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Abstract. Real-world intelligent systems often require both distributed
collaboration across data-isolated clients and continual adaptation to
evolving tasks. This setting naturally gives rise to Federated Class In-
cremental Learning (FCIL), which combines Federated Learning (FL)
and Continual Learning (CL). However, their combination introduces
two coupled sources of interference: spatial interference from heteroge-
neous clients and temporal interference from sequential tasks, jointly
leading to Spatial�Temporal Catastrophic Forgetting (ST-CF). Exist-
ing approaches typically address spatial and temporal interference with
separate mechanisms, often incurring additional client-side computation
or communication, while leaving directional interactions among updates
during aggregation unregulated. In this paper, we reinterpret FCIL as a
uni�ed multi-task learning problem, where both client and task updates
are represented as adaptation vectors in a shared parameter space. Based
on this view, we propose Surgery & Merge (Sum), a purely server-side
framework that performs geometric surgery on adaptation vectors during
aggregation. Spatial Sum mitigates client-level interference within each
round, while causal online temporal Sum removes cross-task interference
over time without additional client-side computation, communication, or
memory beyond standard federated training. Empirically, Sum achieves
up to 22% improvement over prior FCIL methods across diverse vision
and language benchmarks while remaining robust to unreliable clients
and maintaining computational e�ciency.

1 Introduction

Federated Learning (FL) enables collaboration across distributed clients with-
out sharing private data [35,56], while Continual Learning (CL) allows models to
adapt to evolving tasks over time [18,46]. In many real-world settings, these capa-
bilities are required simultaneously: clients must learn sequential tasks from het-
erogeneous, non-independent and identically distributed (non-IID) data streams
while keeping data local. Federated Class-Incremental Learning (FCIL) therefore
emerges as a practical paradigm for lifelong federated intelligence [6, 61].

⋆ Corresponding author.
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Fig. 1: Left: Client or task updates during FCIL are represented as adaptation vectors
in parameter space from the base model.Middle: Directional interactions among these
vectors may lead to redundant or destructive updates. Right: Rather than resolving
these interactions along a single axis (FL-only or CL-only), Sum uni�es both axes and
regulates them, producing representations comparable to joint training.

However, combining FL and CL introduces tightly coupled sources of in-
terference: spatial interference caused by client drift under non-IID data [17],
and temporal interference caused by catastrophic forgetting across tasks [34].
These e�ects reinforce each other, forming spatial�temporal catastrophic forget-
ting (ST-CF) [55,59]. Consequently, mitigating only one axis often leaves residual
interference from the other.

During FCIL, updates from heterogeneous clients and sequential tasks are re-
peatedly combined in the shared parameter space. Their directional interactions
may produce redundant or destructive updates (Fig. 1), leading to degraded op-
timization. Similar directional e�ects have been extensively studied in multi-task
learning (MTL), where gradients from di�erent tasks may point in incompatible
directions, resulting in degraded generalization [27,44,52,60]. However, existing
FCIL methods mitigate ST-CF primarily through FL-oriented alignment [6], CL-
style regularization [18], replay [1,31,61], or prototype anchoring [8,59]. Although
some works address spatio-temporal interference jointly [3,37,58,59], most meth-
ods regulate update generation during local optimization through constraints,
auxiliary objectives, or data, while directional interactions among updates dur-
ing aggregation remain largely unregulated.

In this paper, we revisit FCIL from a uni�ed MTL perspective, where both
client and task updates are represented as adaptation vectors�interpretable as
gradient-like directions�in the shared parameter space. This view exposes their
directional interactions explicitly and enables analysis of these interactions at
aggregation time while preserving standard parameter communication [35]. From
this perspective, ST-CF can be understood as the cumulative e�ect of unresolved
directional interactions: spatial drift introduces heterogeneous update directions
across clients, while sequential tasks introduce interfering directions over time.

Building on this insight, we propose Surgery & Merge (Sum), a purely
server-side aggregation-time re�nement framework that performs geometric surgery
on adaptation vectors before merging. A parallel spatial Sum resolves client-
level interactions within each round, while a causal online temporal Sum regu-
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Table 1: Comparison with representative FCIL methods.

