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Abstract

Continual Graph Learning (CGL) on non-stationary streams faces
the fundamental challenge of adapting to complex distribution
shifts, where the entanglement of invariant causal structures and
transient environmental noise inevitably leads to catastrophic for-
getting. Under such non-stationary conditions, existing methods
relying on incremental updates or raw replay are vulnerable to
recursive error accumulation: a minor misinterpretation of the shift
at an early stage propagates over time, causing a collapse in struc-
tural understanding. To tackle this, we draw inspiration from the
cognitive bifurcation in the human brain and propose DCD-
Hippo (Dual-Progressive Causal Diffusion with Hippocampal
Memory). This framework treats adaptation as a closed-loop in-
terplay between two systems. First, to handle real-time shifts, a
Progressive Causal Masking mechanism (Fast System) dynamically
prunes shift-induced noise to extract invariant causal skeletons.
Simultaneously, to rectify local drifts, a Causal-Anisotropic Dif-
fusion module (Slow System) internalizes these skeletons into a
global invariant representation space via generative reconstruction.
Crucially, we introduce the Evolving Hippocampal Memory that
re-activates this global knowledge to distill wisdom back into the
fast adapter, ensuring robust adaptation to continuous distribution
shifts. Extensive experiments demonstrate that DCDHippo signifi-
cantly outperforms state-of-the-art methods in both adaptability
and knowledge retention.
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1 Introduction

As graph data scales up and evolves, continual learning on dynamic
graphs faces new and acute challenges. The primary goal of Contin-
ual Graph Learning (CGL) [2, 7, 9, 15, 17, 19, 37, 43, 52, 60, 66] is to
enable a model to continuously learn from a stream of graph data
without catastrophically forgetting previously acquired knowledge.
To address this, existing research has primarily operated under
three adaptation paradigms [34, 40, 44, 55, 64, 69], each defining a
distinct mechanism for carrying historical knowledge forward.
The first paradigm, which can be termed recursive parameter
adaptation (Regularization-based), treats learning as a continuous
fine-tuning process constrained by regularization. Exemplified by
TWP [26], which explicitly minimizes the sensitivity of topological
aggregation weights to new tasks, and GraphSAIL [60], which em-
ploys knowledge distillation to preserve local and global structural
patterns, these approaches recursively update parameters while
penalizing deviations from the prior state. Other works, such as
RieGrace [43], further extend this by adapting to geometric curva-
ture shifts via Lorentzian distillation. Parallel to this is the paradigm
of incremental architecture expansion (Parameter-isolation), where
methods dynamically increase model capacity to accommodate
new distributions. Instead of overwriting weights, approaches like
HPNss [66] isolate new knowledge by instantiating hierarchical pro-
totypes for emerging atomic features , while PI-GNN [64] physically
segregates parameters into fixed stable parameter blocks and train-
able newly introduced parameter blocks to handle graph evolution.
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Figure 1: Motivation and paradigm comparison. The three
paradigms each have complementary strengths but remain
vulnerable to long-horizon drift under non-stationarity;
DCDHippo integrates fast causal masking with slow
diffusion-based internalization and hippocampal generative
feedback to break the "one-step-error, all-step-wrong” cas-
cade.

Similarly, RLC-CN [27] utilizes reinforcement learning to auto-
matically search for optimal layer expansions. The third paradigm
relies on raw experience replay. Approaches such as ER-GNN [70]
maintain a memory buffer of individual node attributes to circum-
vent the memory explosion problem , whereas SSM [67] selectively
stores sparsified computation subgraphs to retain essential connec-
tivity. More recent methods like CaT and PUMA [29, 30] further
advance this by condensing graphs into balanced, information-rich
snapshots for efficient replay.

However, as illustrated in Fig. 1, these paradigms remain brittle
under non-stationary graph shifts. Regularization/distillation meth-
ods preserve past knowledge by constraining updates, but their
step-wise adaptation can propagate early mistakes and amplify
drift. Architecture-expansion methods alleviate interference via pa-
rameter isolation, yet they incur growing complexity and still lack
a global invariant anchor. Experience replay revisits historical data,
but the buffer often mixes causal signals with context-dependent
noise, which can be repeatedly reinforced. Parallel adaptive graph
construction and ensemble methods [20, 21] harden representations
against structural perturbations, yet they target static settings and
offer little protection against long-horizon CGL drift.

Ultimately, non-stationarity exposes the curse of "one-step-error,
all-step-wrong”: a small misinterpretation at time ¢ can cascade into
long-horizon failure. This gap motivates a fundamental question:
how can a model break this curse and achieve deep understanding?
We find inspiration in Feynman’s aphorism, What I cannot create, I
do not understand. In biological systems, this is addressed by the cog-
nitive bifurcation between the neocortex and the hippocampus [35].
As conceptually summarized in Fig. 1, our design instantiates a fast
System 1 (green) for online adaptation and a slow System 2 (yellow,
global) that gradually captures global patterns into a generative
schema. Crucially, resilience arises from generative feedback: the
slow system periodically re-activates its memory to rectify and
evolve the fast intuition, preventing local errors from collapsing
global knowledge [14, 51, 54].

Guided by this intuition, we propose a framework that treats
graph continual adaptation as a collaborative journey between fast
intuition and slow reflection, namely DCDHippo (Dual-Progressive
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Causal Diffusion with Hippocampal Memory). To the best of our
knowledge, this is the first work to bridge causal pruning and gen-
erative diffusion within the CGL landscape. Our framework intro-
duces two intertwined innovations: First, to mitigate recursive drift,
we design a collaborative architecture consisting of Progressive
Causal Masking (Fast Intuition) and Causal-Anisotropic Dif-
fusion (Slow Internalization). While the Fast System performs
real-time edge pruning to adapt to current shifts, the Slow System
operates in the background, modeling the global distribution of
causal fragments via a Diffusion process. By reconstructing the
underlying invariant structure of all historical causal skeletons, the
Slow System internalizes a global invariant pattern that serves as
an anchor, effectively rectifying the local errors made by the Fast
System during streaming adaptation. Second, to achieve true cog-
nitive evolution, we introduce a standalone feedback module that
completes the learning loop. Instead of treating memory as a static
repository, DCDHippo’s Hippocampal memory actively generates
synthetic causal experiences from its internalized diffusion-distilled
distribution. These generated samples are used to refine the Fast
System through knowledge distillation. This generative feedback
mechanism ensures that the model not only remembers the past
but also utilizes global insights to sharpen its intuitive responses to
future, unseen distribution shifts.
Our contributions are summarized as follows:

e We propose DCDHippo, a cognitive-inspired dual-system
framework that integrates causal masking and generative
diffusion for robust continual graph learning.

