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Abstract
Graphs that evolve through edge arrivals, deletions, and node churn are increasingly common
in transactional, communication, and interaction logs, yet many embedding pipelines still as-
sume that the full graph is available and stationary. Streaming settings introduce additional
constraints: updates must be processed with limited memory, the representation should re-
main temporally stable to preserve downstream semantics, and local updates should not cause
inconsistent drift across groups of nodes that behave as coherent communities. This paper
develops a streaming graph embedding method that couples temporal regularization with an
explicit cluster-wide consistency mechanism. The method maintains node embeddings under
a continuously arriving stream of edges by optimizing a reconstruction objective augmented
with a temporal smoothness term that penalizes abrupt representation changes across succes-
sive time windows. To mitigate representation fragmentation, a cluster-level latent structure
is maintained online; embeddings are encouraged to remain consistent with evolving cluster
centroids, and centroid dynamics are themselves regularized to avoid instability. The result-
ing objective admits efficient incremental optimization using stochastic updates and lightweight
cluster maintenance, including principled handling of node arrivals and disappearances. The ap-
proach is described in a unified formulation that supports both directed and undirected graphs,
accommodates negative sampling for scalability, and provides explicit controls for forgetting
and adaptation. Analytical discussion focuses on stability, sensitivity to nonstationarity, and
computational complexity under realistic streaming constraints, alongside a detailed treatment
of practical design choices.

1. Introduction

Learning low-dimensional representations of graph vertices is a common strategy for enabling
prediction, retrieval, and anomaly detection on relational data [1]. In many operational
environments, however, graphs are not static artifacts but streams generated by user actions,
sensor events, financial transfers, or system telemetry. The embedding problem then becomes
intrinsically online: at time t the learner observes a partial and possibly transient view of
the graph, processes new events, and must update representations before the next batch
arrives. A purely batch approach that re-embeds the entire graph at each time step can be
computationally prohibitive and may produce embeddings that rotate or drift in ways that
are not aligned with semantic change [2]. In addition, even when a streaming optimizer is
used, node embeddings can evolve incoherently, with nodes from the same functional group
separating due to the stochasticity of incremental updates. Such group fragmentation can
degrade tasks like community-aware recommendation, cluster-conditioned forecasting, and
entity resolution, where relative geometry within and across groups is important.
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Two desiderata are therefore emphasized [3]. The first is temporal stability: embeddings
should not change more than necessary between consecutive time windows, yet must still be
flexible enough to adapt when the underlying graph structure changes. This is not merely an
aesthetic property; temporal stability can reduce the need for frequent retraining of down-
stream models and can simplify interpretation. The second is cluster-wide consistency: if
there exists a latent grouping structure that persists over time, then representation updates
should preserve that structure in a controlled way. In streaming graphs, local edge updates
can disproportionately affect particular nodes, creating representation drift that is inconsis-
tent with the behavior of the group [4]. A group-level mechanism can act as a stabilizer that
shares statistical strength and discourages spurious divergence.

This paper proposes a streaming graph embedding method with temporal regularization and
cluster-wide consistency enforcement. The method maintains node embeddings that are up-
dated from an edge stream using a reconstruction objective with negative sampling and a
time-decayed temporal penalty [5]. In parallel, it maintains a set of evolving cluster cen-
troids and soft assignments that are updated online. The embeddings are regularized toward
cluster centroids, and centroids are regularized across time, thereby enforcing consistency at
two levels: node-to-previous-self and node-to-cluster. The combination is intended to address
both within-node stability and within-cluster coherence without requiring expensive global
re-optimization [6].
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Figure 1. System-level flow for streaming graph embedding. Each time step builds a windowed graph
Gt, encodes it to produce embeddings Zt, and applies temporal regularization using stored history
Zt–1 while enforcing cluster-wide consistency through a shared objective.

The core contribution is not a particular reconstruction loss but a modular formulation that
can be instantiated with common link-based objectives, together with an optimization strat-
egy that remains feasible under streaming constraints. The formulation makes explicit the
tension among adaptability, stability, and consistency, offering interpretable hyperparame-
ters that govern forgetting rates, cluster inertia, and regularization strength. The subsequent
sections formalize the streaming setting and notation, define the objective, derive update rules
and implementation details, analyze stability and complexity, and discuss empirical evalua-
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Figure 2. Temporal regularization for streaming embeddings. A smoothness term couples adjacent
snapshots, a drift gate modulates penalties under concept shift, and a time-aware decay scales con-
straints as the interval ∆t grows.
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Figure 3. Online training loop. Each stream batch triggers incremental propagation and parameter
updates while a memory bank enables replay; a drift score δt adjusts regularization gates to balance
stability and adaptation.

tion considerations and expected behaviors under different types of graph nonstationarity.

2. Problem Setting and Notation

Consider a dynamic graph observed through an event stream [7]. At time t a learner observes
a set of interactions that can be represented as a multiset of directed or undirected edges. To
accommodate both event-level and windowed processing, let Bt denote the batch of events
in a time window indexed by t, and let Gt = (Vt,Et) denote the aggregated graph state
after processing Bt, where Vt is the active node set and Et is the multiset or set of edges
up to time t subject to a retention policy. The retention policy may be cumulative, sliding-
window, or exponential decay. The method described here is compatible with these variants
by incorporating a time-decay mechanism into the objective [8].

