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Abstract: Predicting future node affinity in dynamic graphs is essential for applications such as 

recommender systems. However, existing methods, including state-of-the-art approaches like 

NAVIS, rely on continuous vector representations that struggle to explicitly capture, reason over, 

and memorize discrete, structured interaction motifs, limiting interpretability and generalization. 

To address this, we introduce G-MATCH (Graph-structured Memory with Attentive Template 

Consensus for Heterogeneous interactions), a novel paradigm that reformulates a node's state as a 

dynamic, heterogeneous graph of learnable interaction motifs. G-MATCH incorporates four key 

innovations: (1) state evolution via graph matching and dynamic motif creation/pruning, (2) a global 

motif bank for cross-node knowledge transfer, (3) interpretable affinity prediction through motif 

attribution, and (4) optimization with a listwise ranking loss and structured regularization. 

Extensive experiments on future affinity (TGB) and converted link prediction datasets demonstrate 

that G-MATCH consistently outperforms all strong baselines, including NAVIS, achieving an 

average improvement of +4.2% in NDCG@10. The model also excels in few-shot and limited-

information settings. Ablation studies confirm the critical role of each component, and case studies 

highlight its unique capability for explainable, motif-level reasoning. The transition from linear 

states to graph-structured memory marks a significant advance, enabling superior performance and 

unprecedented interpretability in modeling complex node interactions. 

Keywords: future node affinity prediction; temporal graphs; graph-structured memory; interaction 

motifs; interpretability 

 

1. Introduction 

Temporal graphs provide a fundamental abstraction for modeling systems with 

dynamically evolving interactions, such as social networks, financial transactions, and 

recommender systems [1]. Within this domain, a central and challenging task is future 

node affinity prediction, which aims to forecast a ranking over a node's potential future 

interaction partners. Distinct from binary link prediction, this ranking-oriented task is 

critical for numerous real-world applications, including personalized recommendation 

and resource allocation [2]. 

Despite significant advances in Temporal Graph Neural Networks (TGNNs) for link 

prediction, their application to node affinity prediction has proven surprisingly 

ineffective. State-of-the-art TGNNs are frequently outperformed by simple heuristics such 

as the Moving Average [3]. This persistent performance gap reveals a fundamental 

misalignment: the inductive biases of conventional TGNNs-typically relying on localized 
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message passing and non-linear transformations-are ill-suited to the requirements of 

affinity prediction [4]. 

In this paper, we revisit the node affinity prediction problem by fundamentally 

rethinking how node state is represented and updated [5]. We argue that the limitations 

of prior approaches, including our previous work (NAVIS), stem from their reliance on 

continuous vector representations. Such representations lack the explicit structure needed 

to capture, memorize, and reason about the discrete interaction motifs that prevail in 

complex domains. To address this, we propose a paradigm shift: instead of representing 

a node's state as a vector, we model it as a dynamic, heterogeneous graph that explicitly 

encodes both intrinsic node features and abstract interaction patterns [6]. 

We introduce the G-MATCH framework (Graph-structured Memory with Attentive 

Template Consensus for Heterogeneous interactions) [7]. G-MATCH maintains a local 

memory graph for each node, where super-nodes represent discovered interaction motifs. 

This structure evolves through a graph matching process against incoming interactions, 

enabling dynamic motif discovery, activation, and pruning [8]. To facilitate generalization 

across nodes, G-MATCH incorporates a global motif bank that transfers knowledge of 

common interaction templates. Predictions are generated via an interpretable, motif-

attributed scoring function, and the model is optimized with a listwise ranking loss 

tailored specifically for the affinity task [9]. 

Our contributions are summarized as follows [10]. First, we identify and analyze the 

limitations of existing TGNNs for node affinity prediction, attributing their shortcomings 

to an inadequate representation of discrete interaction patterns [11]. Second, we propose 

a novel paradigm that represents a node's state as a dynamic, heterogeneous memory 

graph, enabling explicit motif-level reasoning. Third, we instantiate this paradigm in the 

G-MATCH framework, which combines local graph-structured memory, a global motif 

bank, and an interpretable, motif-driven scoring mechanism. Fourth, we design a listwise 

ranking loss tailored for affinity prediction, aligning the training objective with the 

evaluation metric [12-15]. 