e We introduce a progressive causal masking mechanism that
explicitly identifies invariant structures, providing a distilled
memory buffer that isolates causal regularities from transient
noise.

e We design a causality-guided curriculum diffusion strategy
that internalizes global knowledge through a generative re-
construction process, effectively balancing stability and plas-
ticity.

o Extensive experiments on diverse benchmarks demonstrate
that DCDHippoachieves state-of-the-art performance and
offers enhanced interpretability through its explicit causal
subgraphs.

2 Problem Statement
2.1 The Recursive Drift Phenomenon

Standard forgetting refers to the erasure of weights. However, in
graph streaming, we identify a more pernicious failure mode: Re-
cursive Drift. Since GNNs rely on message passing, structural noise
in G; propagates through layers. If the model f,_, (trained on past
data) has "forgotten" the invariant structure, it may misinterpret
the new graph G, generating biased embeddings. These biased em-
beddings then serve as the supervision for 0;, creating a feedback
loop where errors compound over time:

Drift:  Eg, [VoL(fo,(G:))]| # Ecy. [VoLiruel - (1)

To prevent this, the model requires a stable reference mechanism
(Phase I) and a robust generative replay (Phase II). We study con-
tinual graph learning where a GNN predictor fj is trained on a
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stream of tasks S = {71, 72, .. ., Tk }. At time step t, the learner ob-
serves only the current labeled graph dataset D, = (G, Y;), where
G; = (V4, A4, X;) denotes the node set, adjacency matrix, and node
features, respectively.

2.2 Continual Graph Learning Setting

We consider a continual learning scenario where a graph neural
network (GNN) model fp is trained on a sequence of graph tasks
S = {71,72...,9c}. At each time step t, the model receives a
new dataset D; = (G, M;), where G; = (V;, Ay, X;) denotes the
graph structure (adjacency matrix A; and node features X;), and
Y, represents the corresponding labels.

Following the strict continual learning protocol, once step t
starts, the learner cannot access raw data from previous tasks
{Dy, ..., D;_1}. After updating to parameters 6;, the model should
(i) adapt to the current task by minimizing the empirical risk on
D; and (ii) retain competence on past tasks. Concretely, we seek
to minimize the current loss while maintaining performance on all
previously seen tasks:

rréin L(Dy;6;) st L(D;;0;) does not degrade for i < t. (2)
t

This stability—plasticity trade-off is the core challenge addressed
by our method.

3 Methodology

We propose DCDHippo, a bio-inspired framework engineered to
mitigate the Recursive Drift Phenomenon in continual graph learning.
DCDHippo orchestrates a synergy between a Fast Intuitive System
(System 1) namely Progressive Causal Masking for real-time in-
cremental adaptation and a Slow Internalization Process (System
2) namely Causal-Anisotropic Diffusion that utilizes diffusion to
distill invariant causal laws, which are subsequently stored in the
Evolving Hippocampal Memory for generative replay.

3.1 Phase I: Progressive Causal Masking
(System 1)

To meet the stringent latency demands of online streaming, we
forgo heavy generative steps during inference. Instead, we deploy
a lightweight Causal Masker, formally defined as a parameterized
GNN-based scorer fs(-; 0s), which acts as a structural gatekeeper.
This module performs incremental learning to identify the causal
skeleton of the current graph snapshot G;, aiming to maintain
consistency with the recently acquired knowledge while filtering
transient noise.

Reference Retrieval. To constrain the masking process, we require
a structural reference adjacency matrix A,.s. At t = 0, we use an
uninformative prior. For ¢ > 0, we retrieve the reference from the
historical context to guide the current adaptation:

Ly ift =0,
Aref:{l |

A 3
Gi-q ift >0, ( )

where I} is the identity matrix representing a neutral bias, and
G,_1 denotes the explicit graph structure consolidated in the pre-
vious stage. With this structural prior A,s establishing a baseline,
the immediate challenge for fs is to distinguish which edges in the
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new observation G; deviate from this reference due to noise versus
genuine causal shifts.

Associative Masking. The Causal Masker employs a parameter-
ized scorer fs(+;0s) to evaluate the causal importance of the graph
structure. We formally define this scorer using a Graph Neural
Network (GNN) that processes the current node features X; and
the historical reference adjacency Ayef:

f:S (th Arer; 95) = GNN(X[, Aref)» (4)

which generates a raw score matrix S. Conditioned on these scores,
we formulate the invariant subgraph extraction as a differentiable
soft masking operation:

My, = O'(Suv)s Aitnv =A;OM, (5)

where o(-) is the sigmoid function, ® denotes the Hadamard prod-
uct, and M € [0, 1]!"VIXIVI is the learned causal mask. This formu-
lation allows the GNN to learn an associative mapping between
temporal structural changes and causal stability. This differentiable
operation preserves gradient flow.

Incremental Consistency Regularization. Since ground-truth causal
masks are unavailable in streaming scenarios, we cannot optimize
Os via direct supervision. Instead, we impose a predictive consis-
tency constraint via the Kullback-Leibler divergence (Dx,). To ob-
tain a global graph representation for classification, we employ a
Readout function R(-) that aggregates the node embeddings. We
force the prediction of the classifier Py on the current masked graph
representation to align with the prediction derived from the refer-
ence context:

Loons = Dia (Po(Y | RGA™) || Po(Y | RG(Are))) - (©)

where G(+) constructs the graph from the adjacency matrix and
node features. This objective ensures smooth transitions between
time steps by penalizing the masker if it preserves edges that cause
abrupt shifts in the model’s decision logic.

While Lons handles short-term consistency, relying solely on
this incremental constraint leads to recursive drift, where minor
errors in Aiter accumulate over time. To arrest this drift, we must
ground the model in a global, invariant distribution—a role fulfilled
by the Slow System described next.

