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Abstract

Federated continual learning (FCL) enables collaborative model training across distributed
clients on sequentially arriving tasks without revisiting past data. However, existing ap-
proaches often suffer from catastrophic forgetting, rely on replay buffers or generative models
that may violate privacy constraints, or assume knowledge of task identities during inference.
We propose FedProTIP (Federated Projection-based Continual Learning with Task Identity
Prediction), a replay-free FCL framework that maintains shared task-specific feature sub-
spaces across clients. Each client extracts low-rank core bases from intermediate activations
using randomized singular value decomposition, capturing dominant feature directions asso-
ciated with the current task. These bases are transmitted to the server and aggregated to
construct global task subspaces that capture shared feature directions across clients without
requiring data sharing. During training, client updates are projected onto the orthogonal
complement of previously learned subspaces to reduce cross-task interference and mitigate
catastrophic forgetting. The learned subspaces are also reused during inference to estimate
task identity via subspace relevance, enabling task-agnostic prediction without requiring
explicit task labels. Experiments on CIFAR100, ImageNet-R, and DomainNet demonstrate
that FedProTIP consistently outperforms state-of-the-art federated continual learning base-
lines while maintaining lower training time, memory footprint, and communication cost. Our
code is available at |GitHubl

1 Introduction

Federated learning (FL) (McMahan et al.l [2017), where client devices collaboratively train a global model
without sharing private data, has emerged as an alternative to centralized learning. Most FL systems assume
static local datasets and a single inference task per client. In practice, however, devices (e.g., phones, smart
glasses) collect data for multiple evolving tasks and must continually adapt their models over time. Limited
storage often forces clients to discard data from earlier tasks, resulting in a continual learning (CL) setting in
which models must incorporate new information without direct access to prior data. This setting exacerbates
catastrophic forgetting (McCloskey & Cohenl |1989)), i.e., the degradation of performance on previously learned
tasks. In federated environments, forgetting is further amplified by statistical heterogeneity across clients,
which induces drift between local updates and the global objective.

A growing body of work seeks to adapt conventional continual learning strategies to federated settings.
Existing approaches typically fall into three categories: (1) replay-based methods (Dong et al [2022; Liu
et al., [2023; |Dai et al., 2023} [Li et al., 2024cial), which retain past data; (2) generation-based methods (Qi
et al., [2023; [Zhang et al., [2023; [Tran et al.l |2024; |Liang et al.l |2024; |[Yu et al., 2024)), which train generative
models to synthesize past examples; and (3) regularization-based methods (Yoon et all 2021; Ma et al.,
2022; [Li et al. [2024Db} [Lee et al.l |2024)), which constrain parameter updates to preserve prior knowledge.
In federated deployments, each class of methods faces practical limitations. Replay-based schemes require
storing historical data, raising privacy and storage concerns. Generation-based methods rely on server-side
generative models, increasing communication and computational overhead. Regularization-based approaches
often introduce additional local training complexity and may struggle under severe client heterogeneity.

Recently, gradient projection methods such as GPM (Saha et al.| [2021]) have shown effectiveness at mitigating
forgetting in centralized continual learning by projecting gradients onto subspaces orthogonal to representations
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of prior tasks. However, GPM requires centralized access to activation statistics, making it incompatible
with federated data constraints. FOT (Bakman et al., |2024) extends the GPM idea to FL by having clients
transmit randomized activation sketches that are combined through secure aggregation, after which the server
extracts projection subspaces. However, enforcing orthogonality only after aggregation does not constrain
local optimization trajectories. During local training, clients update parameters without projection, and
gradients may move the model into directions that interfere with prior tasks. This effect is amplified under
heterogeneous client data, where interference can accumulate before aggregation. Projecting only the final
aggregated update therefore cannot fully eliminate cross-task interference.

In this work, we propose FedProTIP (Federated Projection-based Continual Learning with Task
Identity Prediction), a federated continual learning framework that enforces projection constraints during
local optimization and supports task-agnostic inference. Rather than projecting only the aggregated global
update at the server, FedProTIP applies projected gradient descent during local client optimization using a
globally shared subspace that captures directions associated with previously learned tasks. After completing a
task, clients extract compact low-rank bases from their learned representations and transmit only these bases
to the server, which aggregates them into a global orthonormal subspace and broadcasts it for subsequent
training rounds. The proposed design mitigates cross-task interference at its source while communicating only
compact low-rank subspace bases. We analyze the projected local training dynamics and derive task-wise
convergence and forgetting bounds that reveal how geometric properties of the learned subspaces influence
the stability—plasticity trade-off across tasks. In addition, FedProTIP removes the assumption that task
identities are available at inference. Specifically, we introduce a task identity prediction (TTP) mechanism that
leverages learned subspaces to estimate task relevance for each test input and route predictions accordingly.
This enables effective task-agnostic federated continual learning without replay buffers, generative models, or
auxiliary classifiers. Extensive experiments across multiple benchmarks demonstrate consistent improvements
over existing FCL methods under both heterogeneous and task-agnostic settings. In particular, we show that
enforcing projection only after aggregation degrades sharply under strong client heterogeneity, whereas local
projected descent remains stable.

The main contributions of this paper are as follows:

e We propose FedProTIP, a federated continual learning framework that enforces subspace-based
gradient projection during local client optimization. By constraining local updates rather than
projecting only the aggregated global update, FedProTIP mitigates cross-task interference under
client heterogeneity. To remain communication-efficient, it transmits only compact low-rank core
bases to construct the global projection subspace, avoiding raw activation sharing.

o We introduce a task identity prediction (TIP) mechanism based on subspace relevance alignment.
TIP infers task identity at inference time without replay buffers, generative models, or auxiliary
classifiers, enabling task-agnostic federated continual learning.

e We provide extensive empirical evaluation on CIFAR-100, ImageNet-R, and DomainNet under
heterogeneous data partitions. FedProTIP improves average accuracy by 4.3%-47% over prior FCL
methods while maintaining low forgetting and reduced communication and memory overhead.

2 Related Work

2.1 Federated Continual Learning

Federated continual learning (FCL) addresses the problem of learning a sequence of tasks on data decentralized
across clients. An early FCL approach, FedWelT (Yoon et al.| 2021)), decomposes model parameters into
task-generic and task-specific components, focusing on a task-incremental setting where the task IDs are
known during inference. CFeD (Ma et al.l 2022)) relies on knowledge distillation using a surrogate dataset
shared between the server and clients. GLFC (Dong et al., 2022; |2023) mitigates catastrophic forgetting by
combining class-aware gradient compensation with class-semantic relation distillation, but relies on storing
examples from previous tasks. Subsequent works (Liu et al., [2023; Dai et al.l |2023; [Li et al., |2024ca)) reduce
replay memory requirements and, in some cases, provide convergence analysis (Keshri et al.; [2025)).
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Recently, several FCL methods have leveraged generative models to replace stored examples with synthetic
data. FedCIL (Qi et al.l [2023) employs a GAN with an auxiliary classifier to enable generative replay,
mitigating forgetting while aggregating global knowledge across clients. TARGET (Zhang et al.l |2023)) and
MFCL (Babakniya et al., 2024) introduce data-free knowledge distillation using synthetic examples to transfer
knowledge from a previously trained global model to client models. LANDER, (Tran et al.| 2024)) further
incorporates label text embeddings from pretrained language models as anchors to improve the semantic
quality of generated samples and enhance resistance to forgetting. Although effective, generative approaches
introduce additional computational overhead as image resolution increases, and may raise privacy concerns
(Liu et al., |2024). In general, existing FCL methods face practical challenges in real-world deployments due
to privacy and resource constraints. Many assume that task identity is available at inference, store exemplars
from previous tasks, or rely on generative replay to synthesize past data. In contrast, FedProTIP is designed
for task-agnostic inference, i.e., the settings where task labels are unavailable at test time, and operates without
replay buffers, generative models, or auxiliary task classifiers. Instead, it leverages lightweight subspace
representations for both knowledge retention and task-identity prediction. This formulation connects to the
broader literature on class-incremental learning (CIL). (Kim et al.l [2022b)) shows that strong CIL performance
requires both within-task classification and accurate task-identity prediction. While centralized approaches
address task-agnostic inference through out-of-distribution detection (Kim et al.,2022bza), per-class classifiers
or generative models (Zajac et al., 2024), or supervised contrastive learning with nearest-class-mean classifiers
(Mai et al., [2021)), these strategies do not readily extend to federated settings. In contrast, FedProTIP
integrates task-identity prediction directly into a replay-free federated continual learning framework.