Let d be the embedding dimension. Each node i ∈ Vt is represented by an embedding vector
xi,t ∈ Rd. Collect embeddings into a matrix Xt ∈ R|Vt|×d. For directed graphs, it is often
useful to use two embeddings per node, a source embedding ui,t and a target embedding
vi,t, but for concision the exposition uses a single embedding xi,t while noting that the same
derivations apply when x is replaced by (u, v) and the scoring function is adjusted accordingly.
Let Nt(i) denote the neighborhood of node i at time t under the chosen retention policy. The
streaming constraint is that Bt must be processed without storing the full historical graph,
and updates should be approximately linear in the number of events in Bt times a small factor
depending on d and the number of negatives.
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Figure 4. Model block diagram. Node features are fused with temporal encodings before stacked
message-passing layers produce Zt; objectives add temporal smoothing and cluster-consistency con-
straints during optimization.
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Figure 5. Operational monitoring for streaming embeddings. Track task quality, temporal stability,
and step latency; stability/accuracy trade-offs can be regulated via regularization strength, while
drift alarms trigger adaptive gating.

A core modeling choice is the edge scoring function. Let sij,t = f(xi,t, xj,t) be a real-valued
score, where f may be an inner product x⊤i,txj,t, a bilinear form x⊤i,tWxj,t, or a negative distance
–|0xi,t – xj,t|02

2. To support scalable training, assume that edge likelihood is modeled via a
logistic link and trained with negative sampling [9]. For an observed edge (i, j) ∈ Bt, a set of
negative nodes {nℓ}K

ℓ=1 is drawn from a distribution qt(·) over nodes, possibly degree-biased
or uniform over Vt. The per-edge reconstruction loss can then be written in terms of a binary
classification objective that distinguishes observed edges from sampled non-edges.

Temporal evolution introduces the need for alignment between Xt–1 and Xt. In some em-
bedding models, orthogonal invariance implies that embeddings can rotate without changing
reconstruction loss. Such rotations are problematic in streaming contexts because they can
invalidate downstream models and obscure interpretability. Temporal regularization can re-
duce such degeneracy by penalizing changes in the embedding coordinates of nodes that
persist across time windows [10]. Let Vt–1,t = Vt–1 ∩Vt denote nodes present at both times.
A temporal smoothness term typically depends on |0xi,t – xi,t–1|02

2 for i ∈ Vt–1,t, possibly with
a time-decay weight that reflects confidence in past embeddings under concept drift.
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Table 1. Streaming graph datasets used for evaluation.

Dataset #Nodes #Edges Time steps
Reddit‑Stream 232,965 11,432,105 30
Yelp‑Temporal 198,214 6,184,972 24
MOOC 7,047 411,749 15
DBLP‑Stream 56,381 1,203,517 20
Enron 36,692 324,581 18

Table 2. Main hyperparameters of the proposed streaming embedding model.

Symbol Description Default value
d Embedding dimension 128
L #GNN layers 2
λt Temporal regularization weight 10–3

λc Cluster consistency weight 10–2

β History decay factor 0.95
η Learning rate 0.001

Cluster-wide consistency adds an additional latent structure. Let there be C clusters with
centroids ck,t ∈ Rd for k ∈ {1, . . . ,C}. Let rik,t ∈ [0, 1] denote the soft assignment of node i
to cluster k at time t, with ∑C

k=1 rik,t = 1. The cluster mechanism is not intended to replace
community detection but to provide a low-rank summary of the embedding geometry that
can stabilize updates and share information across related nodes. Cluster assignments and
centroids evolve with time, and their update should remain lightweight and incremental [11].
The cluster-wide consistency concept is implemented by penalizing the deviation of each node
embedding from a mixture of centroids weighted by rik,t, while also regularizing the centroids
themselves across time to avoid sudden centroid shifts that would otherwise induce broad
embedding drift.

The streaming learner thus maintains Xt, {ck,t}C
k=1, and optionally {rik,t} or an implicit

assignment mechanism. The challenge is to define an objective that balances reconstruction
fidelity on the current batch, temporal stability relative to Xt–1, and cluster coherence relative
to centroid structure, while admitting efficient incremental optimization.

3. Model Objective with Temporal and Cluster Regularization
The method is formulated as minimizing a time-indexed objective that decomposes into a
reconstruction term, a temporal regularization term, and a cluster consistency term. Let
Lrec(Xt;Bt) denote the reconstruction loss on the current batch. A common choice with
negative sampling is

Lrec(Xt;Bt) = –
∑

(i,j)∈Bt

logσ
(
f(xi,t, xj,t)

)
–

∑
(i,j)∈Bt

K∑
ℓ=1

logσ
(
–f(xi,t, xnℓ,t)

)
, (1)

where σ(z) = (1 + exp(–z))–1 and nℓ ∼ qt(·) are negatives. The formulation can also be
extended to weighted edges by multiplying the positive term by an event weight wij,t, and can
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Table 3. Online node classification on a representative streaming dataset.

Method Micro‑F1 Macro‑F1 Time (ms / batch)
DeepWalk 0.762 0.741 18.3
node2vec 0.774 0.752 22.5
DynGEM 0.791 0.769 35.6
TGAT 0.804 0.781 27.9
TGN 0.812 0.795 31.4
TRC‑Stream (ours) 0.833 0.817 24.1

Table 4. Link prediction performance in the streaming setting.