Method Client-side overhead Property

Extra objective Replay Extra memory Training modi�cation Server-only Interaction modeling

GLFC [6] ✓ ✓ ✓ ✓ × ×
TARGET [61] ✓ ✓ ✓ ✓ × ×
MFCL [1] ✓ ✓ × ✓ × ×
PILoRA [8] × × ✓ ✓ × ×
FOT [3] × × ✓ ✓ × ×
STAMP [37] ✓ ✓ ✓ ✓ × ×
LoRM [41] × × ✓ × × ×

SUM (ours) × × × × ✓ ✓

lates cross-task interactions over time. Importantly, Sum operates entirely at the
server during aggregation, introducing no additional client computation, com-
munication, or memory beyond standard federated training. Extensive experi-
ments on diverse vision and language benchmarks show that Sum improves �nal
averaged accuracy by up to 22% over prior FCIL methods, remains robust un-
der malicious-client settings, and maintains competitive computational overhead
compared to existing FCIL approaches.

2 Related Works

Federated Class Incremental Learning. Federated Class Incremental Learning
(FCIL) combines Federated Learning (FL) and Continual Learning (CL), yet
most existing methods address spatial drift and temporal forgetting separately.
Methods such as GLFC [6], CFeD [31], and TARGET [61] extend FedAvg [35]
with rehearsal or distillation, while parameter-e�cient variants (e.g . FedWeIT [57],
PILoRA [8], LoRM [41], Fed-CPrompt [2]) introduce task- or client-speci�c mod-
ules. Recent FCIL methods also use regularization, replay, stabilization, or distil-
lation to preserve previous-task knowledge [1,23�25,59]. Other works, including
FOT [3] and STAMP [37], reduce interference through projection or gradient-
alignment mechanisms during local optimization: FOT constrains updates using
activation-derived subspaces at task boundaries, while STAMP enforces gradient
alignment during client training. As a result, these methods regulate update gen-
eration largely during local training or through auxiliary knowledge-preservation
mechanisms, but do not explicitly model how client and task updates interact
when accumulated on the server. In contrast, Sum operates purely at aggregation
time, treating updates as adaptation vectors and explicitly decomposing their
directional interactions before merging. This design requires no modi�cation to
client-side training, since re�nement is applied only to vectors produced by stan-
dard local training and communication. Tab. 1 summarizes the key di�erences
between Sum and representative FCIL approaches.

Directional Gradient Interactions. In Multi-Task Learning (MTL), directional
interactions among task gradients are a well-known source of redundant or de-
structive interference that can destabilize optimization and degrade generaliza-
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tion. Many works therefore mitigate such interference by explicitly manipulating
gradients during optimization, including PCGrad [60], MGDA [43], CAGrad [27],
GEM [29], Aligned-MTL [44], and GPM [40]. These methods stabilize train-
ing by projecting gradients or enforcing compatible descent directions across
tasks. In FCIL, STAMP [37] follows a similar philosophy by performing spatio-
temporal gradient matching during client optimization. In contrast, Sum resolves
interference after local training by re�ning the geometry of communicated adap-
tation vectors at server aggregation time, rather than relying on centralized
optimization-time gradients or modifying client-side training. This preserves the
standard federated communication and training protocol.

Adaptation Vectors and Model Merging. Model merging studies how indepen-
dently trained task updates can be represented and composed in a shared pa-
rameter space. In this context, task-speci�c updates are often represented as
adaptation vectors, de�ned as parameter di�erences between a base model and a
task-adapted model. Task Arithmetic [15] introduced this formulation, later ex-
tended by TIES-Merging [53] and EMR-Merging [13], and applied to continual
(e.g . MagMax [32]) and federated settings (e.g . FedAWA [45], FedMerge [5]).
These approaches focus on parameter selection or weighted aggregation, but
do not explicitly decompose directional interactions among coexisting adapta-
tion vectors. In FCIL, LoRM [41] computes closed-form spatio-temporal merging
weights, yet still treats task vectors primarily as additive components. In con-
trast, Sum models both client- and task-induced updates as interacting adap-
tation vectors, explicitly handling within-round client coupling and cross-task
accumulation through a uni�ed server-side re�nement protocol.

3 Foundations

3.1 FCIL as a Uni�ed Multi-Task Learning Problem

We view Federated Class Incremental Learning (FCIL) through a multi-task
learning (MTL) perspective. Federated Learning corresponds to spatial MTL,
where heterogeneous clients optimize distinct objectives under shared parame-
ters, while Continual Learning corresponds to temporal MTL, where tasks arrive
sequentially under the same model [32,40]. FCIL naturally combines both struc-
tures: objectives vary across clients and evolve across tasks within a shared pa-
rameter space. A formal joint objective and its equivalence to this uni�ed MTL
view are provided in Appendix B.1. Under this view, interference arises when
updates from di�erent objectives interact through aggregation, which prior MTL
studies attribute largely to directional relationships among gradients [27,60].