2.2 Gradient Projection in Continual Learning

Gradient projection methods (Zeng et al., [2019; [Farajtabar et al.| |2020; (Chaudhry et al., |2020) for continual
learning mitigate forgetting by updating model parameters in directions orthogonal to those associated with
previous tasks, thereby eliminating the need to store raw data or train generative models. GPM (Saha et al.|
2021)) extends this line of work by extracting low-dimensional subspaces from prior-task representations and
constraining subsequent updates to be orthogonal to the corresponding subspaces. Follow-up works such as
TRGP (Lin et al.l [2022b), CUBER (Lin et al., [2022al), SGP (Saha & Roy, [2023)), DualGPM (Liang & Li,
2023a) and DualLoRA (Chen et al., [2024) relax the strict orthogonality requirement to trade off stability
and plasticity. On a related note, parameter-efficient continual learning for pretrained models commonly
relies on low-rank adapters whose task-specific updates are isolated (e.g., through subspace or orthogonality
constraints) to mitigate cross-task interference (Liang & Li, 2024} |Chen et al., [2024). However, translating
gradient-projection ideas to federated continual learning is challenging because task information is distributed
across clients and communication is limited. Recent attempts take two distinct directions. TAPGP (Ke
et al.l 2025) adopts a parameter-efficient prompt-tuning approach and mitigates interference by projecting
prompt gradients to be orthogonal to subspaces induced by prior-task virtual data and prompts. This avoids
transmitting raw embeddings, but relies on a virtual replay pipeline that may impose nontrivial computational
overhead and introduce additional privacy risks. In contrast, FOT (Bakman et al.| |2024) constructs projection
subspaces at the server from randomized activation sketches combined through secure aggregation, and applies
projection only after client updates have been aggregated. While FOT provides formal privacy guarantees, it
incurs substantial communication overhead and does not constrain local optimization trajectories. Moreover,
FOT is evaluated in settings where the task identity is available at inference, a strong assumption in many
practical deployments. FedProTIP addresses these limitations by enforcing projection directly during local
client optimization while communicating compact low-rank subspace information. It avoids sharing raw feature
embeddings and does not rely on virtual replay or auxiliary generators. As a result, it supports task-agnostic
inference without requiring task IDs at test time, while remaining communication- and computation-efficient.

3 Background and Problem Setup

3.1 Problem Formulation

®
We consider the problem of training a global model sequentially on streaming data D) = {XZ@, yz(.t)}I‘D |

i=1

distributed across K client devices such that D) = Dgt) U---u D&?. In the domain-incremental setting, the
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(1) Local update with gradient projection (2) Core bases extraction (3) Task Identity Prediction
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Figure 1: Overview of FedProTIP. (1) Clients apply projected gradient descent; the server aggregates updates. (2)
Clients extract core bases via SVD; the server merges them into a global subspace. (3) At inference, task identity is
predicted by comparing test relevance vectors to stored task references.

input distributions of two tasks, X®) and X*2) are significantly different, while the label space may remain
the same. In the class-incremental setting, the label sets of any two tasks are disjoint, i.e., Y1) 0 Yt2) = ¢
for all t; # to. When learning a new task, data from earlier tasks is assumed to be inaccessible. The goal
of federated continual learning is to obtain a global model W(T) that minimizes the average empirical loss
across T tasks,

T K
L1 t t
I%HT;I;ZJ’(“)Q(W’D’(“))’ (1)

where p,(ct) denotes the weight assigned to client k on task ¢ (e.g., proportional to local data size), and L is
the empirical loss for task ¢ on local data. During inference, task identities are not revealed to the model.

3.2 Gradient Projection Memory (GPM)

Gradient projection memory (Saha et al. 2021)) is a replay-free CL scheme that requires storing only a set of
core bases <I>l(1:t) extracted from layer-wise activations after fine-tuning the model on ¢ tasks. Specifically, let
W( ) denote the parameters of layer [ within W) after training on task t, and let a (t) € R4>™ represent
the input activations to layer [ for m training samples x*), where d; is the dlmensmnahty of the activations.
By applying singular value decomposition (SVD), GPM extracts a set of orthonormal bases <I’l(t) e Réx”
that span the dominant subspace of task ¢ activations and aggregates them with the existing bases <I>l(1:t71).
During training on the (¢+1)-th task, the parameter update for layer I, denoted AWl(tH), is projected onto

the orthogonal complement of the subspace spanned by <I>(1 t)

AW  Proj, g0 (AW[TY). 2)

Let hl(T) = O'Z(WI(T) . al(T)) denote the output activations for task 7 (7 < T') after training on T tasks, where
o;(+) is the activation function at layer I. It follows from Eq. [2[ that

T
0 o (W a7 3 ) o (). 0
t=7+1

implying that subsequent updates do not significantly alter the representations learned on task 7.

4 Methodology

While GPM has proven effective in centralized continual learning, extending it to federated settings introduces
both optimization and privacy challenges. FOT (Bakman et all 2024} offers an early adaptation by having
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clients share layer-wise intermediate activations, which the server uses to extract core bases. However, this
approach raises significant privacy concerns, as such activations can be exploited in gradient inversion attacks
(Geiping et al., 12020; |Chen & Vikalo, 2024). It also introduces substantial communication overhead due to
the high dimensionality of the transmitted activations.

FOT performs standard local training on client devices and applies orthogonal projections to the global model
update AW®) = Zszl pg)AW,(:) to mitigate feature interference across tasks. However, since local models
are not trained with orthogonal constraints, this mismatch can lead to significant performance degradation
under heterogeneous client data. Moreover, like most GPM-based methods, FOT assumes task identities are
known during inference, which is unrealistic in many real-world deployments. In contrast, FedProTIP avoids
both task ID reliance and the collection of intermediate activations, yet delivers strong performance under
task-agnostic inference.

4.1 Local Training with Gradient Projection

As previously discussed, projecting only the aggregated global update may fail to constrain client-specific
optimization trajectories under heterogeneous data. Instead, FedProTIP applies projected gradient descent
(PGD) locally on each client and training batch. For task ¢ and global round e € {1,..., E'}, client k initializes
W,(:’e’o) — We=1) and performs S local updates indexed by s € {0,...,S — 1}. Let @~ denote the

matrix of core bases from earlier tasks and define the projection operator P®*) & 1 — @(1:¢t—1) (‘IJ(M_U)T.
FedProTIP then performs the projected update

VW) = POTWEe) (4)
Wl(ct,e,erl) _ W](ct,e,s) . nvwg,e,s)7 (5)

where VW,(f’e’s) denotes the stochastic gradient computed from client k’s local mini-batch at step (¢, e, s).
(Projection is applied layer-wise; the layer index [ is omitted from subscripts for the sake of simplicity.) The
operation in Eq.[d]removes gradient components aligned with past task subspaces, thereby reducing interference
with prior knowledge and mitigating catastrophic forgetting. We empirically verify the effectiveness of this
local projection mechanism in Section [6.3]

This design enforces the constraint (Q(lzt_l))T(W,(f’e’SH) - W,(:’e’s)) = 0 at each local step, since
W,(:’E’SH) - W,(f’e’s) =7 P(t)VW,(:’e’S) and (@1*~1)TP® = 0. Summing over s = 0,...,S5 — 1 yields

(<I>(1‘t*1))T(W](f’e’S) — W(t*efl)) = 0, so each client update remains confined to the orthogonal complement
of the past-task subspace.

4.2 Extracting Local Core Bases
After S projected local updates within round e, client k obtains the local iterate W,(f’e’s) and sends it to the
server for aggregation. The server forms the updated global model

K
W(t,e) A Zp;(f) W](gue,S)
k=1

and broadcasts it to all clients. After completing E global rounds for task ¢, the resulting task-specific global
model is denoted W*) £ W(E) which is then used for local core basis extraction. Following the GPM

strategy (Saha et all|2021)), each client k samples m examples from its local dataset D,(f), feeds them through
the model W®) | and collects layer-wise intermediate activations. Let Al(t) € R%X™ denote the resulting

activation matrix at layer [. Directly storing and decomposing Al(t) can be expensive when m is large, while its
effective rank is typically much smaller due to strong correlations among activation columns. Since core-basis
extraction requires only the dominant singular subspace, we form a compact sketch by uniformly sampling a
subset of ms << m columns, yielding al(t) € R%*ms  This random activation sampling substantially reduces
storage and communication overhead while retaining the dominant directions needed to estimate the task
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Algorithm 1 FedProTIP Training Procedure

Input: K clients, T tasks, the number of global rounds E, local datasets UkE[K]D;:).

Output: The global model W(T), stored bases ®(1:T) | references (w;it))Vke[K],te[Ty
1 Initialization: Broadcast W(®) to all clients, ®(©) « ¢
2 fort=1,...,7T do

3 | W0  wit—1)

4 [fore=1,...,FE do

5 for k € [K] do

6 Wl(ct,e) — PGD(W(t’e_1)7D](€t), @(O:t—l)); /* Following Egs. _ */

7 Send VV,(:’E) to the server

8 end

K

| Wi o s pwies
10 | end
11 | for k € [K] do

12 U,(:),ag)k — ExtractBases(W“’E),’D,(:),e); /* Extract bases (Sec b */
13 w,(clzt) — UpdateReference(U](:),ag?k,w,(clztfm); /* Following Eq. 1' */
14 Send U](:),w,(clzt) to the server
15 | end
16 | 1) GlobalAggregate(U@, .. .,Ug?); WO «— WEE) /% Following Eq. (EI) */
17 end

subspace. We evaluate the effect of sampling dimension in Appendix The sampled activations are then
projected onto the orthogonal complement of the previously learned feature subspace by subtracting their
component along the existing bases:

T
él(t) _ al(t) _ it=1) (i,(uq)) al(t). (6)

(®)
1

The projected activations &, are then decomposed using singular value decomposition (SVD),

:
A =Pz (vir), @

)

where Ul(t) € R4*d ig  unitary matrix and El(t € R4xms ig a diagonal matrix of singular values.

To extract the task-relevant bases, we select the smallest rank r; such that the retained singular values
capture at least fraction ¢; of the total singular-value mass,

rl:minreN:MZQ, (8)
Zmln(dhms) o
i=1

. (t
where oy ; are the singular values of al( )
The resulting layer-wise core bases are

in descending order and ¢; € (0, 1] is a layer-specific relative threshold.