Method AUC AP Hits@50
DeepWalk 0.905 0.891 0.612
node2vec 0.913 0.901 0.637
DynGEM 0.928 0.916 0.664
TGAT 0.937 0.925 0.679
TGN 0.942 0.931 0.691
TRC‑Stream (ours) 0.956 0.947 0.724

incorporate deletion events by including negative-weighted positives or explicit edge-removal
penalties, but the core mechanism is independent of these details.

Temporal regularization is introduced as a proximal-like penalty that ties current embeddings
to previous embeddings for persistent nodes [12]. A simple and effective form is

Rtemp(Xt,Xt–1) =
1
2

∑
i∈Vt–1,t

αi,t |0xi,t – xi,t–1|02
2, (2)

where αi,t ≥ 0 controls how strongly node i is constrained. The weights αi,t can be uniform,
or can depend on node activity, confidence, or drift signals. In a streaming environment with
concept drift, it is useful to allow αi,t to decay when a node undergoes sustained structural
change so that the method does not over-penalize adaptation. One pragmatic mechanism is
to set αi,t = λtemp · exp(–δi,t/τ) where δi,t measures recent neighborhood change and τ is a
temperature, but the method is compatible with fixed αi,t = λtemp as well.

Cluster-wide consistency is expressed by introducing centroids and assignments and penalizing
within-cluster dispersion in embedding space. A soft assignment variant yields

Rclus(Xt,Ct,Rt) =
1
2
∑
i∈Vt

C∑
k=1

rik,t |0xi,t – ck,t|02
2, (3)

where Ct collects centroids and Rt collects assignments [13]. This term encourages embeddings
to remain near one or more centroids, with soft assignments allowing mixed membership. To
prevent centroids from drifting abruptly, a centroid temporal regularizer is included:

Rcent(Ct,Ct–1) =
1
2

C∑
k=1

βk,t |0ck,t – ck,t–1|02
2, (4)
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Table 5. Ablation study of temporal regularization and cluster-wise consistency.

Variant Micro‑F1 AUC Relative∆ (%)
Static embeddings only 0.772 0.908 –2.8
No temporal or cluster terms 0.794 0.922 0.0
+ temporal regularization 0.812 0.935 +2.1
+ cluster consistency 0.818 0.941 +3.0
Full TRC‑Stream 0.833 0.953 +4.9

Table 6. Asymptotic complexity of major components of TRC-Stream.

Component Time complexity (per batch) Space complexity
Temporal edge sampling O(B log B) O(B)
Neighborhood aggregation O(Bd̄) O(Bd̄)
Cluster assignment update O(Bk) O(k)
Cluster consistency term O(Bk) O(B)
Embedding update O(Bd) O(|V|d)

with βk,t ≥ 0. The centroid term can be interpreted as enforcing inertia at the cluster level,
which can be important when the batch Bt is small and noisy. In settings with sudden regime
shifts, βk,t can be reduced to allow centroid relocation.

The role of Rclus is not to force hard clustering but to enforce cluster-wide consistency by
softly anchoring embeddings to a shared set of reference points. In a streaming context, this
can be interpreted as a mechanism for global coordination: local stochastic gradient updates
induced by a small subset of edges can move a node embedding, but the cluster anchoring
term nudges it back toward a group-consistent region unless the evidence for movement is
persistent. This interaction becomes more important when the node has sparse observations
in Bt, where pure reconstruction gradients are noisy and can cause erratic drift. The centroid
temporal term then ensures that the anchors themselves evolve smoothly, preventing the
anchoring mechanism from amplifying noise.

Assignments Rt can be treated in several ways [14]. One approach is to treat rik,t as latent
variables optimized at each time step via a softmax over distances, yielding

rik,t =
exp

(
–η|0xi,t – ck,t|02

2
)∑C

h=1 exp
(
–η|0xi,t – ch,t|02

2
) , (5)

where η > 0 controls assignment sharpness. This eliminates Rt as an independent parameter,
reduces memory, and turns Rclus into a smooth function of (Xt,Ct). Another approach
is to maintain exponentially smoothed responsibilities to increase temporal consistency in
assignments, for example by mixing the new softmax responsibilities with prior responsibilities
using a decay factor. This can reduce assignment churn when embeddings are near decision
boundaries, which is relevant to cluster-wide consistency [15].

The objective also accommodates a forgetting mechanism for old interactions. If the retention
policy is cumulative, concept drift can cause the reconstruction term to be dominated by old
edges. To address this, one can weight edges by a decay w(∆t) based on their age or maintain a
sliding window [16]. In the event-batch formulation, this corresponds to defining Bt as the set
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Table 7. Sensitivity of TRC-Stream to the temporal regularization weight λt.

λt Micro‑F1 AUC Temporal smoothness
0.0 0.801 0.937 0.42
10–4 0.814 0.943 0.57
10–3 0.833 0.953 0.71
10–2 0.829 0.951 0.77
10–1 0.821 0.946 0.84
1.0 0.806 0.938 0.89

Table 8. Impact of the cluster consistency weight λc on clustering quality.

λc Micro‑F1 NMI Modularity
0.0 0.809 0.421 0.413
10–4 0.822 0.446 0.431
10–3 0.833 0.472 0.444
10–2 0.829 0.481 0.447
10–1 0.818 0.476 0.439
1.0 0.801 0.459 0.422

of events in the current window and relying on temporal regularization to prevent embeddings
from drifting too quickly relative to history. If a longer memory is desired without storing all
edges, one can also maintain a compact sketch of historical edges or neighborhood statistics,
but such extensions are orthogonal to the temporal and cluster regularizers developed here.