3.2 Adaptation Vectors in a Shared Parameter Space

To formalize the directional perspective inspired by MTL, we analyze update
interactions directly in the parameter space. In FCIL, clients exchange model
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parameters rather than gradients, making the parameter space the natural do-
main for analyzing update interactions. We therefore represent both client- and
task-induced updates as adaptation vectors in the parameter space of the shared
model. Intuitively, an adaptation vector corresponds to the parameter change
between two model states (e.g . before and after training) [15, 53]. Since these
updates are produced by gradient-based optimization, they capture the accu-
mulated e�ect of gradient directions over local training steps or sequential tasks
(Appendix B.2). This allows directional interactions to be analyzed through the
resulting adaptation vectors, which are actually merged during federated and
continual aggregation. We �rst de�ne the client and task adaptation vectors.

Client Adaptation (Spatial Axis). At communication round t, the server broad-
casts θtG. Each client i performsKi steps of local training and returns the updated

parameters θt,Ki

i . We de�ne the client adaptation vector τ ti as:

τ ti := θt,Ki

i − θtG. (1)

Using this adaptation vector, standard FedAvg [35] can be written as

θt+1
G = θtG +

∑
i∈St

λiτ
t
i . (2)

Task Adaptation (Temporal Axis). Let θ
(k)
G denote the global model obtained af-

ter completing training rounds on task k. Across tasks, we de�ne an accumulated
task adaptation vector τk, relative to a common pretrained base θpre:

τk := θ
(k)
G − θpre. (3)

Rather than measuring updates relative to the immediately preceding model,
we anchor all tasks to the same pretrained base. This shared reference places
adaptation vectors in a common parameter frame, which both satis�es the con-
ditions of our theoretical analysis (Thm. 1) and enables explicit regulation of
their directional interactions. As we show in Sec. 4.3, operating on these accu-
mulated vectors is equivalent to resolving the interactions among the underlying
true sequential task updates.

Unifying Perspective. Both client updates τ ti and task updates τk reside in the
same shared parameter space and accumulate through repeated aggregation.
Their directional interactions therefore shape the evolution of the global model.
Across communication rounds, heterogeneous clients introduce diverse update di-
rections, while sequential tasks introduce additional directions over time. From
MTL perspective, when such directional interactions are not explicitly regulated,
their accumulated e�ects can distort shared representations [27,60], providing a
geometric view of spatial�temporal catastrophic forgetting (ST-CF). This per-
spective motivates our proposed Sum introduced in Sec. 4.
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Fig. 2: Overview of Surgery & Merge (Sum). After local training for task
k over R communication rounds, clients upload their updated weights to the server.
The server then applies spatial and temporal Sum to re�ne the adaptation vectors and
construct an inference-ready module for task k. Notably, Sum introduces no additional
client-side overhead beyond standard federated model training and communication.

4 Method

Building on Sec. 3, we present a uni�ed framework for resolving spatio-temporal
interference in Federated Class Incremental Learning (FCIL). We �rst introduce
our uni�ed projection principle.

4.1 Surgery & Merge

Overall Pipeline. As shown in Fig. 2, Sum operates in three stages across tasks.
The server applies Spatial SUM to remove directional interference among client
adaptation vectors, and Temporal SUM to regulate interactions with previously
learned tasks. The resulting task vectors are stored as a temporal basis and
converted into a compact inference module after each task. The resulting module
is used for inference, while subsequent local training proceeds from the spatially
aggregated model.

Core Idea. Before introducing our re�nement, we denote the standard aggrega-
tion result as

θstandard = θbase +
∑
i

λivi, (4)

where θbase denotes the anchor model (e.g . θ
t
G or θpre) and vi denotes an adapta-

tion vector produced during training (e.g . a client update τ ti or a task update τk).
In FCIL, the server aggregates multiple adaptation vectors produced by hetero-
geneous clients or sequential tasks using Eq. 4. When these vectors are combined
through naive summation, their directional interactions may produce redundant
updates or destructive updates, which distort the resulting representation.