U U 1], 1=1,... L

Finally, each client k£ sends its extracted local core bases {Ul(’tk)}lL:l to the server for aggregation. When
stronger privacy protection is desired, these bases can be replaced by randomized sketches compatible with
secure aggregation; see Section [F.2]

4.3 Updating the Global Feature Subspace

The server collects core bases U,(f) from participating clients and integrates them into the global feature

subspace by removing redundant components. Aggregation is initialized by setting <I>l(t) — Ul(tl) for each

layer [, using the bases received from the first client. The server then iteratively incorporates bases from the



Under review as submission to TMLR

remaining clients by forming the residual component of each local basis with respect to the current aggregated
subspace and appending it:

-
t t t t t t
o) « |2, uf) - o (") Uf,g}, k=2,... K. 9)
This orthogonal appending step removes redundancy without discarding any new client-specific directions:
the aggregated global basis spans the union of the client-transmitted local bases. A formal proof is given
in Appendix [C] The appended vectors are subsequently orthonormalized to maintain an orthonormal basis
for the aggregated subspace. Following aggregation, the updated global bases ®*) are broadcast to clients
ful

and used in the next task’s training phase, as described in Section [4.1} Because each Ul(t,z is extracted from

activations already projected against @El:t_l), the new aggregated basis <I>l(t) contributes only previously

unseen directions. Hence, the full updated subspace is obtained by augmenting @l(l:t_l) with 'i'l(t).

4.4 Task ldentification via Subspace Relevance

In continual learning, the feature extractor is fine-tuned across sequential tasks, while the decision head
expands as new tasks are introduced. For example, in class-incremental settings, the dimensionality of the
softmax output layer grows with the number of classes. Prior works (Saha et all 2021; [Bakman et al.|
2024) assume that the task identity 7 is known at test time so that predictions can be routed through the
corresponding decision head f-(-). In practice, however, this assumption is often unrealistic because task
labels are typically unavailable during deployment (Kim et al.| [2022b)).

To address this challenge, FedProTIP introduces a task identification mechanism based on two key concepts:
subspace relevance and reference vectors. Subspace relevance quantifies how strongly a representation aligns
with the feature subspace associated with each learned task. Reference vectors capture the characteristic
relevance patterns observed for previously learned tasks. As illustrated in Fig. [T} each client constructs
these reference vectors from training data by measuring how its final-layer activations project onto the task
subspaces. At test time, the model computes a relevance vector for a new input and compares it with the
stored reference vectors to determine the most likely task identity.

Client-side reference vector computation. During local training on task 7, each client records layer-wise
intermediate activation vectors, denoted by a,

a(LT). Let Ug) denote the global task-specific core bases at the final layer for each task ¢ € {1,...,T}. After
completing T tasks, each client forms, for every 7 < T, a reference vector w(™ = [w(T’l), e ,w(T’T)] € R7T,

. For task identification we use the input to the final layer,

where the t-th entry is the projection magnitude of a(LT) onto the task-t subspace:

v (u) Taln

LD 2

. Vrtefl,... T} (10)
2

Thus, w(™*) quantifies how strongly task 7’s representation aligns with the subspace learned for task t. As
noted in Section this value is typically small for 7 < ¢ in practice because later task subspaces are
constructed from activations orthogonalized with respect to previously learned representations. Each client k
stores the set of reference vectors {w,(;)}le and transmits them to the server for task identification during
deployment.

Test-time task identification. Given a test sample, the model computes the final-layer activation a'® and

forms a subspace relevance vector @ = [0, ... &(TM] € RT with &® £ ||U(Lt)(U§-f))TatLe||2, Vte{l,...,T}.

The server compares this subspace relevance vector with the stored reference vectors using cosine similarity,
n__w-w

' 2l

= Tl e K], € {l,...,T}. (11)

For each client index k, the task with the highest similarity is selected, V = arg max, S,gT), and the server
determines the final task identity by majority vote across clients. Because the subspace relevance vectors
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@ € RT are low-dimensional, this procedure incurs negligible computational overhead. In large-scale FL
systems, task identification can be efficiently approximated using only a representative subset of clients.

TIP relies on the standard continual learning assumption that each task draws from a distinct distribution
D, Under this assumption, task-specific training can induce distinguishable activation patterns, and the
projected task subspaces can capture directions useful for task identification. When this assumption is
violated, e.g., when identical inputs are reused with different labeling semantics, TIP may fail to distinguish
tasks. This limitation is outside the scope of the current framework.

5 Theoretical Analysis

In this section, we analyze the convergence of FedProTIP. Since TIP is an inference-time mechanism and does
not alter the projected local training recursion, the analysis focuses on the replay-free training component.
We study two quantities: (i) convergence on the current task during training of that task, and (ii) cumulative
loss increase on previously learned tasks due to subsequent training. Full assumptions and proofs are provided
in Appendix [A]

Our bounds depend on two geometric quantities induced by the learned subspaces. The first is a projected-
gradient adequacy coefficient p; € (0, 1], which measures how much current-task descent remains available
after projection. The second is an interference coefficient 6?71) € [0,1], which measures how much old-task
gradient energy remains inside the admissible update space while learning task ¢.

Theorem 1 (Task-wise convergence). Let A, := L (WE0) — LO* where LO* = infy, LO(W). Under
the assumptions stated in Appendix A, the iterates generated while learning task t satisfy

E
1 ! _ 2 2At L’I]tStGZ L’f]tSt
— N E||lVLOw BT < + 14 27 12
EZ:; VL W< Zsmt—m n (12)

Theorem 2 (Cumulative forgetting). For every pair of tasks T < t, the cumulative loss increase of task T
after all later tasks have been learned satisfies

T

L
E[LOWD)] —E[LDWT)] < &? Z Ey (5£t1)5t77t + 2&?”?) : (13)
t=7+1
Corollary 1 (Stability—plasticity trade-off). If n, = m, then
1 & s 2LA G? 1
— NTE|vLOw e[ < Ly (1+ ) 14
E; ; ” ( )H peV Ey pevV By 3pev By ( )

so the current-task stationarity measure decays at rate O(1/v/E;). Moreover, if E; = E, Sy =S, and np: =1
across tasks, then the average loss-based forgetting satisfies

TG?Br TG?
- < vV
FEOSE(T) — 2L E + 4L I (15)

_ T -1 t—1
where B = ﬁ Do 23:1 5 )

Remarks. Theorems |l| and |2| characterize the stability—plasticity trade-off through p; and ﬁgfl). The
quantity p; captures current-task plasticity, since a larger p; yields a tighter task-wise convergence bound
by preserving more descent directions after projection. The quantities Bg_l) and SBr capture cross-task
interference, so smaller values imply better stability and smaller cumulative loss increase. Under the canonical
step-size schedule, the task-wise convergence bound scales as O(1/(piv/E¢)) up to lower-order terms, whereas
the forgetting bound scales as O(T ﬂ_T\/E) Notably, the bounds are expressed in terms of p; and 6?71)
rather than the practitioner-facing threshold ¢;. Fig. [2 bridges this gap empirically on 10-split CIFAR100:

both p; and B decrease monotonically with ¢;, indicating that the threshold provides an empirical handle on
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Figure 2: Empirical estimation of theoretical quantities on 10-split CIFAR100 (« = 0.5). (a) Projected-gradient
adequacy p¢ across tasks for five thresholds. (b) Interference coefficient 5r—; heatmap at threshold ¢, = 0.7. (c) Both
quantities as a function of €;, averaged across tasks.

the stability—plasticity trade-off identified by the bounds. Concretely, increasing €; enlarges the protected
subspace, which reduces /3 (less interference with past tasks) at the cost of lower p; (less gradient energy
available for the current task). Because these opposing effects partially offset one another, end-task accuracy
remains largely insensitive to ¢;, as observed in Fig.

6 Experiments

We evaluate FedProTIP on three standard continual learning benchmarks: CIFAR100 and ImageNet-R
(Hendrycks et all) 2021) for class-incremental learning, and DomainNet (Peng et al. 2019)) for domain-
incremental learning. CIFAR100 is divided into 10 tasks with 10 classes each, while ImageNet-R is evaluated
under both 10- and 20-task splits. For DomainNet, we follow the domain-incremental protocol in which
tasks correspond to different visual domains while sharing the same label space. We compare FedProTIP
against six representative baselines: FedAvg (McMahan et al., 2017), GLFC (Dong et al., 2022), LGA (Dong
2023), TARGET (Zhang et al}, [2023), FOT (Bakman et al., [2024), and LANDER (Tran et all [2024).
These include replay-based, generative, and projection-based approaches for federated continual learning.
For FedProTIP, we use a common initial threshold ¢; = € for all layers and increase it by 0.001 at each task
boundary as the default schedule. The effect of different threshold choices is examined separately in the
ablation study. Following (Yurochkin et al.,|2019)), we simulate non-IID client distributions by sampling client
data partitions from a Dirichlet distribution with concentration parameter c, where smaller v corresponds to
greater data heterogeneity. All methods use a ResNet-18 backbone pretrained on ImageNet-1K
, following common practice in CL benchmarks, and are fine-tuned on each dataset. Additional backbone
studies, including ResNets trained from scratch and Vision Transformers, are reported in Appendix [D-1]

Q

Following prior work (Chaudhry et al. [2018]), we evaluate performance using two standard metrics: average
accuracy (ACC) and forgetting (FT), defined as

T T-1
1 T 1 i T
o= g 3omed” =7 3 (g - el”),

t=1

(16)

where acc,(f) denotes the accuracy on task t after learning i tasks, and accET) is the final accuracy on task ¢
after all T tasks have been learned. Task identities are not provided during inference, consistent with the
task-agnostic evaluation setting. Additional experimental details are provided in Appendix [E]

6.1 Performance in Task-Agnostic and Task-Aware Settings

Fig. [3| reports average task accuracy (y-axis) as a function of the number of learned tasks (z-axis). In the
task-agnostic setting, where the task identity of test samples is unknown (Fig. , FedProTIP consistently
outperforms all baselines across the entire task sequence. While several baselines achieve competitive accuracy
when the task identity is provided at test time (Fig. , their performance degrades substantially in
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(b) Average accuracy (%) in task-aware settings where true task-ID is provided during inference.