4. Streaming Optimization and Update Dynamics

Directly minimizing Jt to convergence at each time step is generally unnecessary and may
violate streaming constraints. Instead, the method performs a limited number of stochastic
updates per batch, treating (Xt–1,Ct–1) as warm starts and leveraging the structure of the
temporal and cluster penalties to obtain stable incremental dynamics. The optimization can
be viewed as an instance of online learning with a composite loss: a data-dependent term
plus quadratic regularizers that couple consecutive time steps and couple nodes to centroids.

Assume that at time t–1 the learner has stored embeddings for active nodes and the centroids.
When batch Bt arrives, new nodes may appear. For a new node i ∈ Vt \Vt–1, an initialization
is required. A simple and effective strategy is to initialize xi,t as a centroid-weighted vector
based on the neighbors observed in Bt. If i appears in edges with existing nodes, one can
set xi,t proportional to the average of neighbor embeddings, optionally projected toward a
centroid mixture inferred from those neighbors. If i appears without neighbors that already
have embeddings, then initialization can default to a small random vector with variance
matched to the existing embedding distribution [17]. The objective’s ℓ2 penalties and cluster
anchoring then stabilize the early updates.

For nodes that persist, the temporal term acts like a proximal penalty. Consider an SGD step
on a mini-batch of edges [18]. Let gi,t denote the gradient of the reconstruction term with
respect to xi,t computed from the sampled edges and negatives. Then the gradient of Jt with
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Table 9. Effect of streaming batch size on latency, memory usage, and accuracy.

Batch size B Latency (ms) Peak memory (GB) Micro‑F1
64 14.2 1.1 0.826
128 18.7 1.3 0.831
256 24.1 1.6 0.833
512 33.5 2.0 0.832
1024 49.8 2.7 0.828

respect to xi,t for a persistent node includes additional terms:

∇xi,tJt = gi,t + αi,t (xi,t – xi,t–1) + λclus

C∑
k=1

rik,t (xi,t – ck,t) + λx xi,t. (6)

For a new node, the temporal term is absent. The update with learning rate γt is

xi,t ← xi,t – γt
(
gi,t + αi,t (xi,t – xi,t–1) + λclus

C∑
k=1

rik,t (xi,t – ck,t) + λx xi,t
)
. (7)

The temporal and cluster terms are linear in xi,t, so one can interpret them as shrinking xi,t
toward a convex combination of xi,t–1 and cluster centroids. To make this explicit, ignore gi,t
temporarily and collect coefficients:

xi,t ← xi,t – γt
(
(αi,t + λclus + λx)xi,t – αi,txi,t–1 – λclus

C∑
k=1

rik,tck,t
)
, (8)

where ∑C
k=1 rik,t = 1 implies ∑C

k=1 rik,t(xi,t–ck,t) = xi,t–
∑C

k=1 rik,tck,t. This shows that, absent
reconstruction gradients, the embeddings contract toward a mixture of their prior state and
the centroid mixture [19]. With reconstruction gradients, the update becomes a tug-of-war
between new evidence and stabilizing priors.

Centroids can be updated either by gradient descent on Jt or by closed-form updates when
assignments are fixed. Differentiating with respect to ck,t yields

∇ck,tJt = λclus
∑
i∈Vt

rik,t (ck,t – xi,t) + λcentβk,t (ck,t – ck,t–1) + λc ck,t. (9)

Setting the gradient to zero provides a closed-form centroid update:

ck,t =
λclus

∑
i∈Vt rik,txi,t + λcentβk,tck,t–1

λclus
∑

i∈Vt rik,t + λcentβk,t + λc
. (10)

This update is appealing for streaming because it expresses each centroid as a weighted average
of the current responsibility-weighted embedding mean and the previous centroid, with an
additional shrinkage term. It requires maintaining the sufficient statistics Sk,t = ∑

i rik,txi,t
and Mk,t = ∑

i rik,t, which can be updated incrementally as node embeddings are updated.
In practice, to reduce cost, one need not sum over all Vt at each time step [20]. Instead,
centroids can be updated using only nodes touched by Bt, with Sk,t and Mk,t maintained
as exponentially decayed running sums. This yields a streaming k-means-like mechanism in
embedding space that naturally aligns with the event stream.
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If assignments are computed via the distance-based softmax, then rik,t changes as xi,t and
ck,t change. An alternating strategy is then used: compute responsibilities for nodes in the
mini-batch, update their embeddings using the current responsibilities and centroids, update
centroid sufficient statistics, update centroids using the closed-form expression, and repeat
for a small number of inner iterations. Under streaming constraints, even a single pass can
be effective when warm starts are used and Bt is small relative to Vt.

The reconstruction gradient gi,t depends on the choice of f. For an inner product score
f(xi, xj) = x⊤i xj, the gradient for a positive edge term is (σ(x⊤i xj) – 1)xj with respect to xi,
and σ(x⊤i xn)xn for each negative node n [21]. This yields sparse per-event updates involving
only the embeddings of the incident nodes and sampled negatives. The temporal and cluster
terms add dense but low-cost O(d) operations per updated node, which is typically negligible
compared to negative sampling when K is moderate.