3.2 Phase II: Causal-Anisotropic Diffusion
(System2)

To rectify the recursive drift inherent in Phase I, we introduce a
Causal-Anisotropic Diffusion process as the Slow System. This
module does not participate in online inference but works in the
background to distill a Global Causal Invariant.

Causal-Adaptive Noise Injection. We model the global internaliza-
tion as learning to reverse a diffusion process. Implicitly, this acts as
a Causality-Guided Curriculum: the model prioritizes learning
robust causal structures (which are preserved) before modeling
noisy variations (which are destroyed). The noise variance schedule
Py at diffusion step k is modulated by the causal scores My, derived
in Eq. (5):

15“) =B (1= Myy), @



KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

Step 1: Progressive Causal

Lﬁdelify

Jiahao Liang, Carl Yang, Haoran Yang, Zhiwen Yu, Mengzhu Wang and Kaixiang Yang

Step 3: Evolving Hippocampal

Masking(system1) her Memory
Re-activation
. =\ O Aer Evolutionary
- — Hippo Ly 2
-1 GNNsl @) ’ o > .. _j”; O%%
. o 52
; @ KL(Arer ! Adm) .
shift My — Evolving . - Gl
O O . O A FIND
Causal <:> ’
ﬁﬁf = 0 ‘.’ %
O O O . Evolving |
L
Step 2: Causal-Anisotropic °°"‘o°',:}YE"d o ””5 e Fi Laiy %‘,
. . ,\ U P\ > - 3
Diffusion (system?2) 3\ Giaba ,:/ La//gn e R :
Causal EGSY B leflcult *.__ Bl
Score LT 5 Pattern -7 continual
+” Noised x +* Noised ™ Generative Replay . i
T earnin
O O O o%o Cl ua/ @ Ly 9
O T O - 6 Pattern’ GNNS 5
0.0 1 1 : 5l 2
. s
o

5 Denoised , i X Denoised ,

RS PR SIS

é C‘asua/
i3 Parfern

Figure 2: Framework of DCDHippo. A fast system performs Progressive Causal Masking to extract an invariant subgraph
for online adaptation, while a slow Causal-Anisotropic Diffusion module internalizes historical causal skeletons into global
invariant knowledge. An Evolving Hippocampal Memory provides generative feedback to distill stable knowledge back to the
fast system, mitigating recursive drift. The three modules run under a decoupled two-stage schedule: System 1 operates at
every streaming step ¢, whereas System 2 and the Hippocampus are activated once per domain during a consolidation phase.

where fy is the standard base noise schedule, and A € [0,1] is a
hyperparameter controlling the strength of causal protection. The
latent adjacency structure Z(*) transitions via:

ng) { ﬂ(u v)Z(k 1) [ﬁ](cu,v)e,

Insight: High-causal structures result in low noise variance and are
preserved as anchors. This anisotropic forward process defines the
learning curriculum. The subsequent objective is to train a decoder
that can reverse this specific, causality-weighted corruption to
recover the invariant core.

e~ N(0,1). (8)

Global Reconstruction. The diffusion decoder Dy learns to de-
noise these states to recover the original adjacency. We employ a
causal-weighted Mean Squared Error (MSE) objective:

Ldiff = Ek,s,Gt Z (’-)(Muv) : ‘At
(u,0)

—D¢(Z(k),k,M)Hi, )

where w(-) is a weighting function, and || - || r is the Frobenius norm.
By minimizing Eq. (9), Dy captures the global distribution of causal
structures. Crucially, once optimized, the decoder Dy transcends
its role as a mere denoiser. It effectively encapsulates the global
causal law, allowing us to repurpose it as a generative engine for
the Hippocampal Memory in the final phase.

3.3 Phase III: Evolving Hippocampal Memory

To enable efficient and robust replay, we introduce a dedicated
Hippocampal Memory Module, parameterized by a lightweight
generator Hy. Unlike System 2 (Diffusion), which performs heavy
iterative denoising to distill global laws, the Hippocampus acts as
a rapid-recall engine. Crucially, this memory module is not static;
it co-evolves asynchronously with System 1 and System 2 across
two distinct phases—a high-frequency assimilation tied to System
1 and a low-frequency consolidation tied to System 2 (detailed in
Sec. 3.4).

Asynchronous Knowledge Distillation. The Hippocampus Hy, main-
tains a generative memory model of the causal history. Its evolu-
tion is driven by a dual-objective: assimilating the current causal
snapshot from System 1 while aligning with the global invariant
distribution distilled by System 2. We synthesize the replay batch
by sampling from this dedicated generator:

Grast = {Gk | Gk = Hy (z1), ze ~ N(0O,D}P_, (10)

where Hy, maps latent noise directly to graph structures. This ex-
plicit separation allows System 2 to focus on deep internalization
(high-fidelity but slow) while the Hippocampus focuses on agile
reproduction (fast and diverse) for replay. During online streaming
steps, Hy is held frozen and used purely as a sampler producing
Gpast to anchor System 1; its deep alignment with Dy is deferred to
the periodic consolidation phase.
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Hippocampal Evolutionary Objective. To ensure the memory gen-
erator Hy, accurately reflects the evolving global truth, we optimize
an evolutionary loss Leyolve that enforces both fidelity and diversity:

Levolve = Lﬁdelity + 4 Lalign + A2 Liy- (11)

The three terms in Eq. (11) are activated at distinct frequencies:
Ltdelity fires at every streaming step, whereas L,jign and Ly, are
only invoked during the periodic consolidation phase (Sec. 3.4).

Here, Lﬁdehty ensures the generator retains the most recent
knowledge by minimizing the reconstruction error of the current
causal snapshot G; © M;:

Lsgeity = [[(Gr © M) = Hy (Emem(G: © M|, (12)

where Epe, is a lightweight projection head that maps the graph
snapshot to the Hippocampus’s latent space; it is parameterized
independently of the backbone GNN so that memory dynamics
are fully decoupled from the downstream task representations.
|| - [|F denotes the Frobenius norm. Simultaneously, Ligy acts as a
Distillation Loss that forces the lightweight generator’s output to
match the robust representation learned by the System 2 Diffusion
Decoder Dy for the same latent code:

Latign = Ez- (o)) [||H¢/(Z) - Dqs(l)“lzc] . (13)

Finally, L4, prevents mode collapse by enforcing feature-space
repulsion:
1
Laiv = e ; lEmem (Gi) = Emem (G))ll2, (14)
where G;, Gj € Gpast. This ensures the Hippocampus does not sim-
ply memorize the latest sample but maintains a diverse population
of historical replay samples.