Our goal is therefore to regulate these directional interactions during ag-
gregation. Given adaptation vectors {vi}, Sum re�nes each vector by removing
components aligned with others, retaining only its independent contribution in
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the shared parameter space. Formally, we compute a re�ned vector

v̂i = vi −
n∑

j=1
j ̸=i

vi · vj

∥vj∥22
vj . (5)

The resulting model is then obtained as

θSum = θbase +

n∑
i=1

λiv̂i. (6)

Intuitively, this re�nement reduces directional interference among adaptation
vectors, preventing overlapping or con�icting updates from dominating the ag-
gregated model. Importantly, Sum does not discard entire client or task updates;
it removes only the components that are directionally coupled with other vec-
tors, thereby preserving residual client- or task-speci�c directions. This interpre-
tation is empirically supported by our surgery-target ablation in Fig. 3, where
one-sided suppression of selected interactions is insu�cient, whereas Sum pre-
serves useful residual directions and achieves the best performance. Because the
re�nement operates directly in the parameter space, Sum can be applied once
at aggregation on the server side without modifying client optimization. Unlike
optimization-time methods [3,6,61], it requires no gradient storage or additional
forward/backward passes.

We further provide a local �rst-order analysis showing when Sum can im-
prove the aggregation-level training descent bound under standard smoothness
assumptions [27,60].

Theorem 1. Let θSum (Eq. 6) and θstandard (Eq. 4) be models obtained from
re�ned and standard merging, respectively. If all vi share the common base θbase
and task losses are convex with L-Lipschitz gradients at θbase, then:

L(θSum) ≤ L(θstandard).

See Appendix B.4 for the proof. This result should be interpreted as an aggregation-
level local training-objective statement under the stated common-base and smooth-
ness assumptions, rather than as a universal test-loss or global convergence guar-
antee. It formalizes a su�cient condition under which reducing directional inter-
ference yields a tighter local descent bound than naive aggregation. Generaliza-
tion behavior is therefore evaluated empirically through held-out Final Averaged
Accuracy (FAA), forgetting, sharpness, and class-margin analyses (Sec. 5, Ap-
pendix D).

4.2 Spatial Sum

In FL, client adaptation vectors τ ti coexist within each communication round
and often diverge due to non-IID data. Spatial Sum instantiates Eq. 6 on the
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set of client adaptation vectors at round t:

θt+1
G = θtG + λS

∑
i∈S

τ̂ ti , (7)

where λS is a scaling factor for spatial aggregation. Before applying Eq. 7 to the
client adaptation vectors, we suppress extreme coordinates via Z-score trimming.
For each coordinate index p, we zero entries with |z[p]|> zthr, where z[p] = (τ [p]−
µ)/σ denotes the Z-score of the p-th parameter coordinate. Without this step,
outlier coordinates may disproportionately dominate the inner products used in
Eq. 5. This can make the projection excessively large or even �ip its direction,
resulting in unstable re�nement updates (Tab. 5, Appendix D.3). Classi�er heads
are merged using RegMean [16].

System and Overhead. Clients perform standard local training and upload model
updates exactly as in conventional FL; all Sum operations are executed on the
server, introducing no additional client-side computation or communication.

4.3 Temporal Sum

After the �nal FL communication round R for task k, the server obtains θRG =

θ
(k)
G via the Spatial Sum and proceeds to Temporal Sum. Let the true sequen-

tial updates be ∆k = θ
(k)
G − θ

(k−1)
G . Although {∆k} capture the true learning

dynamics of task k, each update is de�ned relative to a di�erent base model

θ
(k−1)
G . Applying Eq. 5 directly to these updates therefore violates the common-
base assumption required by Thm. 1, which assumes that all vectors are de�ned
relative to a shared base model θbase. To satisfy this condition, we re-anchor task
adaptations to a common base model:

τk = θ
(k)
G − θpre. (8)

Online Surgery. As tasks arrive sequentially in FCIL, we perform an online
projection that incrementally handles directional interactions along previously
stored task adaptation vectors.

τ̂k = τk −
k−1∑
j=1

τk · τ̂j
∥τ̂j∥22

τ̂j , (τ̂1 = τ1). (9)

This online form is a sequential implementation of the same projection principle
used in Eq. 5. As discussed in Appendix B.5, it admits the same local descent-
bound interpretation under the stated assumptions. The following proposition
shows that performing projection on the accumulated vectors {τk} is equivalent
to resolving directional interactions among the true sequential task updates {∆k}
(see Appendix B.6 for the proof).

Proposition 1. Applying online surgery to {τk} produces the identical orthog-
onal vectors as applying the same procedure directly to {∆k}.
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System and Overhead. Temporal Sum is executed entirely on the server using
the uploaded model weights after each task. The server computes τk, performs
the projection, and stores the vectors {τ̂k}.

4.4 Inference-ready Module Construction

After temporal Sum, each τ̂k captures the interference-free adaptation of task

k. While client training continues from the global model θ
(k)
G for the next task,

we construct compact inference modules for deployment. Speci�cally, we convert
{τ̂k} into lightweight task-speci�c modules using a modi�ed EMR-Merging [13].