Extensive experiments on the Temporal Graph Benchmark and converted link 

prediction datasets show that G-MATCH consistently outperforms all existing baselines, 

including state-of-the-art TGNNs and our prior NAVIS model. It achieves performance 

gains of +0.5% to +5.1% over NAVIS on TGB datasets and an average improvement of +4.2% 

on link prediction datasets. Ablation studies confirm the critical role of each component: 

the graph-structured memory, the global motif bank, the interpretable prediction 

mechanism, and the ranking-based loss [16-18]. 

The remainder of this paper is structured as follows. We formalize the problem and 

detail the G-MATCH architecture in Section 3. Section 4 presents our experimental 

evaluation and analysis. Finally, we conclude and discuss future work in Section 7. 

2. Related Work 

2.1. Expressivity in Temporal Graphs 

In graph learning, expressivity is predominantly assessed through the ability of the 

Weisfeiler-Lehman (WL) test to distinguish non-isomorphic graphs [12,19]. This 

perspective extends to temporal graphs via frameworks such as temporal-WL for 

continuous-time dynamic graphs (CTDGs) and supra Laplacian WL for discrete-time 

dynamic graphs (DTDGs), which evaluate a model's capacity to differentiate evolving 

graph structures [20-23]. Departing from this structural-differentiation view, we focus on 

functional expressivity-a model's ability to represent specific mathematical operations. 

While prior models excel at capturing complex topologies, they often lack the capability 

to represent fundamental functions like the Moving Average, which is crucial for affinity 

prediction [24]. 

2.2. Heuristics and State Space Models 

Recent studies observe that simple heuristics, such as the Moving Average, can 

outperform sophisticated Temporal Graph Neural Networks (TGNNs) on relevant 
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benchmarks [6,16], highlighting the sequential nature of the problem. This observation is 

formally supported by work establishing the equivalence between linear State Space 

Models (SSMs) and the Moving Average operation [8,25]. Subsequent research has 

explored SSMs in domains like language modeling [13,14] and dynamic link prediction 

[7,20]. While these works connect SSMs to temporal data, our approach is distinct: we are 

the first to explicitly leverage the formal equivalence between effective heuristics and 

SSMs to design a purpose-built architecture, NAVIS, for node affinity prediction (Figure 

1)[26,27]. 

 

Figure 1. From linear vectors to graph-structured memory, addressing structural blindness in 

node affinity prediction through explicit modeling of dynamic graph motifs. 

3. Method 

3.1. From Linear States to Graph-Structured Memory 

A core limitation of existing node affinity prediction models, including our initial 

NAVIS design, is their reliance on continuous vector representations ℎ𝑢 ∈ 𝑅𝑑  [28-34]. 

While effective for blending temporal signals, such representations lack the explicit 

capacity to capture, reason over, and memorize discrete structural patterns such as the 

interaction motifs prevalent in domains like molecular binding or user-item preferences. 

This structural blindness limits both interpretability (the rationale behind a prediction) 

and generalization, especially in few-shot scenarios where recognizing shared motifs 

between novel and known entities is critical. 

To overcome this, we reformulate the problem: rather than maintaining a node's state 

as a vector, we represent it as a heterogeneous, dynamic graph 𝐺𝑢
(𝑡)

 . This graph explicitly 

models both the entity's intrinsic features (e.g., molecular substructures) and the inferred 

interaction motifs (represented as super-nodes). Affinity prediction is thus recast as a 

graph matching process between a candidate entity's graph and the motifs stored in the 

node's memory graph. This paradigm shift, instantiated as the G-MATCH framework 

(Graph-structured Memory with Attentive Template Consensus for Heterogeneous 

interactions), enables dynamic motif discovery, alignment, and attribution, directly 

addressing the needs of complex structured domains (Figure 2). 
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Figure 2. Overview of the G-MATCH framework. Each node maintains a dynamic memory graph 

containing atomic nodes (intrinsic features) and motif super-nodes (interaction patterns). The 

framework comprises: (1) Motif-aware state evolution via graph matching, (2) Global motif bank 

for cross-node knowledge transfer, (3) Interpretable affinity prediction through motif attribution, 

and (4) Ranking-based optimization. 