3.4 Generative Replay and Decoupled
Optimization

Finally, we close the cognitive loop via a Generative Replay mech-

anism. To prevent catastrophic forgetting while ensuring adaptation

to new patterns, the Fast System (Masker and Classifier) must be
optimized on both the present reality and the internalized history.

Hybrid Experience Replay. Instead of isolating the learning pro-
cess to the current graph G;, which risks overfitting and forgetting,
we construct a Hybrid Batch that combines the real current snap-
shot (G, ;) with the historical prototypes Gpast synthesized by the
Hippocampus. The Fast System is optimized to minimize the down-
stream task loss (e.g., Cross-Entropy) on this mixed distribution:

Lreplay = Liask + YE(Gk,Yk)~§past [Ltask(f}‘)red(ck O] f:‘i(Gk))’ Yk)]
(15)
Here, the first term drives the Masker to adapt to novel causal
shifts in the current stream, while the second term—the replay
loss—anchors the Masker to the global causal invariants provided
by the Hippocampus. This joint optimization effectively balances
the plasticity-stability trade-off.
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Decoupled Optimization Protocol. To coordinate the synergy be-
tween the Fast System (Sys1), Slow System (Sys2), and Hippocam-
pus (Hippo), we express the total training objective in the following
unified form for notational compactness:

Liotal = Lreplay + a1 Leons + a2 Laiff + @3 Levolve- (16)

This objective orchestrates a decoupled tripartite cycle: System 1
minimizes Lreplay to perform the downstream task accurately on
both present and past data, regularized by Lcons for smooth struc-
tural adaptation. System 2 minimizes Lgif to internalize global
invariants via diffusion. Hippocampal Memory minimizes Levolve
to distill knowledge from both systems into a generative replay
model.

In practice, although Eq. (16) is written jointly for mathematical
completeness, the optimization strictly follows a two-stage protocol
that mirrors the wake-sleep cycle of biological memory consolida-
tion: { Lreplay> Leons» Ldelity } are minimized at every streaming step
to handle the current shift, while { Lgir, Lalign, Laiv} are activated
only during the memory consolidation stage that runs once after
finishing the adaptation on each domain. Because the two groups
update disjoint sub-networks (the masking adapter vs. the diffusion
decoder and the memory generator), end-to-end gradient conflicts
are avoided and optimization remains stable.

Concretely, substituting Eq. (11) into Eq. (16) and regrouping
the six resulting terms by their activation phase yields the explicit
two-stage decomposition

Lreplay + o Lcons + a3‘£ﬁdelity + aZLdiff + a3/11—£align + a3/12-£div>

(a) streaming stage: every step ¢ (b) consolidation stage: once per domain

(17)
where stage (a) updates only the masking adapter (System 1) to-
gether with the fidelity head of Hy, while stage (b) updates only
the diffusion decoder Dy and the consolidation-aligned generator
Hy. Because the two stages act on disjoint parameter supports, the
schedule is mathematically equivalent to alternating block coordi-
nate descent on Eq. (16), which preserves its descent guarantees
while eliminating the cross-stage gradient interference that would
arise under naive joint optimization.

By optimizing Eq. 16, DCDHippo ensures that local adaptation
is continuously anchored to the evolving global invariant truth.

4 Experiments

In this section, we perform extensive experiments to assess the
effectiveness of the proposed DCDHippo framework under chal-
lenging unsupervised continual graph domain adaptation scenarios.
Specifically, we aim to answer: RQ1-how DCDHippo performs
compared to existing baselines on multiple benchmarks under in-
tensified shift settings (in terms of AP and AF); RQ2-how robust
DCDHippo is against the proposed Recursive Drift phenomenon
induced by poisoning topology injection in the temporal stream;
RQ3-the contributions of key components (e.g., CAD and EHM) to
overall performance; and RQ4-how core hyperparameters (e.g., A,
A1, and Ay) influence the performance and stability of DCDHippo.
We first introduce the experimental settings, and then answer these
questions in the subsequent subsections.
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OGB-Arxiv Elliptic Twitch-Explicit Facebook-100
Methods
(2-Year Gap) (Sudden Drift) (Cultural Shift) (Standard)
| AP-ACCT AFl | AP-FIT AFT | AP-AUCT AFT | AP-ACCT AFT

1) Graph TTA (One-step Adaptation)
TENT [47] 30.76+0.89  -3.29+0.54 | 32.13+1.59 -5.13+1.03 | 46.85+1.12 -2.47+1.36 | 46.62+0.52 0.67+0.22
GraphTTA [17] 34.62+0.58 -2.19+0.30 | 40.22+0.82 -3.82+0.62 | 48.91+0.56 -1.81+0.40 | 48.15+0.45 0.40+0.13

2) Invariant Learning (AF Inapplicable)
EERM [56] 36.24+0.11 N/A 44.53+0.39 N/A 50.17+0.28 N/A 49.74+0.01 N/A
OOD-CGL [23] 37.10+0.25 N/A 45.80+0.41 N/A 51.26+0.31 N/A 50.89+0.21 N/A