Step 1: Sparsi�cation. Each τ̂k is sparsi�ed via magnitude-based top-k selection,
retaining the largest kpct fraction of coordinates. Let Ωk denote the set of indices
corresponding to the largest kpct fraction of |τ̂k|:

τ̄k[p] =

{
τ̂k[p], p ∈ Ωk,

0, otherwise.

In practice, we �nd that retaining only these high-magnitude coordinates is
su�cient to preserve the dominant task-speci�c adaptation patterns (Fig. 6).

Step 2: Elect-Sign. From B̄ = {τ̄1, . . . , τ̄k}, we derive a uni�ed direction τuni
using a coordinate-wise sign-consensus rule. For each parameter coordinate, we
determine the majority-supported sign across tasks and assign its magnitude
using the largest aligned value. Coordinates whose signs disagree across tasks
are set to zero. This retains directions that are consistently aligned across tasks
while removing con�icting updates.

Step 3: Task-Speci�c Activation. To preserve task-speci�c behavior, each task
activates a subset of the uni�ed direction. We construct a binary mask mk where

mk[p] = 1 if τk[p]τuni[p] > 0 and 0 otherwise. A scalar factor sk = ∥τk∥1

∥mk⊙τuni∥1+ε

rescales the activation to match the original task magnitude, where ε is a small

constant for numerical stability. The inference model is reconstructed as: θ
(k)
infer =

θpre +mk ⊙ (sk · τuni). The server distributes the compact module (τuni,mk, sk),
while the shared pretrained backbone θpre is already available on clients.

5 Experiments

5.1 Experimental Settings

We follow a standard FCIL setup [41,42], using the same pure ImageNet-pretrained
ViT-B/16 [7] backbone for vision tasks (Sec. 5.2) and T5-Small [39] for language
tasks (Sec. 5.3). Unless stated otherwise, experiments use 10 clients, 10 sequen-
tial class-split tasks, and 5 communication rounds per task. Client data follow
a Dirichlet label-imbalance partition with β ∈ {0.5, 0.1, 0.05} or {1.0, 0.5, 0.2}
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Table 2: Evaluation on various vision-domain datasets in FAA (↑). Bold
indicates the best and underlined the second-best results.

CIFAR-100 ImageNet-R ImageNet-A EuroSAT CARS-196 CUB-200

Joint 92.75 84.02 54.64 98.42 85.62 86.04

Distrib. β 0.5 0.1 0.05 0.5 0.1 0.05 1.0 0.5 0.2 1.0 0.5 0.2 1.0 0.5 0.2 1.0 0.5 0.2

EWC 78.46 72.42 64.51 58.93 48.15 43.68 10.86 10.07 8.89 64.12 59.30 56.52 19.55 18.02 18.29 31.46 29.60 27.89

LwF 62.87 55.56 47.09 54.03 41.02 46.07 8.89 8.89 7.90 31.91 21.26 31.42 20.84 22.72 31.76 25.25 21.11 18.54

FisherAvg 76.10 74.43 65.31 58.68 50.82 47.33 11.59 11.06 10.14 58.84 59.94 55.86 26.03 24.60 21.58 30.45 28.39 25.06

RegMean 59.80 45.88 39.08 61.18 57.00 55.80 8.56 6.22 4.34 48.74 51.73 45.27 21.83 20.36 15.92 35.57 32.84 32.83

CCVR 79.95 75.14 65.30 70.00 62.60 60.38 39.50 36.27 35.94 64.44 57.93 62.69 38.99 37.81 35.31 62.67 59.48 56.33

L2P 83.88 61.54 55.00 42.08 23.85 16.98 20.14 17.31 16.85 40.63 51.78 45.46 35.49 31.00 20.01 56.23 47.31 38.16

CODA-P 82.25 61.82 46.74 61.18 36.73 25.82 18.30 14.48 7.31 73.38 69.42 66.69 28.04 20.83 14.53 42.53 37.71 29.19

FedProto 75.79 70.02 60.55 58.52 47.30 52.93 9.87 9.22 10.01 58.79 62.85 64.17 26.08 24.55 22.75 30.22 28.27 26.01