Figure 3: Average accuracy of class-incremental learning on three benchmarks. (a) Task-agnostic inference, where task
identity is unknown. (b) Task-aware inference, where the true task ID is provided at test time.

Table 1: Accuracy (1) and forgetting (]) metrics (%) on 10-split CIFAR-100 and 6-split DomainNet across different
heterogeneity levels (Dirichlet ). Bold and underline indicate the best and second-best results, respectively. GLFC
and LGA are incompatible with domain-incremental learning and are marked with x. All results are reported under
task-agnostic inference.

10-Split CIFAR100 (Class-IL) 6-Split DomainNet (Domain-IL)
Method 1D a=05 a=02 1D a=05 a=02
ACC FT ACC FT ACC FT ACC FT ACC FT ACC FT
FedAvg 18.92  63.20 | 15.35 62.90 | 15.76  52.80 10.79  27.74 | 10.72 25.66 | 10.53  25.57
GLFC 14.07  69.17 11.86  68.20 10.33  63.98 * * * * * *
LGA 14.93 72.06 | 14.35 71.09 | 11.67 65.82 * * * * * *
TARGET 29.56  42.73 | 27.37 37.60 | 23.05 34.63 21.53 9.73 20.61 7.89 20.64  8.31
LANDER 39.09 9.27 37.59 10.21 | 23.56 13.28 21.88 8.90 21.59 10.27 | 22.11 8.59
FOT 46.86 21.11 | 41.80 20.86 | 34.65 18.09 24.59 8.85 24.13 8.44 23.84 8.33
FedProTIP (-t) 52.30 15.66 | 48.41 15.59 | 42.19 14.91 29.64 6.38 | 28.85 6.43 | 28.74 6.14
FedProTIP 87.94 1.30 | 86.00 0.83 | 81.94 1.35 27.60 2.89 | 25.30 3.76 25.98 2.88

the task-agnostic setting. In contrast, FedProTIP maintains strong accuracy across the task sequence by
combining orthogonal gradient projection, which reduces cross-task interference during training, with task
identification that routes test samples to the appropriate output head. Even without task identification,
the projection-only variant (FedProTIP (-t)) still outperforms FOT, highlighting the effectiveness of the
proposed subspace-based projection mechanism and the globally aggregated core bases. The gap between
FedProTIP and FedProTIP(-t) is closely tied to task routing quality. As shown in Fig. TIP achieves
> 0.978 across all tasks on 10-split CIFAR100, remains above 0.87 on 10-split ImageNet-R, and stays above
0.67 on 6-split DomainNet despite the shared label space. Although task identification becomes less reliable
in the more challenging 20-split ImageNet-R setting, where each task contains fewer classes and examples
to define distinctive subspaces, both variants of FedProTIP remain superior to all baselines, demonstrating
robust scalability as the number of tasks increases. A full per-task breakdown of TIP routing accuracy is
provided in Table [14] (Appendix D).

6.2 Robustness under Data Heterogeneity and Forgetting

Data heterogeneity. As shown in Table [I} FedProTIP consistently outperforms all baselines across
various values of the Dirichlet concentration parameter «, which controls the degree of data heterogeneity.
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Table 2: Accuracy (1) and forgetting (}) metrics (%) computed in the experiments on 5-split, 10-split, and 20-split
ImageNet-R. Bold and underline indicate the best and the second-best methods, respectively.

5-Split ImageNet-R 10-Split ImageNet-R 20-Split ImageNet-R

Method 1D a=05 1D a=05 1D a=05
ACC FT ACC FT ACC FT ACC FT ACC FT ACC FT

FedAvg 22.70  37.11 2222 36.26 8.74 43.84 8.15 41.14 9.77 43.18 6.08 31.75
GLFC 7.26 16.99 7.47 17.12 3.34 29.88 3.18 29.80 2.12 36.12 1.43 30.40
LGA 8.33 21.13 7.38 19.91 5.84 36.41 5.76 35.05 3.32 43.29 2.52 40.76
TARGET 40.95 14.43 | 37.71 14.89 17.64  25.83 14.60  23.52 9.77 29.87 8.18 24.63
LANDER 35.50 1.45 36.83 1.46 24.53 5.39 23.96 3.10 12.23 10.33 8.73 8.00
FOT 39.77 1343 | 38.58 13.24 23.68 14.61 | 26.31 15.52 22.50 16.08 16.27 13.26
FedProTIP (-t)  50.00 6.26 46.99 8.03 41.35 8.80 35.64 8.65 31.43 10.37 22.75 1097
FedProTIP 55.65 3.36 54.49 6.03 52.68 10.34 | 54.48 7.48 34.80 12.03 25.62 12.21

1.0 8 —a 8 5 g —8—a .
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Figure 4: (a) Task identity prediction accuracy across tasks (a = 0.5). (b) Effect of projection threshold ¢ on
FedProTIP accuracy on 10-split CIFAR100 (a = 0.5).

As « decreases and client data distributions become increasingly non-IID, client drift (Karimireddy et al.|
typically becomes more pronounced and exacerbates catastrophic forgetting. Despite this challenge,
FedProTIP remains robust. For example, on CIFAR100, the accuracy of competing methods such as FOT
and LANDER drops by 12% and 15%, respectively, when moving from IID partitions to oo = 0.2, whereas
FedProTIP exhibits only a 6% decline. At the same time, it maintains near-zero forgetting, indicating
strong resilience to heterogeneous client updates. We further evaluate robustness on DomainNet in the
domain-incremental setting, where all tasks share the same 345-class label space. Under task-agnostic
inference, FedProTIP(-t) uses a single shared classifier that benefits from cross-domain knowledge transfer,
and it consistently achieves the highest accuracy across heterogeneity levels. The full FedProTIP model
instead maintains separate task-specific classifiers routed by TIP, which isolates per-domain representations
and achieves the lowest forgetting, but at the cost of occasional routing errors that slightly reduce accuracy.
This reflects a trade-off specific to the domain-incremental regime: when tasks share the same label space,
a shared head can be preferable for accuracy, while task-specific heads can better preserve domain-specific
representations (Fig. .

Catastrophic forgetting. Table 2] reports results on ImageNet-R under 5-, 10-, and 20-task splits. As the
number of tasks increases, forgetting accumulates and overall accuracy decreases for all methods, as reflected
in the higher forgetting values observed in larger splits. While LANDER often achieves the lowest forgetting,
it does so at the expense of substantially lower accuracy. In contrast, FedProTIP achieves a stronger balance
between accuracy and forgetting, outperforming the second-best method (FOT) by 8%—28% in accuracy
while maintaining competitive forgetting across all splits. Even in the 20-task setting, FedProTIP sustains
25%—35% accuracy, substantially higher than competing methods. These results indicate that FedProTIP
degrades more gracefully than prior methods as the number of tasks increases, an important property for
practical continual learning systems.
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Figure 5: Impact of gradient projection strategies. Local vs. global projection on 10-split CIFAR100 under o €
{0.2,0.1,0.05}.

Table 3: Accuracy (1) and forgetting (}) on 10-split

Table 4: Asymptotic per-task overhead beyond
CIFAR-100 under different numbers of clients (5, 10, 20).

standard federated SGD. Here, d; denotes layer
T0-Split CIFAR100 (o — 0.5) width, r; the retained rank, s; the FOT sketch

Method dimension (s; = 5d;), S the number of local steps,
5 10 20 |0c| the number of generator parameters, C' the

number of classes, and d. embedding dimension.

GLFC 11.86  68.20 | 9.55 61.04 | 7.45 5142

LCA 1435 71.09 | 1224  69.06 | 13.36  63.58 Method Local ~ Comm.  Memory
TARGET 27.37  37.60 | 23.28  40.65 | 22.41  43.27

LANDER 37.59 1021 | 26.60 216 | 23.42  6.13 FedProTIP Sy diry Y dim ) dim
FOT 41.80  20.86 | 39.73 13.08 | 37.35  13.66 FOT S S i
FedProTIP (-t) 4841 15.50 | 41.33  10.70 | 40.06  9.55 TARGET l6c| 6c| 0c|
FedProTIP ~  86.00 0.83 | 81.34 0.59 | 81.10 0.28 LANDER  |0a|4+Cd. 90|  |6c|+Cd.