3) Continual Graph Learning
EWC [18] 35.57+0.40 -0.24+0.18 | 42.10+0.58 -0.58+0.20 | 49.50+0.43 0.19+0.07 48.56+0.35 0.85+0.17
CoTTA [49] 38.23+0.30  -1.95+0.24 | 43.03+0.46 -1.97+0.08 | 51.95+0.37 -0.39+0.49 | 50.17+0.10 0.50+0.15
CaT [29] 39.19+0.27 -1.02+0.18 | 45.61+0.33 -1.19+0.26 | 52.40+0.25 0.11+0.13 51.31+£0.23 0.62+0.11
UCGL [12] 39.52+0.24 -0.80+0.14 | 46.22+0.22 -0.94+0.14 | 52.83+0.22 0.20+0.15 51.80+0.39 0.68+0.19
PDGNNSs-TEM [65] 40.13+£0.31  -0.73+0.19 | 47.13+0.31 -0.81+0.29 | 53.19+0.16 0.23+0.10 52.14+0.27 0.74+0.16
GCAL [36] 41.27+0.26  -0.54+0.01 48.56+0.29  -0.48+0.15 | 53.59+0.17 0.47+0.12 52.77+0.37 0.79+0.10
DCDHippo | 44.55:0.11  0.120.09 | 53.21+0.15 0.25+0.02 | 56.36+0.15 0.64:0.09 | 54.39+0.13  0.82+0.24

Table 1: Overall performance (AP) and Average Forgetting (AF) on four datasets. Facebook-100 follows the standard setting,
while Twitch, Elliptic, and OGB-Arxiv adopt intensified shift settings. DCDHippo (highlighted) shows strong robustness. Best

results are bolded, and second-best are underlined.

4.1 Experimental Settings

In this section, we describe the experimental settings employed
to evaluate the performance of our framework under challenging
unsupervised continual graph domain adaptation scenarios. To
rigorously test model robustness, we intentionally construct se-
vere distribution shifts across temporal and regional dimensions.
Implementation details are provided in Appendix A.3.

Datasets. We evaluate our approach on four benchmark datasets:
Facebook-100 [46], Twitch-Explicit [38], OGB-Arxiv [13], and Ellip-
tic [33]. These datasets are configured to capture two representative
types of distributional shifts: temporal and regional.

For temporal shift, we employ OGB-Arxiv and Elliptic with in-
tensified settings. In OGB-Arxiv, we utilize papers published prior
to 2011 for pre-training. To simulate drastic evolution in scientific
topics, we introduce a two-year gap between consecutive target
domains (e.g., 2013, 2015, etc.) during the adaptation phase, rather
than the standard one-year interval. For Elliptic, unlike previous
works that discard the initial snapshots due to extreme class imbal-
ance, we explicitly restore the first six snapshots and include them in
the adaptation sequence. This introduces severe label distribution
shifts and sudden drifts to challenge the model’s stability.

For regional shift, we use Twitch-Explicit and Facebook-100. In
Twitch-Explicit, we construct a Cultural Shift scenario by grouping
networks based on geographical and cultural context. The model is
pre-trained on Western region networks (DE, ENGB, ES, FR, PTBR)
and adapted to Eastern region networks (RU, TW), creating a signifi-
cant structural and feature-based divergence. For Facebook-100, we
follow the standard setting [36], using Amherst41, Caltech36, and
Johns Hopkins55 for pre-training, and continuously adapting to the

remaining 11 university networks. Across all four benchmarks, the
pre-training split is also used to warm up the slow diffusion decoder
Dy and to align-initialize the Hippocampal memory generator Hy,
so that the first adaptation domain already enjoys a non-trivial
global causal anchor (see Appendix A.3).

Metrics. Following standard evaluation protocols for continual
learning [15], we employ a performance matrix R € RT*T to record
the testing results, where R; ; denotes the model’s performance on
the test set of domain j after the model has finished adapting to
domain i. Based on this matrix, we report two key metrics:

e Average Performance (AP): This metric evaluates the model’s
overall efficacy across all domains after the entire adaptation
process is completed. It is calculated as the mean of the final row
of the performance matrix:

T
1
AP = ;R” (18)

Higher AP indicates better overall adaptability and retention.

o Average Forgetting (AF): This metric quantifies the extent of
knowledge loss on historical domains as the model adapts to new
ones. It is defined as the average performance degradation of
each domain from its initial learned state to the final state:

-1
1
AF =7 JZ:;(RT,] ~Rj.j) (19)

A value closer to zero indicates less forgetting, while a signifi-
cantly negative value implies catastrophic forgetting.
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For the base metric of R; ;, we use Accuracy on Facebook-100
and OGB-Arxiv, ROC-AUC on Twitch-Explicit, and F1 (illicit
class) on Elliptic.

4.1.1 Baselines. We compare against representative baselines in
three categories: Graph TTA (one-step graph test-time adapta-
tion), graph invariant learning, and Continual Graph Learn-
ing (CGL). Graph TTA methods adapt the model only to the current
snapshot/domain (i.e., one-step), while Graph invariant learning
methods aim to capture environment-invariant signals for source-
to-target generalization. Note that many invariant-learning base-
lines are designed for Graph Out-of-Distribution settings and typi-
cally train new parameters for each target graph/domain; therefore,
their Average Forgetting (AF) is not applicable.

e Graph TTA (one-step): TENT [47] and GraphTTA [17]. These
methods update the model on the current target domain only.

e Graph invariant learning: EERM [56] and OOD-CGL [23].
These methods learn invariant representations across environ-
ments to improve OOD generalization, but are not tailored to
continual evaluation of forgetting.

e Continual Graph Learning (CGL): EWC [18], CaT [29], GCAL [36],

CoTTA [49], UCGL [12], and PDGNNs-TEM [65]. Among them,
GCAL and CoTTA are standard Continual Test-Time Adaptation
methods.

4.2 Overall Experiment

To answer RQ1, we conducted a comprehensive comparison against
a range of representative baselines, covering both general test-time
adaptation methods and specialized Continual Graph Learning
techniques. From Table 1, we can draw several key conclusions:

o First of all, our proposed DCDHippo consistently and signifi-
cantly outperforms all baselines across all four datasets, achieving
the highest Average Performance (AP) and the lowest Average
Forgetting (AF). This robust superiority is particularly evident
in the Cultural Shift scenario of Twitch-Explicit and the sud-
den drifts setting of Elliptic. This highlights the efficacy of our
Causal-Anisotropic Diffusion mechanism, which effectively disen-
tangles invariant causal factors from environment-specific noise,
allowing the model to adapt to drastic distribution shifts without
the catastrophic collapse observed in methods like TENT and
GraphTTA.