TARGET 74.72 72.32 62.60 54.65 45.83 41.32 10.27 11.39 10.73 52.74 52.74 45.11 28.65 27.20 26.13 39.30 38.40 34.79

PILoRA 76.48 75.81 74.80 53.67 51.62 49.37 19.62 18.70 20.01 48.35 32.89 31.22 37.57 37.92 36.95 61.11 60.68 60.39

FOT 79.26 76.45 69.89 68.65 59.92 55.12 18.37 17.25 15.01 59.58 57.07 48.07 33.53 33.49 30.57 45.88 41.78 41.28

LoRM 86.95 81.75 82.76 72.48 63.83 66.45 37.26 36.34 33.11 84.23 77.26 81.36 54.41 51.87 48.81 64.60 63.67 60.06

Sum 97.03 96.93 96.32 83.80 85.58 86.81 49.90 50.82 47.86 96.51 93.28 98.57 68.78 68.83 67.57 81.69 79.79 79.43

depending on dataset scale. We report Final Averaged Accuracy (FAA) after
the last task. For Sum, we set zthr = 4.5, λS = 0.4, and kpct = 5%. A central-
ized Joint baseline is included. All baselines are evaluated under the same FCIL
protocol [41], using the same backbone, task splits, client partitions, commu-
nication rounds, and data-access constraints. Method-speci�c hyperparameters
are selected following the original recommendations and reported in Appendix
C.1.

5.2 Vision Domain

Datasets. We evaluate Sum on six datasets spanning varying proximity to Im-
ageNet. Following prior work [41], we group them into three categories: in-
domain (CIFAR-100 [20], ImageNet-R [10], ImageNet-A [11]), �ne-grained (Cars-
196 [19], CUB-200 [50]), and out-of-domain (EuroSAT [9]). All datasets are split
into class-incremental tasks (10 for most, 5 for EuroSAT), and ImageNet-A and
Cars-196 use 10 FL rounds for stable convergence [41,42].

Baselines. We compare Sum with representative methods from FL, CL, model
merging, and FCIL. From FL, we include CCVR [30] and FedProto [48], ex-
tended to continual learning using ACE [4]. From CL, we evaluate EWC [18],
LwF [26], L2P [51], and CODA-Prompt [47], adapted to the federated setting via
FedAvg [35]. From model merging, we include FisherAvg [33] and RegMean [16].
Finally, we compare with FCIL-speci�c methods TARGET [61], PILoRA [8],
FOT [3], and LoRM [41]. For fairness, we exclude approaches requiring surro-
gate or centralized server data [14,31,59].

Results. As shown in Tab. 2, Sum achieves the highest FAA across all task set-
tings, outperforming all baselines by a large margin. The improvement is consis-
tent across all three dataset categories (i.e. in-domain, �ne-grained, and out-of-
domain), demonstrating the robustness of spatio-temporal re�nement of Sum.
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Table 3: Evaluation on language-
domain datasets in FAA (↑).

20-NewsGroups CLINC-150

Joint 93.37 95.53

Distrib. β 1.0 0.5 0.2 1.0 0.5 0.2

RegMean 52.38 50.96 58.31 74.16 74.80 70.78
CCVR 72.84 77.48 69.72 39.18 38.13 30.36
CODA-P 68.71 57.66 56.35 69.02 59.40 38.67
LoRM 88.58 84.73 88.10 84.78 82.58 77.67

Sum 89.42 85.53 89.52 96.24 95.93 94.11

Table 4: Backbone-wise robustness
evaluation of Sum.

Backbone Method
Distrib. β

0.5 0.1 0.05

LoRA
Joint 92.93
Sum 96.40 95.50 96.35

ConvNeXt
Joint 91.46
Sum 96.19 93.75 93.93

Table 5: Ablation study on the components of Sum on CIFAR-100 (β = 0.05)

Ablation Setting FAA (↑) Wall Time

Spatial Sum
w/o Z-score Trimming 85.87 (↓10.45) 1.00×
w/o Spatial Surgery 78.93 (↓17.39) 0.77×

Temporal Sum w/o Temporal Surgery 87.67 (↓8.65) 0.90×

Inference-ready Module
w/o Sparsi�cation 90.23 (↓6.09) 0.92×
w/o Elect-Sign 94.58 (↓1.74) 0.93×

w/o Mask Modular 91.24 (↓5.08) 1.00×
Sum � 96.32 1.00×

Notably, on several datasets such as CIFAR-100, ImageNet-R, and EuroSAT,
Sum even surpasses Joint. Sec. 5.6 analyzes this behavior through optimization
sharpness and representation separation.

5.3 Language Domain

Datasets. To verify that Sum generalizes beyond vision, we further evaluate it on
two text classi�cation datasets: 20-Newsgroups [21] for in-domain performance
and CLINC-150 (Out-of-Scope) [22] for robustness under domain shift.