6.3 Local vs. Global Gradient Projection

To evaluate the impact of using local versus global projection in challenging federated settings, we measure
test accuracy under progressively increasing client heterogeneity, controlled by a Dirichlet parameter « €
{0.05,0.1,0.2}. As shown in Figs. [5al and local projection consistently outperforms global projection in
mitigating catastrophic forgetting. In the global baseline, local updates remain unconstrained during client
training, allowing gradients to drift into previously learned subspaces before aggregation. This interference
accumulates across local steps and becomes more severe as client distributions grow increasingly heterogeneous,
making projection applied only after aggregation insufficient. By contrast, FedProTIP enforces projection
throughout local optimization, suppressing cross-task interference early in training and leading to improved
robustness even under extreme heterogeneity (o = 0.05). Finally, although TIP further improves overall
class-incremental performance, global projection remains inferior because it does not preserve task-specific
orthogonal subspaces as effectively, which in turn degrades task identification.

6.4 Ablation Studies

Varying number of clients. To evaluate how FedProTIP scales with the number of clients in the federated
system, we conduct experiments with 5, 10, and 20 clients. To keep the expected number of participating
clients per communication round constant, we set the client sampling rates to 1, 0.5, and 0.25, respectively.
As shown in Table [3] FedProTIP consistently outperforms competing methods across all configurations.
Increasing the number of clients generally leads to performance degradation for all FCL methods, as it
typically increases data heterogeneity and reduces local data diversity. Nevertheless, FedProTIP remains
robust in these settings. The use of orthogonal gradient projection reduces cross-task interference during
local updates, which helps mitigate forgetting and preserve accuracy.
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Figure 6: Training efficiency comparison: (left) training time (hours),
(right) average GPU memory usage.

Effect of the projection threshold. FedProTIP extracts core bases from layer activations using a
layer-wise threshold ¢;, which determines how many principal directions are retained at each layer. We
assess sensitivity to this parameter by varying ¢ € [0.7,0.9] across all layers on CIFAR100 (Fig. . Results
show that FedProTIP is largely insensitive to the threshold choice, maintaining stable accuracy across this
range. Very high thresholds preserve more directions from previous tasks, improving stability but reducing
plasticity because fewer orthogonal directions remain available for new tasks. This reflects the standard
stability—plasticity trade-off: moderate thresholds provide a good balance between preserving prior knowledge
and adapting to new tasks. Additional experiments on DomainNet and ImageNet-R (Appendix confirm
this behavior and show consistent robustness across datasets.

Impact of task prediction strategies. We investigate whether task-agnostic continual learning methods
originally developed for centralized settings can be adapted to federated scenarios. Specifically, we consider
the replay-free PEC (Zajac et al. 2024), which assigns a separate classifier to each class, and the replay-based
SCR (Mai et all, [2021)), which uses a nearest-class-mean classifier. For SCR, we average class prototypes
across clients at inference time while keeping replay data local, and perform model aggregation using FedAvg.
As shown in Table [b] both methods yield significantly lower accuracy under task-agnostic inference. While
SCR outperforms PEC, it relies on clients retaining local data, which may violate privacy constraints. We
also evaluate LODE (Liang & Li, [2023b)), which decouples intra- and inter-task losses to implicitly support
task-agnostic inference. Applied to the generative replay method TARGET, LODE offers only marginal gains
(+2.50%), suggesting that naive loss decoupling is insufficient for robust performance in federated settings.

6.5 Training Times, Memory Usage, and Communication Cost

Asymptotic complexity. FedProTIP’s per-step overhead consists of gradient projection at O(d;r;) opera-
tions per layer. Its task-level overhead comes from basis extraction via randomized SVD on sampled activation
(t)

matrices a;” € R&*ms with m, < m. Persistent per-task memory scales as o, d rl(t)), storing only

low-rank core bases Ul(t) € R% xri t), which is substantially smaller than replay-based storage O(Nyeplay CHW)
and typically decreases in later tasks as fewer novel directions are retained. Per-layer communication cost is
O(d; r;) per client, compared to O(d; s;) for FOT’s randomized activation sketches. A summary comparing
asymptotic computation, communication, and memory across methods is provided in Table ] We note that
the projection cost scales with network depth and layer width.

Empirical measurements. Across all datasets, FedProTIP is the fastest method among the continual
learning baselines, second only to FedAvg (which does not include a continual-learning mechanism). On
high-resolution datasets such as DomainNet, FedProTIP trains up to 5x faster than generative baselines such
as TARGET and LANDER. FedProTIP also attains the lowest peak GPU memory among FCL methods
(Figs. |§| and , since it does not maintain replay batches or generative models. As summarized in Table |§|
in the Appendix, for 10-split CIFAR100 FOT incurs a fixed 48 MB per task, while FedProTIP typically
communicates less than 10 MB in early tasks and even less in later ones, reducing communication by roughly
an order of magnitude.
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7 Conclusion

We proposed FedProTIP, a federated continual learning framework that leverages gradient projection to reduce
feature interference and mitigate catastrophic forgetting. Unlike many prior FCL methods, FedProTIP requires
neither storing past data nor training generative models for rehearsal. The method extracts core feature
subspaces via memory-efficient randomized SVD and uses them for task identification, enabling improved
alignment between test inputs and decision layers. Extensive experiments across three benchmark datasets
show that FedProTIP consistently outperforms existing methods while maintaining lower computational and
communication overhead.
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A Theoretical Results

We analyze the training dynamics of FedProTIP without the task-identity prediction (TIP) module. This
restriction is deliberate: TIP is an inference-time mechanism built on top of the learned subspaces and
does not alter the training recursion in Egs. and . Accordingly, the present section focuses on the
projected local optimization procedure that distinguishes FedProTIP from prior replay-free FCL methods.

Following the decomposition used in recent continual federated learning analyses, we study two quantities
separately: (i) convergence on the current task while that task is being trained, and (ii) cumulative loss
increase on previously learned tasks caused by later training. We intentionally do not state a final bound on
the task-agnostic test accuracy or on the average multi-task objective after all tasks. Such a theorem would
require additional assumptions linking task-wise losses, classifier routing, and task-identity prediction. In the
absence of those assumptions, a final end-to-end bound is too loose to be informative.

A.1 Setup and notation

Consider K clients and a sequence of T tasks. Client k receives local data 'D,(:) for task ¢, with aggregation
weight pg) >0 and Zszl pg) = 1. The global loss of task ¢ is

K
UWW&%}?WMW, L (W) £ E_po [((W5€)]. (17)
=1
When task ¢ is trained, data from tasks 1,...,¢ — 1 are unavailable.

After finishing task ¢ — 1, the server holds a global orthonormal basis matrix ®(*=1) ¢ R¥"%5 obtained by
aggregating the low-rank bases extracted from all clients using the orthogonal appending rule of Section 4.3.
The corresponding orthogonal projector onto the admissible update space is

P(tfl) Ny (I)(lztfl)(q)(l:tfl))—r. (18)

FedProTIP then trains task ¢ by local projected gradient descent. At global round e € {1,..., E;}, each
client initializes W,(f’e’o) = WtemD) with W0 = WED | performs S; local projected steps,

g[(:,e,s) s vwg(wlgt,e,s); ](Ct,e,s))’ g}(ct,e,s) éP(t_Ugl(ct,e,s), (19)
WSt — wibes) _pgtbes) 0.8~ 1, (20)

and the server averages the resulting local models,

K
WD =3 p Wi, (21)
k=1

We write W®) £ WEED for the model after task ¢.

The key point is that projection is applied before local optimization is completed, not only after server aggre-
gation. This is exactly the algorithmic feature that differentiates FedProTIP from FOT under heterogeneous
client data.

A.2 Assumptions

Assumption 1 (L-smooth task losses). For every task t and client k, the local objective L,(f) is L-smooth:
for all U,V € RY,

L
LPwv) <L)+ (v (U), v-u) + SV - U2
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Assumption 2 (Unbiased stochastic gradients). For every task t, client k, global round e, and local step s,
(t,e,s) (t)
let &, ~D,"’. Then

E[VWE (W}(Cme,s); 5[(:,675)) ‘ W]E,t76)8):| _ VLét) (W](Ct7e’8)) .

Assumption 3 (Bounded second moment of stochastic gradients). There exists G > 0 such that for every
task index r € {1,...,T}, every client k € [K], and every iterate W wisited by Algorithm 1,

E. pm [Vwe(W; )| < G2

Assumption 4 (Current-task projected-gradient adequacy). For each task t, there exists p; € (0,1] such
that at every synchronization iterate Wte=1 e =1, ... E,,

|PE=DyL® (W(t,efl))HQ > p || VL (W(t,efl))H?.

Assumption 5 (Past-task interference coefficient). For every pair of tasks T < t, there exists BSFI) € [0,1]
such that at every synchronization iterate W= encountered while learning task t,

HP(tfl)VL(T)(W(t,efl))H S ﬁ‘gfl)||VL(T)(W(t,efl))||'

Remark 1 (Stability-plasticity assumption). Assumption |4| measures plasticity: p; is the fraction of
the current-task gradient energy that survives projection and therefore remains available for optimization.

Assumption |5 measures stability: Bgfl) quantifies how much of an old-task gradient is still present inside the
admissible update space while learning a later task. We do not identify p, or 6£t_1) directly with the SVD energy

threshold €;. The threshold is defined in activation space, whereas p; and Bit_l) are gradient-space quantities.
Relating them by a deterministic algebraic formula would require an additional representation—gradient
alignment assumption, which we intentionally avoid.

A.3 Main results

We first state a task-wise convergence result for projected local training on the currently learned task. The
theorem shows that, once the previously learned subspace is fixed, FedProTIP behaves like local SGD on the
orthogonal complement of that subspace.