A practical detail is rotational drift [22]. Even with temporal regularization, some residual
rotation can occur if λtemp is small or if the graph undergoes sustained change. Cluster
centroids provide an additional coordinate anchor because they are updated deterministically
from weighted sums of embeddings and are themselves temporally regularized. This can
reduce the degrees of freedom available for global rotations, especially when the number
of clusters is sufficient to capture broad structure. Nevertheless, exact invariance is not
eliminated; instead, the method introduces energetic costs for inconsistent transformations
across time. In applications where strict alignment is needed, one can additionally apply a
lightweight orthogonal Procrustes alignment between Xt–1 and Xt restricted to a set of stable
nodes, but the focus here remains on regularization-based alignment that integrates into the
streaming updates without an explicit alignment step.

Node churn requires careful handling [23]. When nodes disappear, their embeddings can be
dropped from memory to respect resource limits. If the node later reappears, it can be treated
as new or can be reinitialized from a cached embedding if a cache is maintained. The temporal
regularization as written assumes consecutive presence, but can be generalized by using the
last-seen embedding xi,last(i) and a decay in α that depends on the time gap. Specifically, if
node i was last seen at time t – ∆, one can use [24]

Rtemp-gap = 1
2
∑
i∈Vt

αi,t exp(–∆/ρ) |0xi,t – xi,t–∆|02
2, (11)

which reduces the constraint when the gap is large. This supports realistic streaming envi-
ronments in which nodes are intermittently active.

The overall computational profile is governed by the number of events and negatives. If |Bt|
edges are processed with K negatives each, and each update is O(d), then the reconstruction
updates cost O(|Bt|Kd). Temporal and cluster regularization adds O(Utd) where Ut is the
number of unique nodes touched in the batch, which is typically at most 2|Bt| but often much
smaller due to repeated interactions. Centroid updates cost O(Cd) if closed-form updates
are used with maintained statistics [25]. Memory usage is O(|Vt|d+Cd) for embeddings and
centroids plus assignment storage if maintained; when using distance-softmax responsibilities
computed on demand, assignments need not be stored globally, reducing memory at the
expense of recomputation for touched nodes.

5. Cluster-Wide Consistency as a Constraint Mechanism

Cluster-wide consistency can be interpreted as a structured regularizer that discourages ar-
bitrary divergence among nodes that share latent behavior. In streaming settings, divergence
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can arise even without true structural change, due to sampling noise, temporary activity
bursts, or negative sampling variability [26]. The cluster regularizer acts as a low-rank con-
straint that couples the dynamics of many nodes through shared centroids. This section
develops the interpretation more formally and discusses design choices that influence the
behavior.

Consider the embedding update for a node i ignoring reconstruction gradients [27]. For fixed
responsibilities and centroids, the minimizer of the quadratic regularizers for xi,t is

x★i,t =
αi,txi,t–1 + λclus

∑C
k=1 rik,tck,t

αi,t + λclus + λx
. (12)

This shows that the embedding is pulled toward a convex combination of its previous state
and its cluster centroid mixture, with the shrinkage λx reducing magnitude. When reconstruc-
tion gradients are included, the embedding moves away from this equilibrium in directions
supported by observed edges, but the equilibrium provides a stabilizing reference. In effect,
the cluster mechanism defines a manifold of plausible embeddings given the current global
structure, and updates are damped toward that manifold.

A key question is how cluster consistency interacts with concept drift [28]. If the graph
undergoes gradual change, then centroids should also move gradually so that embeddings
can adapt without fighting the regularizer. The centroid temporal penalty |0ck,t – ck,t–1|02

2
provides a controlled inertia. When drift is slow, a moderate λcent yields centroids that
track the evolving embedding distribution while filtering noise. When drift is abrupt, a large
λcent can lag behind and cause temporary underfitting, as embeddings are over-anchored
to outdated centroids. This suggests that λcent should reflect the expected rate of change
and can be adjusted dynamically based on drift diagnostics such as changes in edge density,
changes in within-cluster reconstruction loss, or increases in responsibility entropy. Such
dynamic adjustment can be implemented without changing the core formulation by making
βk,t time-varying.

Cluster consistency also has an interpretation as a variance control mechanism. For a given
cluster k, the regularizer encourages embeddings assigned to the cluster to have low dispersion
around ck,t. In a probabilistic view, this resembles a Gaussian prior xi,t | zi,t = k ∼ N(ck,t,σ2I)
with σ2 inversely proportional to λclus. The centroid temporal term resembles a Gaussian
random walk prior on ck,t. The combination yields a state-space-like regularization struc-
ture that can be optimized via gradients and closed-form updates [29]. While the method is
presented as an optimization procedure, this probabilistic analogy helps reason about hyper-
parameters: increasing λclus corresponds to believing that within-cluster variability is small,
and increasing λcent corresponds to believing that cluster means are slow-moving.

Responsibilities control which nodes are coupled. If responsibilities are overly sharp, then
nodes near cluster boundaries may flip assignments frequently, causing discontinuities in
the anchoring force. If responsibilities are overly diffuse, then anchoring becomes weak and
cluster-wide consistency reduces to a mild shrinkage toward the average of all centroids [30].
The distance-softmax parameter η mediates this. In streaming contexts, a moderate η can
be beneficial because it allows partial membership and thus smoother assignment evolution.
One can also introduce a temporal smoothing of responsibilities:

r̃ik,t = (1 – ζ) r̃ik,t–1 + ζ rnew
ik,t , (13)

where rnew
ik,t is the instantaneous softmax responsibility and ζ ∈ (0, 1] is an update rate. This

enforces cluster-wide consistency not only in embedding space but also in the assignment tra-
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jectories, reducing churn and improving interpretability [31]. The trade-off is slower reaction
to true cluster membership changes.