Baselines. We adopt four representative baselines covering the paradigms of FL,
CL, model merging, and FCIL: CCVR, CODA-Prompt, RegMean, and LoRM.

Results. Tab. 3 presents the results of Sum on the language domain. Sum re-
tains its advantage beyond vision, achieving the highest FAA across all distri-
bution levels. It consistently outperforms all baselines and, in many cases, even
surpasses Joint under severe distribution shifts. These results show that Sum
generalizes seamlessly from vision to language, maintaining stable optimization
and consistent representations across heterogeneous domains.

5.4 Architectural Robustness

We assess the architectural robustness of Sum on CIFAR-100 under two rep-
resentative settings: (1) a parameter-e�cient backbone (LoRA [12]) commonly
used in FCIL, and (2) a CNN backbone (ConvNeXt [28]) to test generality be-
yond ViTs. As shown in Tab. 4, Sum maintains strong performance across both
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Fig. 4: Scaling behavior of Sum. (a) Number of
clients. (b) ViT backbone sizes.

architectures and varying levels of client heterogeneity. Notably, the LoRA-based
Sum even surpasses the full-�netuning (Tab. 2), consistent with �ndings that
parameter-e�cient modules preserve pretrained representations better than full
�ne-tuning while reducing communication cost [8, 41]. Overall, these results in-
dicate that Sum is architecture-agnostic and applicable across diverse models.

5.5 Ablation Study

Sum Components. Tab. 5 evaluates the contribution of each component of Sum
by removing them from the spatial and temporal axes as well as the inference-
ready module. The results show that spatial and temporal Sum form the core
of the framework, as removing either leads to a large performance drop. The
inference module components are also non-negligible: removing sparsi�cation,
Elect-Sign, or task-speci�c activation consistently degrades FAA, indicating that
compact residual selection and task-wise modulation are required to preserve
task-speci�c behavior after temporal surgery. Together, they enable the consis-
tent gains achieved by Sum.

Surgery Target. Sum handles both positive and negative cosine similarities of
adaptation vectors to mitigate redundant or destructive updates. A potential
concern is that modifying positively aligned vectors may remove bene�cial shared
information. To assess this, we compare three projection targets: positive-only,
negative-only, and bidirectional (both) cosine interactions. As shown in Fig. 3
(CIFAR-100, β = 0.05), the positive-only variant even underperforms the w/o-
Sum baseline, suggesting that naively altering positive directions disrupts the
consistent shared representation. In contrast, Sum operates on both positive
and negative components while improving performance, preserving essential se-
mantics and resolving both over-alignment and opposition.

5.6 In-depth Analysis

Scaling. We evaluate the client and model scalability of Sum on CIFAR-100 (β =
0.05) (Fig. 4a and Fig. 4b). For client scaling, we compare against EWC [18],
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Fig. 6: Hyperparameter sensitivity analysis of Sum.

a representative baseline sensitive to heterogeneity, and LoRM [41], a SOTA
method. As the number of clients increases, EWC quickly degrades and LoRM
plateaus below Joint, while Sum maintains and even surpasses Joint perfor-
mance. For model scaling, we include FedProto [48], the strongest full-�netuning
approach (Tab. 2). As ViT size grows from Tiny to Large, FedProto and EWC
show limited or negative gains, whereas Sum scales smoothly and consistently
outperforms Joint baseline across all model sizes.

Learning Dynamics To analyze spatio-temporal learning dynamics, we compare
baselines with Sum in Fig. 5 by sampling mean accuracies at the beginning,
middle, and end of each task. Across baselines, two consistent patterns emerge:
(1) a V-shaped learning curve during federated rounds and (2) a gradual per-
formance decline as tasks progress. The V-shape re�ects slower convergence in
early rounds, while the decline indicates catastrophic forgetting. In contrast, Sum
shows a much shallower V-shape and no noticeable drop across tasks, indicating
faster adaptation and better retention.

Hyperparameter Sensitivity We evaluate the robustness of Sum to three hy-
perparameters: the Z-score threshold zthr, the scaling coe�cient λS , and the
sparsi�cation ratio kpct. As shown in Fig. 6, Sum remains stable across broad
ranges, con�rming its insensitivity to hyperparameter settings. Accuracy peaks
near zthr = 3.0, where large outliers are trimmed without removing informa-
tive parameters. λS performs consistently well between 0.2 and 0.8, with 0.4 as
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Table 6: Computational overhead comparison across FCIL methods. D de-
notes the model parameter dimension, T the number of tasks, r the LoRA rank, Dattn

the attention parameter dimension, P the prototype size, G the Gram statistics size,
B the orthogonal basis size, and S the synthetic data size.