Theorem 3 (Task-wise convergence on the current task). Fiz a taskt and abbreviate A, & L) (W E0)) — [(H)*
where L®* 2 infywy LO(W). Under Assumptions |11, the iterates generated while learning task t satisfy

B
1 «— INIE 24 L Sy G* Ln.Sy
=5 IEHVL(t) Wwite=D) H < + 1y e 22
E; p— ( ) prErSiny Pt 3pt (22)

The next theorem controls forgetting on earlier tasks. Since the empirical forgetting metric in Eq. (18) is
defined in terms of accuracy, whereas the optimization analysis is naturally stated in terms of loss values, we
work with the following loss-based analogue. For a past task 7 < ¢t and a future task ¢, define the round-e
loss increase

rite) & E[ LO(Wt) - L) (W(t,e—n)}_ (23)
Theorem 4 (Per-round and cumulative forgetting bounds). Under Assumptions @ and @, for every pair
of tasks T < t and every round e =1, ..., E; during the training of task t,
L
T < BV SmG + 3 Sinf G2, (24)

Consequently, the cumulative loss increase of task T after all later tasks have been learned satisfies

T
T T T - L
E[U >(W<T>)} fE[L( (W >)} < G2 t=§T+1Et (ﬂﬁ D Sym, + 25377,%) . (25)
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For later interpretation it is convenient to average the interference coeflicients across all ordered pairs of past

and future tasks:
T t—1

pra 2 (¢=1) 26
We also define the loss-based average forgetting
T—1
s _1 @ (W] — &[0 (W
FTioss(T) £ = ; [E[LO(WT)] ~E|L(WO)]]. (27)

Corollary 2 (Canonical step-size schedule). Suppose the current-task step size for task t is chosen as

1
= . 28
Ug LSNE, (28)
Then Theorem [3 yields
1 iIEHVL(t) (vv<t’6*1>)H2 < UM & (1 T— ) (29)
Ey T pvE: piVE: 300vVEL )’
so the current-task stationarity measure decays as O(Et_l/Q). Moreover, Eq. becomes
2 & 1
E[L“)(W(T))} - IE[L(T) (W(T))} <= (5&5—1)\/& + 2) . (30)
t=7+1
If the hyperparameters are common across tasks, i.e. By = FE, Sy =S, and n, = n, then
TG?Br TG?
< .
FTloss(T) = 2L \/E + AL (31)

B Proofs for the convergence analysis

B.1 Auxiliary lemmas
For a fixed task ¢, we abbreviate
LEL(t)a PEP(t_l)a EEEta SESt7 n=nn, P = P,

and write W(¢) = W) and ng’s) = W,(:’e’s) whenever there is no ambiguity.

Lemma 1 (Projection is non-expansive). The matriz P~V is symmetric and idempotent, with | P¢=D||y = 1.
Consequently, for every v € R,
IPE=o]| < ol

Moreover, Assumptions[Z and[3 are preserved after projection:
E[g,(:’e’s) |W](€t,e,8)] _ P(t—l)VLECt) (Wl(f,e,s)),
B~ < 6*
Proof. Since ®(1:*=1) has orthonormal columns, (<I>(1:t_1))T‘I>(1:t_1) = I. Therefore
(P(t—l))2 _ (I . q)(lzt—l)((I)(l:t—l))T)Q —7_ (I)(l:t—l)(q)(lzt—l))'l' — pt=1)
Symmetry is immediate, so P(*~1) is an orthogonal projector. Its eigenvalues lie in {0, 1}, hence |[P¢=D |y = 1

and ||[P*~Vy|| < |jv|| for all v. The unbiasedness statement follows from the linearity of P*~1) and
Assumption 2] The second-moment bound follows from non-expansiveness and Assumption [3] O
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Lemma 2 (Orthogonal confinement of each round update). For every task t, round e, and client k,
(,I,(lzt—l))T (Wl(:,e,st) B W(t,e—1)> —o0.
Consequently, W¢) — Wte=1) ¢ range(P*=1) for every round e.

Proof. Telescoping the local updates gives

Si—1
Wl(:.,e,st) _wite-1) _ —ny Z P(t—l)gét,e,s).
s=0

Left-multiplying by (@(1‘t*1))T and using (<I>(1:t*1))TP(t’1) = 0 proves the first claim. Averaging over
clients with weights p,(:) proves the second. O

Lemma 3 (Local drift bound). Under Assumption @ for every client k and every local step s € {0,...,S¢},

2
EHWECt,e,s) _ W(t,efl)H < s22G2.

Proof. Using the telescoping representation,

s—1
Wff’e’s) _ wite—1) _ -, Z P(t—l)gl(ct,e’ﬂ)_
3=0

By Jensen’s inequality and Lemma [T}

2 s—1 2
EHWI(;,e,s) _ W(t,e—l)H < sip? ZEHP(t_l)gl(:,e,g)H
=0

s—1 )
< sn? Y E|[gl |
=0

< $2n?G2.
O
B.2 Proof of Theorem [3
Proof of Theorem[3 Fix a task ¢t and suppress the task index as described above. Let
Al 2 wile) _ wile=1)
By L-smoothness of L, for each round e,
L(W®) < L(WED) 1 (VL(WED), AC)Y ¢ §||A<e>||2. (32)

We bound the two extra terms separately.

Step 1: the first-order term. Using Eq. ,

S—1 K
A© =y 33 pgbe),
s=0 k=1
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Taking conditional expectation and applying Lemma [1| gives

E[WL(W(@—U), A@ﬂ

S—1
UZE<VL(W(6 2 Pzp“)VL (W 9))>

s=0 k=1

Define the local-drift error

K
V(e,s) N Zpl(:) |:VL]€ (Wl(ce,s)) — VL (W(e—l)):| )
k=1

Since ), p,(f)VLk(W(e_l)) = VL(WD) Eq. becomes
E[(VL(WED), A©)]
S—1
= —nSEHPVL(W<e—1>) H2 ~n > E <VL(W<€-1>),pV<e,s>> .
s=0

By Assumption [4]
2 2
v s ofssonen]

Next, by Jensen’s inequality, L-smoothness, and Lemma

K
B[V < 3 B|| VL (W) - VL, (vv<e—1>)H2
k=1

K
2
<12y pB|| Wi - we)|

< L2s*n*G2.
Therefore, Young’s inequality implies
‘<VL(W(€—1)) Pv(e,s)>‘ BHVL W(e 1) H |V(e S)H
’ 2

Substituting these estimates into Eq. (34) and using Zs 0 L2 < S3/3 gives

E[(VL(WED), A<€>>} < —#EHVL(W(“U)HQ + e

Step 2: the quadratic term. By Eq. , Jensen’s inequality, and Lemma

2

S—1 K
EHA(e 77’ t) (tes)
=0 k=
B 2
< T]2S Z E Zpl(gt)gl(ct,e,s)
s=0 k=1
S—1 K )
<its 3 S nslsl )|
s=0 k=1
<n?S?G2.

Hence,
L L
SEIAC < Srster.
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Step 3: combine and telescope. Taking expectation in Eq. and substituting Eqs. and
gives
EL(W®)) < EL(WED) - p”SEHVL wie- 1>)H
L?n?S3G? L
+ 22T 22eraR,
6p 2

Rearranging, summing over e =1, ..., FE, and using L(W(E)) > L* yields

E

1 2 2(LWO)—L*)  L[nsSG*  L*)2S2G>
B BT )| s |
E; VL( )| = pESn + p + 3p?

which is exactly Eq. . O

B.3 Proof of Theorem [4]
Proof of Theorem [ Fix two tasks 7 < t. For round e of task ¢, define
A(t,e) A W(t,e) _ W(t,e—l).

By Lemma l 2l A€ e range(P(*~1). Applying L-smoothness to the old-task loss L(™) at the synchronization
iterate W(te—1) gives

L 2
(1) (Wte) (M) (Wte=1) 1 (VLM (WEe=D) Alte) A(te)
L( ) < LU )+ (VLT( ), )+ 5 ° (38)

Because A¢) € range(P*=1),
<VL(T) (W(tve—l))’ A(tve)> = <p(t—1)VL(T) (W(te—l))’ A(tae)>.
Hence, by Assumption

(VL (Wke D), A0y < ﬁg—l)HVL(f) (Wte=D) H |at9)|. (39)

Now let W = W(:¢=1) be a synchronization iterate encountered while learning task ¢. By Assumption [3} for
every client k,

|72 W) =[BTt W ]| < B [Fwt(W: ) < 02

¢~D}
by Jensen’s inequality. Therefore,

K
Z DL (W) < 6.

[wLOW =[S pvL W

k=1

Next,

Bt -

Si—1 K
Z Z pli-g t e,s)
0 k=1
Si—
= e Z Zp?ﬁ]EHP(t—ngl(:,e,s)

s=0 k=1
S ntSth
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and similarly,
]EHA(t,e)H2 < n2S2G2.
Taking expectation in Eq. and using the bounds above yields
L
T < BV SmG? + 2 Sini G2,

which proves Eq. .