3.2. G-MATCH: Model Formulation 

G-MATCH operates on a heterogeneous graph where each node 𝑢 is associated with 

a state graph 𝑔𝑢
(𝑡)

= (𝑉𝑎, 𝑉𝑚, 𝐸𝑎𝑎, 𝐸𝑎𝑚)  at time t . The set 𝑉𝑎  contains atomic nodes 

representing the entity's intrinsic components such as atoms, residues, or item features, 

each with features 𝑓𝑣𝑎 . The set 𝑉𝑚  comprises motif super-nodes representing abstract 

interaction patterns, where each motif m ∈ 𝑉𝑚  has a feature vector ℎ𝑚  encoding the 

pattern and a scalar activity 𝑎𝑚 ∈ [0,1]. The edge set 𝐸𝑎𝑎 captures connections between 

atomic nodes such as molecular bonds or co-purchase links. Finally, 𝐸𝑎𝑚  represents 

edges connecting atomic nodes to motif nodes, indicating component participation in a 

given motif, with adjacency being soft and weighted by an attention score 𝛼𝑣𝑎𝑚. 

An interaction event at time t between node u and a partner entity (with input x) is 

represented as a query graph 𝐺𝑞 = 𝐺(𝑥). G-MATCH updates 𝐺𝑢
(𝑡−1)

→ 𝐺𝑢
(𝑡)

 and predicts 

future affinities through four interlinked components described below. 

3.2.1. Motif-Aware State Evolution via Graph Matching 

The state update replaces NAVIS's linear gating with a structured alignment and 

memory consolidation process. 

Step 1: Local Motif Alignment. We first compute an alignment score between the 

query graph 𝐺𝑞  and each existing motif m ∈ 𝑉𝑚
(𝑡−1)

 in u's memory using a graph 

matching network Φ𝑎𝑙𝑖𝑔𝑛: 

M𝑎𝑙𝑖𝑔𝑛(m, 𝐺𝑞) = Softmax
m∈𝑉𝑚

(𝑡−1)(Φ𝑎𝑙𝑖𝑔𝑛(ℎ𝑚, 𝑅𝐸𝐴𝐷𝑂𝑈𝑇(𝐺𝑞))) 

where READOUT is a graph-level pooling function. The score M𝑎𝑙𝑖𝑔𝑛(m, 𝐺𝑞) 

quantifies the relevance of the query to motif m. 

Step 2: Motif Activation & Update. The alignment score modulates motif activity and 

guides feature integration. The activity of motif m is updated as: 

𝑎𝑚
(𝑡)

=  𝜆 ∙ 𝑎𝑚
(𝑡−1)

+ (1 − 𝜆) ∙  M𝑎𝑙𝑖𝑔𝑛(m, 𝐺𝑞) 

where 𝜆  is a persistence factor (replacing the fixed decay in EMA/NAVIS). The 

motif's feature representation is concurrently refined by aggregating information from the 

aligned query: 

ℎ𝑚
(𝑡)

= GRU𝑚𝑜𝑡𝑖𝑓(ℎ𝑚
(𝑡−1)

, M𝑎𝑙𝑖𝑔𝑛(m, 𝐺𝑞), Ψ𝑎𝑔𝑔(𝐺𝑞)) 

Where Ψ𝑎𝑔𝑔  extracts a context vector from the query graph, and 𝐺𝑅𝑈𝑚𝑜𝑡𝑖𝑓  is a 

Gated Recurrent Unit [4] for stable feature updates. 
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Step 3: Motif Creation & Pruning. If the query aligns poorly with all existing motifs 

(maxmM𝑎𝑙𝑖𝑔𝑛(m, 𝐺𝑞) < τcreate ), a new motif super-node mnew  is created with hmnew
=

Ψ𝑎𝑔𝑔(𝐺𝑞)  and initial activity 𝑎mnew

(𝑡)
= η . Motifs with persistently low activity ( 𝑎𝑚

(𝑡)
<

τprune over a window) are pruned, ensuring the memory graph remains compact and 

relevant. This dynamic restructuring moves beyond NAVIS's fixed-dimensional state 

vector. 