Method Upload Download Server Memory Round Time (s) Task Final. Time (s)

FedAvg O(D) O(D) O(D) 239.4 9.1

PiLoRA O(TrDattn + P ) O(TrDattn + TP ) O(D + TrDattn + TP ) 269.3 0.6

TARGET O(D) O(D) O(D + TS) 272.6 771.3

FOT O(D) O(D) O(D +B) 392.8 21.1

LoRM O(D +G) O(D +G) O(D +G) 689.7 24.5

Sum O(D) O(D) O(TD) 324.2 37.7
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Fig. 7: Memory footprint and mitigation for
server-side task scalability of Sum.

Table 7: Robustness to unreliable
clients on CIFAR-100 (β = 0.05).

Method Clean Avg. FAA ↑

LoRM 82.8 67.7 ± 8.7 (↓18.2%)
Sum 96.3 80.5 ± 9.6 (↓16.4%)

a balanced default. Finally, moderate sparsi�cation (up to 5%) improves accu-
racy by suppressing residual interference and highlighting essential parameters,
emphasizing the value of compact, interference-free representations in FCIL.

vs. Joint Training Joint does not explicitly regulate directional interactions
among gradients during centralized optimization. Prior work in MTL and CL
shows that such interactions can lead to sharper minima and less separated repre-
sentations [27,38,52], implying that Joint is not necessarily an oracle. In contrast,
Sum explicitly removes redundant and destructive components from adaptation
vectors before aggregation. To examine this behavior, we analyze the local loss
landscape and representation geometry on CIFAR-100 (β = 0.05) test set, mea-
suring sharpness as the loss increase under ℓ2 weight perturbations (ρ = 0.2)
and class separation via inter-class cosine distances between penultimate-layer
representations. As shown in Appendix D.7, Sum converges to �atter minima
(sharpness 7.7×10−4±1.2×10−4 vs. 3.18×10−3±4.5×10−4) and larger margins
(0.482±0.021 vs. 0.362±0.018) than Joint. These results suggest that resolving
directional con�icts before aggregation leads to more stable optimization and
improved class separation, explaining why Sum can outperform Joint.

5.7 E�ciency and Practical Considerations

We analyze the computational overhead of Sum compared to representative
FCIL baselines. Tab. 6 summarizes communication complexity, server memory
requirements, and measured runtime on a single H200 GPU, including round
time and task �nalization time. Although Sum operates on adaptation vectors,
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it introduces only lightweight server-side computation while keeping communi-
cation costs identical to standard FL updates.

Memory Footprint and Mitigation. In the worst case, maintaining past re�ned
task vectors on the server scales as O(TD), where T is the number of tasks andD
is the model parameter dimension. Since this cost is entirely server-side, it does
not introduce additional client memory, computation, or communication, but it
can become non-negligible as the number of tasks grows. We therefore evaluate
simple task-vector compression strategies: low-precision storage using FP16 or
INT8, and top-k sparsi�cation that keeps only the largest coordinates of each
task vector. As shown in Fig. 7, these compression schemes substantially reduce
temporal storage up to 50 tasks while preserving the qualitative FAA trend.
This suggests that the O(TD) storage cost is manageable in practice through
lightweight server-side compression.

Unreliable Client Robustness. To evaluate robustness under unreliable partici-
pants, we simulate malicious clients by corrupting local training labels. Speci�-
cally, 1�4 out of 10 clients are trained with shifted ground-truth labels to produce
misleading updates. As shown in Tab. 7, Sum maintains substantially higher
accuracy and exhibits smaller performance degradation than LoRM [41]. This
behavior arises because Sum re�nes adaptation vectors at aggregation time, sup-
pressing incompatible directions introduced by corrupted client updates.

6 Conclusion

We introduced Surgery & Merge (Sum), a uni�ed framework for Federated
Class Incremental Learning (FCIL) that models federated and continual up-
dates as spatio-temporal interactions among adaptation vectors. By performing
projection-based surgery at aggregation time, Sum removes redundant and con-
�icting update components, enabling stable integration of heterogeneous client
and task updates. Extensive experiments show that Sum consistently improves
performance across FCIL benchmarks while maintaining lightweight communi-
cation and computation overhead. Importantly, this improvement is achieved
without modifying client-side training, adding replay bu�ers, or requiring addi-
tional client communication, making Sum compatible with standard federated
deployment protocols. These results highlight the importance of modeling di-
rectional interactions among adaptation vectors for resolving spatio-temporal
interference in FCIL.
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