Summing Eq. over rounds e = 1, ..., F; gives the loss increase of task 7 while training task ¢. Summing
the resulting inequality over all future tasks t =7+ 1,...,T yields Eq. . O

B.4 Proof of Corollary 2]

Proof of Corollary[3 Substituting 7, = 1/(LS;v/E:) into Eq. gives

2 2LA, G?
<

Ey
1 1
_ EHVL(t) W (te=1) H + (1 + ) ,
E; ; ( ) pivVEL  pivVE: 3p:vV Ey

which is Eq. .
Next, substituting the same step size into Eq. gives

E{Lm(wm)} _E[L(T)(W(”)} <G XT: By (iigi 21;1E>

t=7+1

G2 (5@ D/Er + )
t=74+1

which is Eq. .
Finally, under common hyperparameters,

T-1

02 (t—1) L o 9
FTlos% = Z Z /87' 577+ 2S n
=1 t=7+1
G?Esn Il LG ESQnQT !
I 217
t=2 =1 =1
TG?B TLG?
= ¢ ﬂTEST]wL 7GE52772.
2 4
Substituting 7 = 1/(LSVE) gives Eq. . O

C Correctness of global subspace aggregation

The previous results analyze the optimization dynamics once the subspace ®(1*=1) has already been formed.
We conclude by recording a simple structural fact about the server aggregation rule of Section 4.3: it preserves
the union of the client-transmitted task subspaces.

Proposition 1 (Global aggregation spans the union of local bases). Fiz a layer | and a task t. Let the
client-side bases extracted after task t be Ul(tl), ceey Ul(’tl)(, each with orthonormal columns. If the server forms

q)l(t) by the iterative orthogonal appending rule described in Section 4.3, then

K
Span((I)l(t)) = span( U Ul(fk)).
k=1
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Proof. Let @l(t[)k] denote the intermediate aggregated basis after incorporating the first k clients. We prove by
induction on k that

k
span(@l(f[)k]) = span ( U Ul(’tj)) .

j=1
The statement is immediate for £ = 1 because the algorithm initializes @l(t[)l] = Ul(tl).

Assume the claim holds for k£ — 1. At step k, the server computes the residual

) _ 77(®) (t) (t) Trr(t)
Ry =Uy — q’z,[kq] (q)l,[kfl]) Ul
which is exactly the component of Ul(,tk? orthogonal to the current aggregated subspace. Appending an

orthonormal basis of Rl(tlz therefore adds precisely the new directions in Ul(tk) that were not already present in

span((bl(f[)k_l]). Hence,

k
span((bl(f[)k]) = span(@l(f[)k_l]) + span(Ul(fk)) = span(U Ul()?),
j=1
which proves the induction step. Taking k = K completes the proof. O

D Additional Experimental Results

D.1 Results on Different Models

To assess whether FedProTTIP’s gains depend on a particular backbone or pretraining regime, we additionally
evaluate (i) a ResNet18 trained from scratch and (ii) a pretrained ViT-B/16 on 10-split CIFAR100.

We report the results using a scratch-trained ResNet18 in Table [f] In the task-agnostic inference setting,
our method achieves the best performance, showing a significant margin over all other baselines. We set
the task identity prediction threshold to ¢, = 0.95, VI, based on a hyperparameter search. This threshold is
higher than the one used for the pretrained ResNet18 model (¢, = 0.7), as the pretrained model provides
a stronger feature extractor that better generalizes across tasks. In contrast, when training from scratch,
preserving knowledge of previous tasks becomes more critical, hence the need for a higher threshold. As
shown in Table [} while FedProTIP is not the best-performing method in the task-aware inference scenario,
where the ground-truth task ID is available during testing, it outperforms all baselines in the more practical
task-agnostic setting with a large margin. Our method achieves the highest accuracy and lowest forgetting,
primarily due to effective task identity prediction.

We also evaluate our method on a different backbone, pre-trained ViT-B/16 (Steiner et al.,|2021)), as reported
in Table (7] In this setting, CIFAR100 images (3 x 32 x 32) are resized to 224 x 224 to match the ViT input
resolution. We set the number of local epochs to 5 and perform 20 global rounds per task. For TARGET and
LANDER, we follow the stronger protocol of generating synthetic images at the native 32 x 32 resolution and
then applying resizing augmentation, which improves their performance in this setting. FedProTIP attains
near-ceiling task-agnostic accuracy (98.38% ACC) with negligible forgetting (0.20% FT), suggesting that
the learned subspaces remain highly stable and that task routing is reliable with transformer features. In
addition, FedProTIP without TIP achieves competitive task-agnostic accuracy while substantially reducing
forgetting, indicating that the projection mechanism transfers effectively across architectures.

D.2 Impact of Sampling Dimension

We perform an ablation study on the target feature dimension m, used in randomized SVD for extracting
core bases in Table We vary ms € {2048,1024, 512} while keeping all other settings fixed, and report
accuracy, forgetting, and runtime averaged over three seeds. Across all three choices, performance is stable.
Both task-aware and task-agnostic accuracy vary within 1.4%, and TIP consistently improves task-agnostic
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Table 6: Metrics (%) of accuracy (1) and forgetting () on 10-split CIFAR100 using ResNet18 from scratch. We

report the average accuracy and standard deviation over 3 trials, each with different seeds. ¢ = 0.95 is used for
FedProTIP.

Method Task-Agnostic Task-Aware

ACC FT ACC FT

FCdAVg 11-04i0.37 54-90i1.62 36.87i1,36 42~69i1,00

Target 23.0541.93 MilAIS wiofﬁ 2.3240.66

Lander 29.374 199 20171190 | 73.691064 1.39+0.3s

FOT 22184135  9.1040.57 | 67.071136  0.734006

FCdPI‘OTIP (—t) 24.84i0'91 12-29i1.54 68.75i1'71 0'68i0.48

FedProTIP 65-77i192 2'38iOA75 —_— —

Table 7: Metrics (%) of accuracy (1) and forgetting (]) on 10-split CIFAR100 using ViT-B/16. We report the
average and standard deviation over 2 trials with different seeds. ¢, = 0.7 is used for FedProTIP.

Method Task-Agnostic Task-Aware
ACC FT ACC FT
FedAvg 67.154440 22.34409s | 95.184069 2.8840.33
Target 81.501006  7-33+1.34 | 9830401 0.37100
Lander 61434553 27.334431 | 96.071105 2.3910.97
FOT 72271070 21734046 | 96465000  2.2840.15
FedProTIP (-t) 79.90:146 454,045 | 98362001 0.1510.00
FedProTIP 98.38.002 0.2010 08 - E

inference. Interestingly, the best overall performance is obtained at ms = 512, with slightly lower accuracy at
1024 and 2048. This trend suggests that larger dimensions may retain redundant directions that capture
client-specific noise rather than task-relevant structure. Protecting these directions enlarges the preserved
subspace and can overly constrain subsequent learning, reducing forward transfer. In terms of efficiency,
runtime increases markedly as m, grows, with both base extraction and total training time rising substantially.
Since accuracy remains largely stable across values of my, we use my; = 512 as the default because it offers
the best balance between efficiency and performance.

D.3 Batch Size Sensitivity

We evaluate FedProTIP and baselines with batch sizes 32, 64, and 128 (Table under both task-aware
and task-agnostic inference. Across all settings, FedProTIP consistently outperforms prior methods. The
relative gain from TIP is smaller at low batch sizes, since limited samples increase the variance of final-layer
activations, injecting noise into the relevance vector and cosine similarities. As batch size grows, variance
decreases, stabilizing TIP and amplifying its benefits. Even in the small-batch regime, however, FedProTIP
still yields meaningful improvements under task-agnostic inference.

D.4 Different Threshold Values in FedProTIP

We present the results of FedProTIP with different threshold values on CIFAR100, DomainNet, and ImageNet-
R in Table evaluating thresholds of 0.7, 0.8, and 0.9 in terms of both average accuracy and forgetting.
Across all three datasets, FedProTIP maintains stable accuracy in both task-aware and task-agnostic settings,
showing only minor sensitivity to the choice of threshold.

On CIFARI100, forgetting in the task-agnostic case remains positive but steadily decreases as the threshold
increases, while on ImageNet-R, a similar trend is observed, culminating in negative forgetting at ¢ =
0.9. Negative forgetting arises because the task-identity predictor improves as more tasks are introduced,
retroactively correcting earlier misclassifications. At early stages, the predictor is poorly calibrated and
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Table 8: Ablation on the target feature dimension d Table 9: Per-task and per-client communication cost (MB)
used in randomized SVD. We report the metrics under comparison between FOT (Model4+Act) and FedProTIP

task-aware, task-agnostic, and with TIP settings. (Model+Base+Ref) in 10-split CIFAR100.

- ACC (1) FT (}) Runtime (h) Task 1 2 3 4 5 6 7 8 9 10
Aware Agnostic + TIP | Aware Agnostic + TIP|Base Total Model | 46.686 46.764 46.842 46.920 46.998 47.077 47.155 47.233 47.311 47.389

2048| 85.53  46.07 84.32 | 1.41  16.62  0.63 [226  3.42 Act 48 43 48 48 48 48 48 48 48 48

1024 | 86.03  47.04 85.68 | 1.75  16.55  0.10 | 1.45  2.62 Base | 9.794 5.646 2.841 1.990 1.278 0.693 0.489 0.434 0.442 0.264

512 | 86.26  48.41 86.00 | 0.96 1559  0.83 |1.25 2.35 Ref | 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001

Table 10: Metrics computed in the experiments on 10-Split CIFAR100 with o = 0.5 and varying batch sizes
{32,64,128}.