o Secondly, compared to Invariant Learning methods (EERM, OOD-
CGL) which focus solely on generalization, and Graph TTA
methods which focus purely on plasticity, CGL methods (GCAL,
CoTTA, PDGNNs-TEM) strike a better balance between learning
new tasks and retaining old ones. However, even among CGL
competitors, DCDHippo exhibits superior stability. Methods like
CaT rely on graph condensation, which may lose fine-grained
structural details during severe shifts. In contrast, our Evolving
Hippocampal Memory dynamically updates high-level prototypes,
enabling more efficient knowledge retention and significantly
lower (or even positive) Average Forgetting (AF) rates.

o Furthermore, a clear performance progression is observed when
handling severe shifts. In the intensified OGB-Arxiv (2-year gap)
and Elliptic (restored imbalance) settings, naive adaptation and
CGL methods (Tent, CaT and UCGL) fail significantly due to
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the accumulation of errors. While recent baselines like PDGNNs-
TEM show improved resilience, they still suffer from performance
degradation when the domain gap becomes too wide. DCDHippo
effectively mitigates this by bridging diverse domains through
causal invariant learning, establishing a new state-of-the-art for
unsupervised continual graph domain adaptation.

Finally, we provide a deeper analysis of the AF metric. AF is
reported as “N/A” for invariant-learning methods (e.g., EERM,
OOD-CGL) since they often re-initialize or train domain-specific
parameters for each graph, making forgetting along a single con-
tinual timeline ill-defined. Notably, DCDHippo as well as strong
CGL baselines such as GCAL and CoTTA can yield positive AF,
suggesting positive backward transfer: learning from later
domains strengthens representations and improves performance
on earlier domains, rather than merely preserving it.

4.3 Deeper analysis of Recursive Drift
Phenomenon: Poisoning Topology Injection.

To answer RQ2, we analyze the performance evolution on OGB-
Arxiv under the Poisoning Topology Injection setting with a two-
year gap interval. Figure 3 illustrates the performance trajectories
of DCDHippo compared to representative Continual Graph Learn-
ing (CGL) baselines (e.g., CaT, GCAL). The specific setting is detailed
in Section A.1. The injection occurs at step ¢t = 3 (Year 2017), repre-
senting the midpoint of the adaptation sequence, and we observe
two distinct phases of model behavior:

e Phase I: Immediate Impact (Robustness against Structural
Noise). At the injection step ¢ = 3 (Year 2017), all models ex-
perience a performance drop due to the sudden shift towards
heterophily. However, baselines relying on direct structural aggre-
gation (e.g., standard GNN backbones used in CaT) suffer a pre-
cipitous collapse, as the message-passing mechanism propagates
noisy neighborhood information indiscriminately. In contrast,
DCDHippo exhibits significantly higher resistance. This vali-
dates the effectiveness of our Causal-Anisotropic Diffusion, which
acts as a structural filter. By distinguishing between invariant
causal connections and environment-specific noise (the injected
heterophilous edges), our model suppresses the aggregation of
harmful neighbors, maintaining a relatively stable representation
even under attack.

¢ Phase II: Long-term Consequence (Mitigating Recursive
Drift). The most critical behavior arises in the post-injection
phase (t > 3, corresponding to 2019 and later), when the in-
put data stream reverts to its natural distribution. Nevertheless,
baseline methods exhibit a pronounced hysteresis effect: their
performance does not recover and instead remains persistently
degraded in subsequent time steps, indicating the presence of
Recursive Drift (see Appendix 2.1). Because these methods indis-
criminately condense historical graph instances, the poisoned
topology introduced at ¢ = 3 is stored as “toxic memories” in their
replay buffers. During later training, these corrupted memories
are repeatedly replayed, continually injecting biased gradients
VoL that steer optimization away from the true objective and
form a self-reinforcing feedback loop of accumulated errors.
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] DCDHippo (Ours)
— GCAL
— caT

Poisoning Injection
(Year 2017)

Rapid Recovery
(t>3)

Recursive Drift
(Hysteresis Effect)

Accuracy (%)

2013 2015 2017 2019 2021 2023

Figure 3: Performance evolution under Poisoning Topology
Injection in OGB-Arxiv. Injection at ¢ = 3 (2017) triggers a
drop; many baselines fail to recover (recursive drift), while
DCDHippo rebounds in later steps.
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Figure 4: Ablation study on Twitch-Explicit and Elliptic. We
compare the full model with three key variants, reporting
Average Performance (AP) and Average Forgetting (AF).

Conversely, DCDHippo recovers quickly and returns to near-
optimal performance at t = 5. We attribute this to the Evolv-
ing Hippocampal Memory, which reactivates past knowledge via
a lightweight generator and applies confidence-aware updates
to filter unreliable signals induced by the poisoned topology.
By avoiding indiscriminate replay of corrupted instances, DCD-
Hippo prevents memory pollution and breaks the recursive-drift
feedback loop.

4.4 Ablation Study

To answer RQ3, we verify the effectiveness of each component
in DCDHippo via ablation studies on two representative datasets:
Twitch-Explicit (Regional Shift) and Elliptic (Sudden Drift). We com-
pare the full model with three variants: 1) w/o CAD: Removes the
Causal-Anisotropic Diffusion module, relying solely on the GNN
backbone. 2) Isotropic Diffusion: Replaces the causal-guided diffu-
sion with standard isotropic diffusion, where structural information
is propagated uniformly without differentiating causal neighbors.
3) Random Replay: Replaces the Evolving Hippocampal Memory
with a standard replay buffer that stores randomly sampled raw
graph snapshots.
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As shown in Fig. 4, removing or altering key components leads
to varying degrees of performance degradation:

e Impact of Causal-Anisotropic Diffusion (CAD): The vari-
ant w/o CAD exhibits the lowest performance, confirming that
standard GNN aggregation is insufficient to handle severe dis-
tribution shifts. Crucially, simply adding diffusion (Isotropic
Diffusion) improves AP but results in negative Forgetting (AF).
This suggests that isotropic propagation indiscriminately aggre-
gates environmental noise and spurious correlations along with
structural information. In contrast, our Full Model with causal
guidance effectively filters out structural noise, achieving the
best stability.