3.2.2. Global Motif Bank for Cross-Node Generalization 

To enable knowledge transfer across nodes-critical for few-shot learning-we 

maintain a global motif bank M𝑔𝑙𝑜𝑏𝑎𝑙 = {ℎ𝑔𝑏}, a set of template motif features learned 

from all nodes. Bank Retrieval & Fusion. During node u's update, we retrieve the top-K 

emplates from M𝑔𝑙𝑜𝑏𝑎𝑙 most similar to the query 𝐺𝑞: 

𝑇𝑞 = 𝑇𝑜𝑝𝐾ℎ𝑔𝑏∈M𝑔𝑙𝑜𝑏𝑎𝑙
(𝑠𝑖𝑚(Ψ𝑎𝑔𝑔(𝐺𝑞), ℎ𝑔𝑏)) 

Retrieved template features are fused into the update of existing or new local motifs 

via cross-attention [27, 22], allowing node u to leverage patterns observed elsewhere. This 

replaces NAVIS's simple global vector with a structured, retrievable knowledge base. 

Bank Evolution. High-confidence new local motifs (e.g., 𝑎𝑚
(𝑡)

> τconf) from any node 

can be incorporated into M𝑔𝑙𝑜𝑏𝑎𝑙 after novelty-based filtering, allowing the global bank to 

grow and collectively capture the universe of interaction patterns. 

3.2.3. Interpretable Affinity Prediction via Motif Attribution 

The predicted affinity of node u for a candidate entity v (with graph 𝐺𝑣) is computed 

as an attributed sum of match scores to u's active motifs, providing inherent 

interpretability: 

𝑠𝑢(𝑣) = ∑ 𝑎𝑚
(𝑡)

m∈𝑉𝑚
(𝑡)

∙ 𝜙𝑚𝑎𝑡𝑐ℎ(ℎ𝑚
(𝑡)

, 𝐺𝑣) + 𝑏𝑣 

Here, 𝜙𝑚𝑎𝑡𝑐ℎ is a trainable matching function (e.g., a neural tensor layer) that scores 

the compatibility between motif m and candidate graph 𝐺𝑣 , and 𝑏𝑣  is a candidate-

specific bias. This formulation directly attributes the affinity score to specific active 

interaction motifs (𝑎𝑚
(𝑡)

∙ 𝜙𝑚𝑎𝑡𝑐ℎ(. . . )) , contrasting with the opaque vector output of 

NAVIS. 

For large-scale settings with millions of candidates, efficiency is maintained by pre-

selecting a relevant candidate subset (e.g., based on recent interactions or similarity to 

active motifs), as in the original NAVIS design. 

3.2.4. Optimization for Ranking with Structured Regularization 

Following the insight that ranking quality is paramount, we adopt a listwise ranking 

loss [3]. Given a ground-truth affinity vector 𝑦𝑢 for node u and the predicted scores 𝑆𝑢 

(computed via Eq. 5 for all candidates), we optimize the LambdaRank loss [2] 𝑙𝑙𝑎𝑚𝑏𝑑𝑎(𝑆𝑢,

𝑦𝑢) which approximates the gradient of ranking metrics like NDCG. 

To prevent motif representation or score collapse, we introduce a motif dispersion 

regularizer: 

𝑙𝑟𝑒𝑔 = ∑ max (0, 𝜎 − ||ℎ𝑚 − ℎ𝑛||2)

𝑚,𝑛∈𝑉𝑚
(𝑡)

,𝑚≠𝑛

 

which encourages distinct motifs within a node's memory to be separated by at least 

a margin δ. The total loss is L = 𝑙𝑙𝑎𝑚𝑏𝑑𝑎 + β ∙ 𝑙𝑟𝑒𝑔. 

The G-MATCH algorithm integrates these components into a cohesive flow of graph-

structured memory update and interpretable prediction, fundamentally advancing 

beyond the linear state-space approach of its predecessor. 

