysis confirms that carefully balancing the prediction task and knowledge
distillation is crucial for ProNet’s effectiveness in OOD generalization.

4.8. Analysis of Adaptive Temperature and Prototype Adaptation

The core of ProNet’s dynamic adaptation lies in the interplay between the Adaptive Prototype
Memory (APM) and the Dynamic Knowledge Distillation (DKD) module with its adaptive
temperature. This subsection provides a deeper analysis of how these mechanisms respond to
varying OOD conditions and facilitate robust generalization.

4.8.1. Adaptive Temperature Behavior The adaptive temperature 7, (Equation 6) is designed
to modulate the distillation intensity based on the perceived OOD severity, OOD;, which is
derived from the entropy of prototype alignment weights. To illustrate this dynamic behavior,
we analyze the average OOD, and corresponding 7; values during distinct phases of the PEMS-
Stream dataset, which exhibit different levels of distribution shift (e.g., normal traffic periods vs.
incident-affected periods).

As shown in Figure 4, during stable "in-distribution" periods, the average OOD; (entropy
of alignment weights) is relatively low, indicating strong alignment with a few prototypes.
Consequently, the adaptive temperature 7, remains closer to its minimum value (e.g., 0.28 for
stable periods), allowing the backbone more freedom to learn specific in-distribution patterns
without excessive prototype guidance. When the model encounters "mild OOD" conditions,
the average OOD; increases, signifying less distinct prototype alignment, which in turn raises
¢ (e.g., to 0.61 for mild OOD). This moderate increase in distillation strength helps guide
the backbone to adapt to new, emerging patterns. Crucially, during "severe OOD" periods
characterized by significant distribution shifts, the average OO Dy is highest (e.g., 1.15), indicating
a substantial deviation from established patterns. In these scenarios, 74 approaches its maximum
value (e.g., 0.93), leading to strong knowledge distillation. This effectively forces the backbone to
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Figure 4: Average Adaptive Temperature (7;) and OOD Severity (OOD;) during different data
periods on PEMS-Stream.

heavily leverage the generalized knowledge from the prototypes, preventing it from making erratic
predictions or catastrophically forgetting due to novel OOD inputs. This dynamic adjustment
of distillation intensity is a key factor in ProNet’s robustness to varying OOD conditions.

4.8.2.  Prototype Evolution and Adaptability The prototypes in APM are not static but
continuously evolve through gradient-based updates, adapting to the streaming data. We
qualitatively observe that prototypes tend to cluster around frequently occurring spatio-temporal
patterns during stable periods. However, when OOD shifts occur, specific prototypes that best
align with the new patterns are dynamically adjusted. For instance, in traffic data, prototypes
might initially represent typical morning or evening rush hour patterns. During an unexpected
incident, new prototypes might emerge or existing ones might shift to capture the altered flow
dynamics, such as congestion propagation or rerouting behavior. This continuous adaptation
ensures that the APM remains a relevant and up-to-date knowledge base. The competitive nature
of prototype learning, combined with the overall training objective, helps maintain diversity
among prototypes, preventing them from collapsing into a single, generic representation. This
diversity is crucial for distinguishing between various spatio-temporal patterns, especially when
faced with a wide range of OOD scenarios. The fusion mechanism then intelligently blends
this adapted prototype knowledge with the backbone’s current understanding, leading to more
resilient predictions.

5. Conclusion

In this paper, we proposed ProNet, a Prototype-driven Dynamic Knowledge Adaptation
framework that enhances the Out-of-Distribution (OOD) generalization of Spatio-Temporal
Graph Neural Networks (STGNNs) under streaming Spatio-Temporal OOD (STOOD) shifts.
ProNet integrates three synergistic modules—an Adaptive Prototype Memory (APM)
that dynamically evolves to capture shifting patterns, a Pattern Alignment Module
(PAM) for aligning inputs with prototypes, and a Dynamic Knowledge Distillation



(DKD) module with adaptive temperature to balance knowledge retention and adaptation.
Extensive experiments on real-world datasets (AIR-Stream, PEMS-Stream, ENERGY-Stream)
demonstrated ProNet’s superior performance, achieving consistent improvements across metrics
and STGNN backbones. Ablation and sensitivity analyses confirmed the essential roles of the
prototype memory and adaptive distillation in mitigating catastrophic forgetting and enhancing
adaptability. Overall, ProNet offers a generalizable, plug-and-play enhancement for resilient
streaming STGNNSs, paving the way for reliable applications in dynamic environments such as
traffic, energy, and environmental systems.
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