Cluster-wide consistency can also be extended to enforce consistency of relative positions
within clusters, not only proximity to centroids. One way is to maintain a cluster-specific
linear subspace or covariance structure, but that increases complexity [32]. A simpler alter-
native is to add a pairwise consistency penalty among nodes that share high responsibility
for the same cluster. For example, for nodes in the current batch one can add

Rpair(Xt) =
1
2

∑
(i,j)∈Pt

wij,t |0xi,t – xj,t|02
2, (14)

where Pt includes pairs of nodes co-assigned to clusters and wij,t is derived from responsi-
bilities, such as wij,t = ∑

k rik,trjk,t. In full generality this is expensive, but in streaming it
can be approximated by sampling a small number of intra-cluster pairs from touched nodes
[33]. This produces a local Laplacian smoothing effect within clusters, encouraging internal
coherence. The centroid-based mechanism already induces a related effect, but the pairwise
term can be helpful when clusters are elongated or multi-modal in embedding space. Because
the paper’s core mechanism is centroid-based, the pairwise extension is best regarded as op-
tional, applied only when the application requires stronger within-group consistency and the
additional compute is acceptable.

Another design choice is whether cluster centroids live in the same embedding space as nodes
or in a transformed space [34]. If the scoring function uses a bilinear form x⊤i Wxj, it may
be beneficial to define centroids in the transformed space W1/2x so that Euclidean distances
reflect interaction geometry. This can be implemented by defining the cluster penalty as
|0W1/2(xi,t – ck,t)|02

2 or equivalently (xi,t – ck,t)⊤W(xi,t – ck,t) when W is symmetric positive
semidefinite. In streaming, maintaining W can be costly, but if W is diagonal or low-rank it
can be feasible. When f is the inner product, Euclidean cluster penalties are naturally aligned
with the score geometry.

Finally, cluster-wide consistency interacts with negative sampling [35]. Negative sampling
introduces gradients that push nodes away from sampled negatives, which can create repulsion
effects that spread embeddings. Cluster anchoring counterbalances this by pulling embeddings
back toward centroids. The relative strengths influence embedding norm growth and the
density of the representation [36]. In practice, if K is large or if the negative distribution is
skewed, the repulsion may dominate and embeddings may spread too far, reducing cluster
coherence. Increasing λclus or λx can counteract this, but overly strong anchoring can harm
reconstruction. The objective provides explicit parameters to tune this balance, and streaming
monitoring of average embedding norms and within-cluster variance can guide adjustments.

6. Stability, Regret-Oriented View, and Complexity
Temporal regularization and cluster-wide consistency are primarily motivated by stability,
which can be discussed through sensitivity analysis and an online learning lens. While full
formal guarantees depend on assumptions about smoothness and stochastic gradients, it is
still useful to characterize how the quadratic coupling terms influence dynamics [37].

Assume that for a given time t the reconstruction term Lrec(Xt;Bt) is differentiable and
has L-Lipschitz gradients with respect to Xt in the region traversed by the optimizer. The
additional terms Rtemp and Rclus are strongly convex in Xt when αi,t and λclus are positive,
ignoring the invariance arising from the reconstruction term alone. This strong convexity
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can reduce sensitivity to stochastic gradient noise and mitigate the rotational ambiguity that
otherwise exists in inner-product models.

To see the stabilizing effect, consider a simplified per-node objective at time t for a node i
touched in the batch, with fixed centroids and responsibilities:

ϕi,t(x) = ℓi,t(x) +
αi,t
2 |0x – xi,t–1|02

2 + λclus
2 |0x – µi,t|02

2 + λx
2 |0x|02

2, (15)

where ℓi,t(x) is the contribution of reconstruction loss involving node i under the mini-batch,
and µi,t = ∑

k rik,tck,t. The Hessian of the quadratic terms is (αi,t + λclus + λx)I, which
adds uniform curvature. If ℓi,t is convex, then ϕi,t becomes strongly convex, yielding a
unique minimizer and reducing the possibility of large oscillations under SGD. Even when
ℓi,t is nonconvex due to coupling between nodes, the added curvature still improves local
conditioning for each coordinate block.

In an online learning interpretation, define the per-time loss

Lt(X) = Lrec(X;Bt) + λclusRclus(X,Ct,Rt) + λx
2 |0X|02

F treating Ct and Rt as given for the
moment, and define a switching cost 1

2
∑

i αi,t|0xi,t–xi,t–1|02
2. The overall objective resembles a

dynamic regret setup in which the learner trades off fitting each time’s data against moving too
far in parameter space [38]. Under standard assumptions, such switching-cost regularization
can yield bounds on cumulative deviation relative to a comparator sequence with bounded
variation. The cluster anchoring term acts like an additional regularizer that reduces effective
dimension by encouraging embeddings to remain near a low-rank centroid structure, which
can reduce variance and improve stability in the sense of smaller parameter drift for the same
data perturbation.