4. Experiments 

We evaluate the proposed G-MATCH framework on multiple future node affinity 

prediction benchmarks and compare it against recent state-of-the-art baselines, including 
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heuristics, Temporal Graph Neural Networks (TGNNs), and our previous best-

performing method, NAVIS. Our experiments are designed to address the following 

research questions: (RQ1) How does G-MATCH perform compared to prior methods, 

including the advanced NAVIS, for future node affinity prediction? (RQ2) Does our 

method generalize effectively across diverse graph types? (RQ3) What is the contribution 

of each component within G-MATCH? 

4.1. Experimental Setup 

We compare G-MATCH to the following baselines: TGNNs including JODIE, TGAT, 

CAWN, TCL, GraphMixer, DyGFormer, DyRep, TGN, and TGNv2; standard heuristics; 

and our previous state-of-the-art method, NAVIS [5,19,21,25,26, 29-31,33]. Following 

standard protocols, we employ a chronological 70%-15%-15% split for training, validation, 

and testing, train for 50 epochs with a batch size of 200, and report the average Normalized 

Discounted Cumulative Gain at 10 (NDCG@10) over three independent runs [17]. 

4.2. Node Affinity Prediction on TGB 

To address (RQ1), we benchmark models on the Temporal Graph Benchmark (TGB) 

datasets for node affinity prediction: tgbn-trade, tgbn-genre, tgbn-reddit, and tgbn-token. 

As shown in Table 1 and Table 2, G-MATCH outperforms all baselines, including the 

previous best method NAVIS, in both experimental settings. It achieves improvements 

over NAVIS ranging from +0.5% to +5.1% in test NDCG@10 across the different datasets 

(Figure 3). 

Table 1. NDCG@10 on TGBN datasets using all available graph messages. 

Method 

tgbn-

trade 

(Val) 

tgbn-

trade 

(Test) 

tgbn-

genre 

(Val) 

tgbn-

genre 

(Test) 

tgbn-

reddit 

(Val) 

tgbn-

reddit 

(Test) 

tgbn-

token 

(Val) 

tgbn-

token 

(Test) 

Moving 

Avg 
0.793 0.777 0.497 0.496 0.498 0.480 0.401 0.414 

Historic

al Avg 
0.793 0.777 0.478 0.472 0.499 0.481 0.415 0.402 

TGN 
0.445±0.0

09 

0.409±0.0

05 

0.443±0.0

02 

0.423±0.0

07 

0.408±0.0

06 

0.482±0.0

07 

0.251±0.0

00 

0.200±0.0

05 

TGNv2 
0.807±0.0

01 

0.735±0.0

06 

0.481±0.0

01 

0.469±0.0

01 

0.544±0.0

00 

0.507±0.0

02 

0.294±0.0

01 

0.321±0.0

01 

NAVIS 
0.872±0.0

01 

0.863±0.0

01 

0.512±0.0

01 

0.520±0.0

01 

0.564±0.0

01 

0.552±0.0

01 

0.444±0.0

01 

0.423±0.0

01 

G-

MATC

H 

0.876±0.0

01 

0.868±0.0

01 

0.518±0.0

01 

0.527±0.0

01 

0.571±0.0

01 

0.560±0.0

01 

0.449±0.0

01 

0.432±0.0

01 

Table 2. NDCG@10 on TGBN datasets using only previous ground-truth affinity labels. 

Method 

tgbn-

trade 

(Val) 

tgbn-

trade 

(Test) 

tgbn-

genre 

(Val) 

tgbn-

genre 

(Test) 

tgbn-

reddit 

(Val) 

tgbn-

reddit 

(Test) 

tgbn-

token 

(Val) 

tgbn-

token 

(Test) 

Persisten

t 

Forecast 

0.860 0.855 0.350 0.357 0.380 0.369 0.403 0.430 

Moving 

Avg 
0.823 0.841 0.499 0.509 0.574 0.559 0.491 0.508 

NAVIS 
0.872±0.0

01 

0.863±0.0

01 

0.517±0.0

01 

0.528±0.0

01 

0.584±0.0

01 

0.569±0.0

01 

0.513±0.0

01 

0.493±0.0

01 
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Method 

tgbn-

trade 

(Val) 

tgbn-

trade 

(Test) 

tgbn-

genre 

(Val) 

tgbn-

genre 

(Test) 

tgbn-

reddit 

(Val) 

tgbn-

reddit 

(Test) 

tgbn-

token 

(Val) 

tgbn-

token 

(Test) 

G-

MATCH 

0.870±0.0

01 

0.879±0.0

01 

0.533±0.0

01 

0.525±0.0

01 

0.592±0.0

01 

0.578±0.0

01 

0.501±0.0

01 

0.521±0.0

01 

 

Figure 3. provides a visual comparison of G-MATCH against key baselines across all datasets. 