Impact of Evolving Hippocampal Memory (EHM): Com-
pared with Random Replay, our prototype-based memory yields
consistently stronger stability. Although Random Replay achieves
reasonable Average Performance on Twitch, it incurs severe for-
getting on Elliptic (AF drops to —4.80%). We attribute this degra-
dation to memory pollution: the random buffer indiscriminately
stores samples from the restored early snapshots, which exhibit
extreme class imbalance and label-distribution shifts. Replay-
ing these toxic samples in later steps biases the update signals
and amplifies error accumulation. In contrast, EHM maintains a
compact set of evolving prototypes and performs outlier-aware
updates aligned with the inferred causal structure, thereby miti-
gating the propagation of noisy history and preventing recursive
drift.

4.5 Hyperparameter Sensitivity

To address RQ4, we conducted systematic sensitivity analyses to
investigate the influence of three core hyperparameters in DCD-
Hippo: the causal protection strength A, the alignment weight 1,,
and the diversity weight A;. These experiments were carried out
on representative datasets including Twitch-Explicit, OGB-Arxiv,
and Elliptic, covering regional, temporal, and class-imbalance shifts.
The results are summarized in Figure 5. These analyses shed light
on the optimal parameter configurations and further elucidate the
internal mechanisms underpinning our model’s robustness against
recursive drift.

(i) We first examined the impact of the Causal Protection
Strength A in our Causal-Anisotropic Diffusion module (Equa-
tion (7)), varying A in the range of [0, 1]. As shown in Figure 5(a)
and (b), the results on both Twitch-Explicit and OGB-Arxiv exhibit
a consistent bell-shaped trend, peaking between 0.6 and 0.8. No-
tably, when A — 0, performance drops significantly, indicating
that isotropic diffusion indiscriminately aggregates structural noise,
failing to filter the "poisoned" topology. Conversely, when A — 1,
the model becomes overly rigid, hindering the plasticity required
for adapting to genuine distribution shifts. This confirms that a bal-
anced protection mechanism is crucial for distinguishing invariant
causal structures from environmental noise.

(ii) Next, we investigated the Alignment Weight A; in the
Hippocampal Evolutionary Objective (Equation (11)), varying its
value from 0.01 to 5.0. Figure 5(c) reveals that performance on
OGB-Arxiv improves rapidly as A; increases and stabilizes around
A1 = 1.0. This parameter governs the distillation strength from the
slow System 2 (Diffusion) to the fast Hippocampal Memory. If 4; is
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Figure 5: Hyperparameter sensitivity of DCDHippo. (a,b)
Causal Protection A on Twitch-Explicit/OGB-Arxiv. (c) Align-
ment weight A; on OGB-Arxiv. (d) Diversity weight 1, on
Elliptic.

set too low, the lightweight memory generator fails to capture the
complex global invariants distilled by the diffusion model, leading
to memory drift and reduced replay quality.

(iii) Finally, we studied the effect of the Diversity Weight A, on
the Elliptic dataset, which is characterized by severe class imbalance
and sudden drifts. Figure 5(d) demonstrates a sharp performance
gain as A, increases from 0 to 1.0. Crucially, setting A, = 0 results
in suboptimal F1 scores and high forgetting rates. This is attrib-
utable to mode collapse, where the memory stores only dominant
prototypes (normal transactions) and ignores rare but critical pat-
terns (illicit transactions). Introducing explicit diversity forcing
ensures the retention of a diverse population of prototypes, which
is essential for robust replay in imbalanced streams.

5 Related Work

In this section, we briefly review two closely related research lines:
graph invariant learning under distribution shifts and continual
graph learning.

5.1 Graph Invariant learning

Learning invariant graph representations under distribution shifts
is central to robust graph learning [5, 24], aiming to capture stable
causal patterns while suppressing spurious correlations. Existing
literatures [11, 55, 63] can be broadly grouped into: (i) Explicit Struc-
ture Disentanglement and (ii) Implicit Invariance Regularization. The
first line identifies invariant subgraphs [3, 4, 8, 31, 59] that causally
determine labels. For example, DIR [57] and AIA [42] employ ratio-
nale generators to split graphs into causal vs. environmental parts
and emphasize causal information, while GIL [25] learns structural
invariance via a maximal invariant subgraph generator. The second
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line enforces invariance through objectives or robust training with-
out directly editing topology [16, 28, 58, 62]. Inspired by IRM [1],
GRM [50] and EERM [56] penalize risk variance across environ-
ments; contrastive methods [6, 53, 71] further encourage agreement
across augmented views. Despite progress, explicit methods may
still be unstable due to discrete optimization and reliance on strong
environment assumptions.

5.2 Continual Graph Learning

Continual Graph Learning (CGL) aims to enable GNNs to learn
from a task sequence or evolving graph snapshots while mitigat-
ing catastrophic forgetting [44, 69]. Unlike i.i.d. Euclidean streams,
graph data exhibit non-stationary topology and cross-task depen-
dencies, making it difficult to balance stability and plasticity. Ex-
isting approaches broadly fall into three paradigms: regulariza-
tion/distillation, parameter isolation, and replay. Regularization-
based methods preserve past knowledge by constraining updates or
distilling structure-aware semantics (e.g., MSCGL [2] and SEM [68]).
Parameter-efficient isolation [39, 61, 64] reduces interference by
freezing backbones and learning lightweight prompts/adapters,
such as PI-GNN [64] and G-Adapter [10]. Replay-based methods re-
hearse compact buffers, synthesize pseudo-graphs (e.g., Generative
Replay [32, 41, 48]), or select representative samples via gradient
matching [22, 26, 29, 30, 36, 45]. Nevertheless, most CGL frame-
works still treat stored structures or prompts as static evidence and
lack principled mechanisms to filter spurious, context-dependent
patterns, which can induce error accumulation over long horizons.