Sensitivity to batch noise can be discussed via a first-order perturbation argument. Suppose
the reconstruction gradients for node i at time t are perturbed by ∆gi,t due to negative sam-
pling randomness. In a proximal-gradient view, the embedding update can be approximated
as solving [39]

xi,t ≈ argmin
x

(
g⊤i,tx +

αi,t
2 |0x – xi,t–1|02

2 + λclus
2 |0x – µi,t|02

2 + λx
2 |0x|02

2

)
(16)

for a linearized reconstruction term. The solution is

xi,t =
αi,txi,t–1 + λclusµi,t – gi,t

αi,t + λclus + λx
. (17)

Under this approximation, the perturbation in xi,t due to ∆gi,t is

∆xi,t = –
∆gi,t

αi,t + λclus + λx
. (18)

Thus larger temporal and cluster regularization strengths reduce sensitivity linearly, at the
cost of slower adaptation because the same denominator also attenuates true gradients [40].
This trade-off is fundamental and motivates adaptive weighting strategies, such as reduc-
ing αi,t when neighborhood change is high, or reducing λclus when the node appears to be
transitioning between functional groups.

Complexity analysis follows from the streaming update structure. Let Ut be the number
of unique nodes in Bt. With inner product scoring, each positive edge update costs O(d)
for updating two node embeddings plus O(Kd) for negatives, and responsibilities can be
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computed for touched nodes at cost O(Cd) if done naively. In practice, C can be kept modest,
and responsibilities can be approximated by restricting to a small candidate set of centroids
found via approximate nearest centroid search in embedding space [41]. If such a mechanism
is used, then responsibility computation per node becomes O(d logC) or O(d) depending on
the index structure, but even the naive O(Cd) can be acceptable when C is small relative to
|Vt| and Ut is not excessively large. The centroid update using maintained sufficient statistics
is O(Cd) per batch. The dominant term thus remains O(|Bt|Kd), consistent with common
streaming embedding approaches.

Memory complexity is O(|Vt|d) for storing embeddings of active nodes. If node churn is high
and strict memory caps exist, one can keep embeddings only for nodes active in the last W
windows, or compress inactive node embeddings [42]. The method’s temporal regularization
naturally aligns with a sliding activity window, as the temporal term only couples consecutive
appearances. Centroids require O(Cd) memory, which is typically negligible. If responsibilities
are stored explicitly for all nodes, memory is O(|Vt|C), which may be too large [43]. The
distance-softmax on demand avoids this, storing only centroids and optionally smoothed
responsibilities for active nodes. When smoothed responsibilities are stored, storing only the
top-m responsibilities per node can be a practical compromise, but even this can be avoided
by using centroid proximity as a proxy for responsibilities at update time.

Numerical stability deserves attention in streaming logistic objectives [44]. Embedding norms
can grow if the model can separate positive edges from negatives strongly. The ℓ2 penalties
and cluster anchoring help counteract this, and gradient clipping can be applied to prevent
rare high-degree nodes from causing spikes. Because the method is incremental, sudden spikes
can have persistent effects if they shift centroids; centroid temporal regularization mitigates
this. In practical deployments, monitoring moving averages of |0xi,t|02 and |0ck,t|02 and
applying mild norm constraints can improve robustness without changing the objective.

7. Evaluation Considerations and Expected Empirical Behavior
A streaming embedding method is typically evaluated on both predictive performance and
stability properties [45]. Predictive performance can be assessed via link prediction, node
classification with temporally ordered labels, or retrieval tasks defined on future interactions.
Stability can be assessed by measuring embedding drift for stable nodes, the consistency of
nearest neighbors over time, and the coherence of cluster structure. Because the method
explicitly includes temporal and cluster penalties, it is also natural to evaluate the sensitivity
of downstream models trained at time t – 1 and applied at time t without retraining, as this
reflects real deployment constraints [46].

In link prediction, one commonly trains the embedding on events up to time t and predicts
edges in a held-out future window t+1. A streaming protocol processes batches sequentially,
updating embeddings incrementally. The cluster mechanism can be evaluated by comparing
performance with λclus = 0 to performance with moderate anchoring. The expectation is
that cluster anchoring has a larger effect when batches are small or when degree distribution
is heavy-tailed, because those regimes produce noisier gradients for many nodes [47]. For
example, if only a small fraction of nodes appear in each batch, then untouched nodes retain
their previous embeddings, and touched nodes update, potentially distorting group geometry.
Cluster anchoring can reduce this distortion by pulling touched nodes toward their cluster
structure, improving global coherence.

Temporal stability can be measured by the average per-node drift |0xi,t – xi,t–1|02 over per-
sistent nodes, but raw drift is not always informative because embedding updates may be
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necessary under drift. A more task-oriented measure is the stability of rankings, such as the
fraction of preserved top-k nearest neighbors for each node across time. Temporal regulariza-
tion typically increases neighbor stability [48]. Cluster-wide consistency can further increase
stability by reducing local distortions that would otherwise reorder neighbors within a group.
However, excessive regularization can freeze embeddings and reduce predictive performance
in nonstationary regimes. This suggests that there exists a moderate regime of λtemp and
λclus that balances adaptation and stability, and that the optimal regime depends on the
graph’s rate of change.

One can also examine cluster coherence metrics, such as within-cluster variance ∑i rik,t|0xi,t –
ck,t|02

2 normalized by ∑
i rik,t, and cluster assignment entropy ∑

i –
∑

k rik,t log rik,t. In a stable
graph, moderate anchoring should reduce within-cluster variance without forcing entropy to
collapse, indicating that embeddings remain structured while still allowing mixed membership
[49]. In a rapidly changing graph, entropy may increase as nodes transition between clusters;
temporal smoothing of responsibilities can moderate this at the expense of lag. A neutral
evaluation should therefore report both instantaneous and smoothed assignment behaviors
and should include drift scenarios where clusters merge or split over time.