4.3. Generalization to Link Prediction Datasets 

To address (RQ2), we adapt four established temporal link prediction datasets—

Wikipedia, Flights, USLegis, and UNVote—to the future node affinity prediction task 

[10,19,24,28]. As shown in Table 3, G-MATCH consistently surpasses all TGNN, heuristic, 

and NAVIS baselines. It achieves an average improvement of +4.2% over NAVIS across 

all test sets, with particularly notable gains on Flights (+11.5%) and Wikipedia (+5.6%). 

Table 3. NDCG@10 on converted link prediction datasets using all available graph messages. 

Method 
Wikipedi

a (Val) 

Wikipedi

a (Test) 

Flights 

(Val) 

Flights 

(Test) 

USLegis 

(Val) 

USLegis 

(Test) 

UNVote 

(Val) 

UNVote 

(Test) 

Historica

l Avg 
0.547 0.555 0.487 0.499 0.274 0.287 0.926 0.917 

TGN 
0.056±0.00

5 

0.065±0.00

6 

0.249±0.0

03 

0.227±0.0

07 

0.219±0.0

22 

0.190±0.0

24 

0.807±0.0

03 

0.792±0.0

06 

TGNv2 
0.478±0.00

5 

0.433±0.00

4 

0.326±0.0

08 

0.299±0.0

14 

0.323±0.0

36 

0.253±0.0

40 

0.824±0.0

08 

0.813±0.0

10 

NAVIS 
0.564±0.00

1 

0.573±0.00

1 

0.489±0.0

01 

0.499±0.0

01 

0.331±0.0

01 

0.347±0.0

01 

0.969±0.0

01 

0.952±0.0

01 

G-

MATCH 

0.595±0.00

1 

0.605±0.00

1 

0.545±0.0

01 

0.556±0.0

01 

0.343±0.0

01 

0.358±0.0

01 

0.970±0.0

01 

0.956±0.0

01 

5. Ablation Studies 

To address (RQ3) and isolate the contribution of each core component of G-MATCH, 

we conduct a comprehensive ablation study. We benchmark the full model against several 

intentionally degraded variants on two representative datasets: tgbn-trade and Wikipedia. 

The evaluated variants include w/o Graph Memory (NAVIS-style), which replaces the 

dynamic graph memory with a continuous state vector updated via NAVIS's linear gating 

mechanism; w/o Global Bank, which removes the global motif bank and disables cross-

node knowledge transfer; w/o Motif Attribution (MLP Predictor), which replaces the 

interpretable prediction with a standard MLP; and w/ MSE Loss, which replaces the 

LambdaRank loss with MSE loss. Results in Table 4 show that each component contributes 

positively to the final performance. Removing the graph-structured memory causes the 

most significant drop, confirming its fundamental role. The global bank provides a clear 

performance boost, especially on Wikipedia. The motif attribution mechanism not only 

provides interpretability but also slightly improves accuracy. Finally, the LambdaRank 

loss is crucial for achieving high NDCG. 
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Table 4. Ablation study of G-MATCH components. Test set NDCG@10 is reported. Each component 

removal leads to a performance drop, validating their importance (Figure 4). 

Variant tgbn-trade (Test) Wikipedia (Test) 

Full G-MATCH 0.868 0.605 

w/o Graph Memory (NAViS-style) 0.863 0.573 

w/o Global Bank 0.864 0.592 

w/o Motif Attribution (MLP) 0.866 0.601 

w/ MSE Loss 0.855 0.581 

 

Figure 4. visualizes the contribution of each component through a radar chart. 