6 Conclusion

We studied graph continual learning under non-stationary distri-
bution shifts and identified recursive error accumulation as a key
driver of long-term performance collapse. To address this chal-
lenge, we proposed DCDHippo, a cognitive-bifurcation frame-
work that couples a fast Progressive Causal Masking module for
online noise pruning with a slow Causal-Anisotropic Diffusion
process that internalizes causal skeletons into a global invariant
pattern. An Evolving Hippocampal Memory further closes the loop
by re-activating generative knowledge and distilling it back to the
fast adapter, improving both adaptation and retention over time.
Extensive experiments across diverse benchmarks demonstrate
consistent gains over strong baselines in accuracy and forgetting
metrics, while also providing interpretable causal subgraphs. In
future work, we will explore more scalable diffusion backbones
and extend the framework to broader streaming settings such as
heterophilic and heterogeneous graphs.
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A Appendix

A.1 Experiment setting of Recursive Drift
Phenomenon

To empirically investigate the Recursive Drift Phenomenon and eval-
uate the model’s resilience against error propagation, we design a
specific Poisoning Topology Injection experiment on the OGB-
Arxiv dataset. While standard temporal shifts involve natural evolu-
tion, this experiment introduces a deliberate structural distribution
shift to induce catastrophic failure modes in memory-based meth-
ods. Specifically, at an intermediate time step ¢oison (€.g., the year
2014, representing the mid-point of the adaptation sequence), we
inject a "structural poison" by altering the graph topology Gi,,,;.0n
while preserving node features. We employ a Heterophily Injection
Strategy: we randomly rewire 50% of the intra-class edges (con-
necting nodes with the same label) to connect nodes with different
labels. This manipulation drastically reduces the homophily ratio,
creating a noisy graph structure that contradicts the underlying
semantic patterns. This setting serves as a critical stress test: if a
Continual Learning model blindly condenses this poisoned graph
into its memory bank, the erroneous structural bias will be replayed
in subsequent steps (t > tyoison), theoretically triggering the recur-
sive accumulation of errors even after the data stream returns to a
normal distribution.

A.2 Baselines

The baseline methods we compared are categorized into three main
types: Graph Test-Time Adaptation (Graph TTA), Invariant Learn-
ing, and Graph Continual Learning (GCL). Concretely, Graph TTA
includes TENT and GraphTTA, which adapt to the current test
graph in a one-step manner without explicitly preserving histor-
ical knowledge; Invariant Learning includes EERM and OOD-
GCL, which aim to extract environment-invariant information for
source-to-target generalization (and thus their Average Forgetting
(AF) results are inapplicable because they typically train new pa-
rameters for each graph); and GCL includes EWC, CaT, GCAL,
CoTTA, UGCL, and PDGNNs-TEM, which continuously adapt over
the stream while mitigating catastrophic forgetting.

e TENT [47]: A fully test-time adaptation method that updates
model parameters by minimizing the entropy of model predic-
tions on test data, serving as a representative instance-level adap-
tation baseline.

e GraphTTA [17]: A test-time adaptation framework specifically
designed for Graph Neural Networks (GNNs). It utilizes self-
supervised tasks to adjust the model to the target graph structure
and node features without accessing source domain labels.

o EERM [56]: A graph-specific method tailored for handling dis-
tribution shifts, which maximizes the variance of risk to simulate
diverse environments and enhance the model’s generalization
ability to Out-Of-Distribution (OOD) data.

e OOD-GCL [23]: An Out-Of-Distribution Graph Contrastive
Learning method that learns invariant graph representations.
It employs a contrastive objective to distinguish causal, invari-
ant subgraphs from environment-specific correlations, thereby
improving robustness against distribution shifts.
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o EWC [18]: A classic regularization-based continual learning
method (Elastic Weight Consolidation) that mitigates forgetting
by penalizing changes to parameters that are important for pre-
vious tasks, estimated via the Fisher Information Matrix.

e CaT [29]: A graph condensation-based continual learning method
that addresses data imbalance and memory efficiency by synthe-
sizing small, informative graphs for replay instead of storing raw
samples.

e GCAL [36]: A graph continual adaptive learning method that

employs a bilevel optimization strategy. It combines an informa-

tion maximization approach for adaptation with a variational
memory graph generation module to condense original graphs
into memories for replay.

CoTTA [49]: A standard continual test-time adaptation frame-

work that combines weight-averaged predictions with stochas-

tic neuron restoration to mitigate error accumulation and cata-
strophic forgetting during the continuous adaptation process.

UGCL [12]: A universal graph continual learning framework

that maintains knowledge by enforcing consistency in both lo-

cal and global structural representations through a specialized
distillation mechanism.

o PDGNNSs-TEM [65]: A parameter-decoupled GNN framework
combined with a Topology-aware Embedding Memory (TEM),
designed to effectively store and replay complete topological
information using compact embedding vectors.

A.3 Implementation Details

We follow the common continual graph adaptation protocol in the
referenced setting (see the paper excerpt in the main text) while

Jiahao Liang, Carl Yang, Haoran Yang, Zhiwen Yu, Mengzhu Wang and Kaixiang Yang

slightly tuning hyperparameters for our stronger shift configura-
tions. Hyperparameters are selected on the validation split of each
target domain.

Backbone. We use a 2-layer GCN as the backbone for Facebook-
100, Twitch-Explicit, and Elliptic, and use a 2-layer GraphSAGE for
OGB-Arxiv. The hidden dimension is set to d = 256 with dropout
0.5.

Optimization. We use AdamW with gradient clipping (max-norm
= 1.0). For pre-training, we set Ir = 2x10~* and weight decay = 1073,
and train for 150 epochs with early stopping (patience 20). During
this pre-training phase, we additionally warm up the diffusion
decoder Dy on the source-domain snapshot Gy and initialize the
Hippocampal generator Hy, by minimizing L,}ign against this initial
Dy. This ensures that the earliest online adaptation steps already
benefit from a meaningful global causal anchor through Lieplay,
avoiding the cold-start problem in which no global manifold would
otherwise exist before the first consolidation phase. For online
adaptation, we set Ir = 8 x 10™* and weight decay = 5 x 107, and
adapt for 5 epochs per domain (early stopping enabled).
Memory and diffusion. The Evolving Hippocampal Memory
stores at most 200 prototypes per domain (up to 1,000 in total);
the memory is updated once after finishing adaptation on each
domain. For Causal-Anisotropic Diffusion, we use K = 8 diffusion
steps. Unless otherwise stated, we set (4, A1, A2) = (0.7, 1.0, 1.0).
Hardware. All experiments are conducted on a single NVIDIA
5090 GPU (32GB memory).
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