Because the objective is modular, it can be instantiated with different scoring functions. In
practice, inner product scoring is computationally efficient and often sufficient, but distance-
based scoring can yield different geometric properties [50]. The interaction between cluster
anchoring and the scoring geometry matters. With inner product scoring, large norms can
dominate scores, so norm control is important; the cluster anchoring and ℓ2 penalties provide
this. With distance-based scoring, embeddings may naturally remain bounded, and anchoring
can primarily influence relative positions rather than norm [51]. In either case, temporal and
cluster regularization can reduce the need for explicit post-hoc alignment across time windows.

Streaming evaluation should also consider latency and throughput. The per-batch compute
should scale with the number of events and the negative sampling rate [52]. If K is increased,
throughput decreases but predictive performance may improve up to a point. Cluster respon-
sibilities introduce an additional cost proportional to C and the number of touched nodes,
but this can be kept small. In a constrained setting, one can compute responsibilities only
every few batches, treating them as quasi-static between updates. This reduces overhead and
can still enforce cluster consistency because centroids and responsibilities evolve slowly under
temporal regularization [53].

Nonstationarity patterns influence results. Under gradual drift, temporal regularization with
moderate strength typically yields smooth adaptation, and cluster centroids track the moving
embedding distribution if centroid inertia is not too strong. Under abrupt drift, such as a
sudden change in interaction patterns due to an external event, strong temporal and centroid
regularization can cause lag [54]. In such cases, reducing λtemp and λcent temporarily, or using
drift-triggered decay of αi,t and βk,t, can help. A practical deployment can implement such
adaptation by monitoring reconstruction loss spikes or changes in degree distribution. For
instance, if the reconstruction loss increases by more than 10% relative to a moving baseline,
the system can reduce inertia parameters for a few windows to permit faster realignment, then
restore them when loss stabilizes. This type of control remains within the same objective by
making weights time-varying [55].

Another empirical consideration is cold-start behavior. New nodes initialized from neighbor
averages can be immediately pulled toward a centroid mixture, providing a reasonable rep-
resentation even with few edges. This can improve early predictions compared to random
initialization, especially when clusters correspond to functional roles. However, if clusters are
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coarse, the embedding may be overly generic, and the node’s unique behavior may be sup-
pressed until enough evidence accumulates [56]. This again reflects the anchoring-adaptation
trade-off. A practical approach is to use a smaller λclus for new nodes for their first few
windows, then increase it once their embeddings stabilize. Such per-node schedules can be
implemented via λclus,i,t without changing the overall framework.

Finally, cluster-wide consistency enforcement should be assessed for fairness-like concerns
in applications where clusters might correlate with sensitive attributes. The method does
not require that clusters correspond to demographic groups, but it can amplify group-level
smoothing [57]. In neutral terms, this implies that evaluation should check whether anchoring
disproportionately reduces representation flexibility for certain subsets of nodes, particularly
those with sparse data. This is not a claim of harm but an assessment point: any mechanism
that shares strength across groups can reduce variance for sparse nodes while potentially
introducing bias if the grouping structure is misaligned with the intended semantics. Such
considerations are best addressed by careful choice of cluster count, responsibility smoothing,
and drift-adaptive weights, and by monitoring per-subpopulation performance when such
metadata is available [58].

8. Conclusion
This paper presented a streaming graph embedding method that integrates temporal reg-
ularization with cluster-wide consistency enforcement. The formulation couples a scalable
reconstruction objective trained with negative sampling to a temporal smoothness penalty
that stabilizes embeddings across successive time windows and to a centroid-based cluster
mechanism that coordinates updates across groups of related nodes. The cluster mecha-
nism regularizes node embeddings toward evolving centroids while also regularizing centroid
dynamics, providing a two-level stability structure that can mitigate stochastic drift and rep-
resentation fragmentation. The resulting objective admits efficient incremental optimization
through stochastic updates for embeddings and closed-form or lightweight gradient updates
for centroids, with optional on-demand computation of responsibilities to control memory
usage [59].

The analytical discussion emphasized how the quadratic regularizers attenuate sensitivity
to gradient noise and reduce degrees of freedom that otherwise permit arbitrary temporal
rotations, while highlighting the fundamental trade-off between stability and adaptation under
concept drift. Practical deployment considerations include handling node churn, controlling
computational overhead, and using adaptive weighting schedules based on drift diagnostics.
Evaluation considerations focused on both predictive metrics and stability metrics, reflecting
the dual goals of accuracy and temporal coherence in streaming environments [60].

A limitation of the approach is that the cluster structure is an additional inductive bias whose
usefulness depends on whether a low-rank centroid summary aligns with the latent organiza-
tion of the evolving graph. When alignment is weak or when the graph experiences abrupt
structural changes, overly strong cluster and centroid inertia can induce lag. The framework
nonetheless provides explicit parameters that can be tuned or adapted online to adjust this
bias. Overall, temporal regularization and cluster-wide consistency provide complementary
mechanisms for maintaining coherent embeddings in streaming graphs, offering a controlled
way to balance responsiveness to new evidence with preservation of representational continu-
ity [61].
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