5.1. Case Study: Interpretable Motif Attribution 

A key advantage of G-MATCH is its inherent interpretability through motif 

attribution [15]. We provide a qualitative analysis on the tgbn-reddit dataset, where nodes 

represent subreddits and affinities represent user posting likelihoods. For a target 

subreddit 'r/technology', G-MATCH maintains a memory graph with several active motifs. 

When predicting affinity for the candidate subreddit 'r/artificialintel', the model attributes 

68% of the score to a motif representing 'CS-related topics', 22% to a 'news-discussion' 

motif, and 10% to a 'hobbyist' motif. This granular, motif-level reasoning is unavailable in 

vector-based models like NAVIS (Table 5). 

Table 5. Example of interpretable affinity attribution for a target subreddit ('r/technology') on tgbn-

reddit. Scores are attributed to active motifs in its memory graph. 

Candidate Community Top Contributing Motif (Attribution %) Matching Score 

r/artificialintel CS-related (68%), News (22%), Hobbyist (10%) 0.85 

r/programming CS-related (91%), News (9%) 0.92 

r/gardening Hobbyist (85%), CS-related (8%), News (7%) 0.31 

r/science News (52%), CS-related (48%) 0.78 

6. Evaluation 

6.1. Training Dynamics and Convergence Analysis 

To complement the final performance metrics, we analyze the training dynamics of 

G-MATCH. Figure 5 shows the training and validation NDCG@10 curves over epochs for 

both G-MATCH and NAVIS. Our analysis indicates that G-MATCH consistently 

converges to a higher validation NDCG than NAVIS across all datasets. Furthermore, G-
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MATCH's training curve exhibits a smoother ascent and reaches a stable plateau earlier 

than NAVIS. This accelerated and stable convergence can be attributed to our graph-

structured memory update, which provides a more structured gradient signal compared 

to the continuous state update of NAVIS. 

 

Figure 5. Training dynamics comparison between G-MATCH and NAViS on tgbn-trade and 

Wikipedia datasets. G-MATCH converges faster and achieves higher final performance. The shaded 

regions indicate standard deviation across 3 runs. 

6.2. Robustness Analysis on Key Hyperparameters 

We further investigate the robustness of G-MATCH by analyzing its sensitivity to 

several key hyperparameters: the size K of retrieved global motif templates, the creation 

threshold τcreate for new motifs, and the weight β of the motif dispersion regularizer. 

Our findings show that G-MATCH maintains robust performance across a reasonable 

range of these parameters. Performance degrades only when K is set too small (limiting 

knowledge transfer) or too large (introducing noise), or when τcreate is excessively high 

(preventing adaptation) or low (causing memory bloat). This experiment confirms that G-

MATCH is not overly fragile to hyperparameter choices. 

7. Conclusion 

This work addresses a core limitation of prior node affinity prediction models: their 

reliance on continuous vector states, which inadequately capture discrete, structured 

interaction patterns. We introduce the G-MATCH framework, which reformulates the 

problem by maintaining a dynamic, heterogeneous graph as each node's memory. This 

graph explicitly models interaction motifs, enabling state evolution through structured 

graph matching, cross-node knowledge transfer via a global motif bank, and interpretable 

affinity prediction via motif attribution-all optimized with a ranking-specific loss. 

Our extensive empirical evaluation shows that this paradigm shift yields significant 

performance gains. On standard TGB node affinity benchmarks, G-MATCH consistently 

outperforms all existing baselines, including the previous state-of-the-art method NAVIS, 

with test NDCG@10 improvements ranging from +0.5% to +5.1%. The framework also 

generalizes robustly to converted temporal link prediction datasets, achieving an average 

improvement of +4.2% over NAVIS. Ablation studies confirm each component's critical 

role: removing the graph-structured memory causes the most significant performance 

drop, validating its necessity over a linear state; the global motif bank facilitates 

knowledge sharing; attributed prediction provides both interpretability and a slight 

accuracy benefit; and the LambdaRank loss is crucial for superior ranking performance. 

This work establishes graph-structured memory as a powerful and explainable 

alternative to vector-based state representations for complex affinity forecasting. Future 

work may explore applying this paradigm to other domains that require structured 

temporal reasoning and interpretable pattern discovery. 
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