Batch Size  Method  Task-Aware Task-Agnostic +TIP

FedAvg 24.82 10.74 -
GLFC 81.56 13.28 -
LGA 82.59 13.03 -
32 TARGET 74.29 31.67 -
LANDER 78.33 32.30 -
FOT 83.38 41.05 -
FedProTIP 87.86 48.40 84.22
FedAvg 38.99 15.35 -
GLFC 75.26 22.86 -
LGA 85.04 14.35 -
64 TARGET 69.81 27.37 -
LANDER 84.19 37.59 -
FOT 82.59 41.80 -
FedProTIP 86.26 48.41 86.00
FedAvg 53.65 20.67 -
GLFC 73.25 12.40 -
LGA 75.25 11.53 -
128 TARGET 67.58 26.70 -
LANDER 79.83 30.30 -
FOT 81.61 39.94 -
FedProTIP 85.20 45.80 85.20

often misassigns samples from earlier tasks, but later tasks provide richer contrast and sharpen decision
boundaries, boosting measured accuracy on prior tasks. The threshold parameter ¢; also plays a critical
role. A higher threshold enforces stricter preservation of gradient subspaces, biasing the stability—plasticity
trade-off toward stability. In practice, this means that representations associated with earlier tasks are less
likely to be overwritten when new tasks arrive. As a result, catastrophic forgetting is reduced, and in some
cases (e.g., ImageNet-R at ¢ = 0.9) the combination of preserved subspaces and improved task-identity
prediction even yields negative forgetting.

Finally, across all datasets and thresholds, the with TTP setting shows minimal sensitivity to threshold choice
in terms of accuracy. However, excessively high thresholds can overemphasize stability, limiting plasticity and
thereby reducing the learnability of new tasks.

D.5 Different Task Orders

We present results for different task orderings in DomainNet. Table [I2] which is also presented in the
main paper, the task order is as follows: (clipart — real — painting — sketch — infograph — quickdraw).
Recognizing that DomainNet exhibits varying levels of task/domain similarity, we include Table |13 to report
results under a second ordering: (clipart — infograph — painting — quickdraw — real — sketch). These
results show that FedProTTP consistently achieves strong performance regardless of task order, highlighting its
robustness to domain heterogeneity and variations in task scheduling. This trend holds across both orderings,
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Table 11: Metrics computed from FedProTIP experiments (o = 0.5) with different thresholds ¢;.

Task-Aware +TIP Task-Agnostic

Dataset Threshold

ACC FT ACC FT ACC FT

0.7 86.26 1.23 | 86.00 15.59 | 48.41 1.26

10-split CIFAR100 0.8 86.46 0.38 | 85.40 12.90 | 49.04 1.35
0.9 85.88 0.08 | 85.59 11.80 | 47.91 0.15

0.7 61.72 235 | 54.48 7.48 | 35.64 8.65

10-split ImageNet-R 0.8 61.37 3.07 | 59.19 1.38 | 37.18 8.07
0.9 58.99 1.63 | 53.41 -2.16 | 33.80 6.35

0.7 28.75 1.45 | 28.85 6.43 | 25.30 3.76

6-split DomainNet 0.8 29.20 1.06 | 29.21 5.36 | 27.97 1.53
0.9 2899 0.72 | 27.35 6.41 | 27.78 0.76

with FedProTIP without TIP providing greater advantages in domain-incremental learning. Adapting
domain-incremental specific modules in conjunction with TIP represents a promising direction for future
research.

Table 12: Metrics (%) of accuracy (1) and forgetting (J) computed in the experiments on 6-split DomainNet of order
(clipart — real — painting — sketch — infograph — quickdraw). We report the average accuracy and standard
deviation over 2 trials, each with different seeds.

20-Split DomainNet

Method 11D a=05 a=02
ACC FT ACC FT ACC FT

FedAvg 10.7940.18 27.7440.83 10.7240.14 25.6640.47 10.5340.20 25.5710.27
TARGET 21.53+40.03 9.73+0.51 20.6140.18 7.8940.54 20.64+0.90 8.3141.12
LANDER 21.8810,32 8-90;&()‘13 21.59:&1‘00 10.271()‘75 22-111026 8.59;&0,85
FOT 24.5941.00 8.85+0.30 24.1310.25  8.4410.31 23.84+0.00  8.3310.15
FedProTIP (-t) 29.64108s 6.38, 9 28.851146 6.43.054 28.7T41017 6.14,, 45
FedProTIP 27.60,09; 2.89:043 | 25.30,55, 3.7611.14 | 25.98,,,5 2.8810.01

Table 13: Metrics (%) of accuracy (1) and forgetting (]) computed in the experiments on 6-split DomainNet of order
(clipart — infograph — painting — quickdraw — real — sketch). We report the average accuracy and standard
deviation over 2 trials, each with different seeds.

20-Split DomainNet

Method

11D a=0.5 a=0.2
ACC FT ACC FT ACC FT
FedAvg 20.34:‘:()‘74 17.1610,33 20-5310.42 15.911030 20.11:‘:()‘25 15-4010.85
TARGET 26.5340.23 3.6240.51 25.9710.57 3.0840.27 25.654+1.10 3.0840.76
LANDER 26.06+0.19 2321404 25.4540.15 2.70, .16 25.3140.10 221,44,
FOT 28.57+0.11  6.31+0.11 28791076  6.0110.39 | 28.331056  4.8710.40

FedProTIP (—t) 28.90i0_39 7.46i0_30 28.98i1_20 6.65i0_57 29-32i0.58 5.70i0_51
FedProTIP 28.78 005 1594020 | 28.06, 45 2104047 | 25.89.,,, 1.491032

D.6 Class-Overlapping Task Variant

We additionally evaluate FedProTIP on a class-overlapping variant of the benchmark, where neighboring
tasks share a small number of classes. We consider two settings: (i) one class overlaps across each task
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Table 14: Task identity prediction accuracy at each task on 10-split CIFAR100, 6-split DomainNet, and 10-split
ImageNet-R at a = 0.5.

Dataset | T T2 T3 T4 T5 T6 T7 T8 T9 T10
10-split CIFAR100 ; 1 1 0.978 1 1 0.989 0.997 0.989 1 0.996
5-split ImageNet-R 1 1 0.836 0.944 0.885 - - - - -
10-split ImageNet-R 1 0.895 0.940 0.912 0.878 0.906 0.943 0.904 0.896 0.874
20-split ImageNet-R 1 0.9445 0.700 0.685 0.682 0.600 0.518 0.456 0.588 0.556
(T11-T20) 0.541 0.577 0.572 0.517 0.484 0.455 0.458 0.42 0.456 0.406
6-split DomainNet (order 1) 1 1 0.673 0.88 0.8945 0.8765 - - - -
6-split DomainNet (order 2) 1 0.996 0.755 0.934 0.868 0.923 - - - -

Table 15: Results on a class-overlapping task variant, where neighboring tasks share 1 or 2 classes. We report ACC
(%) and FT (%) under oracle task-aware inference, task-agnostic inference with a shared head, and task-agnostic
inference with TIP-enabled routing (+TIP) on 10-split CIFAR100 with o = 0.5.

Task-Aware Task-Agnostic +TIP
ACC FT  ACC FT ACC FT

1 class overlap 84.02 2.41 | 42.18 19.86 83.90 1.43
2 class overlap 82.96 3.00 | 28.48 9.26 76.97 5.60

Setting

boundary (10 classes per task, 11 tasks total) and (ii) two classes overlap (9 classes per task, 14 tasks total)
in Table [[5

FedProTIP remains robust under class overlap. With one overlapping class, TIP preserves task-aware
performance, achieving 83.90% accuracy and 1.43% forgetting, closely matching the oracle task-aware
accuracy (84.02%) while substantially reducing forgetting compared to the shared-head task-agnostic setting.
When two classes overlap, task separation becomes more ambiguous, yet TIP still provides strong gains: it
improves task-agnostic accuracy from 28.48% to 76.97% while maintaining competitive forgetting (5.60%
FT). These results indicate that FedProTIP’s subspace-based task identification remains effective even when
neighboring tasks are not strictly disjoint.

E Experimental Details

E.1 Datasets

We evaluate our methods and baselines on 3 datasets: CIFAR100, DomainNet, and ImageNet-R. Details on
number of classes and dataset division are given in Table

CIFAR100 CIFARI100 contains 32x32 sized images from 100 classes, with 600 images per class. In our
class-incremental setting, we divide 100 classes into 10 tasks each consisting of 10 classes.

ImageNet-R ImageNet-R (ImageNet-Rendition) (Hendrycks et al.l [2021)) consists of artistic renditions
of 200 object classes from ImageNet, including cartoons, graffiti, and paintings, providing a benchmark for
evaluating model’s robustness to distribution shifts. In the class-incremental setting, we conduct experiments
on ImageNet-R by dividing its 200 classes into 5, 10, and 20 tasks, with each task containing 40, 10, and 5
classes, respectively.

DomainNet DomainNet consists of 224x224 images spanning six visual domains: real, clipart, infograph,
painting, quickdraw, and sketch, with each domain treated as a separate task. For training, we sample 10k
images per domain, while evaluation uses the full test set. In the main paper, we report results using task
ordering 1 (clipart — real — painting — sketch — infograph — quickdraw). For completeness, Table
presents results under task ordering 2 (clipart — infograph — painting — quickdraw — real — sketch).
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Table 16: Average accuracy (%) across different inference settings. FedProTIP (-t) and FedProTIP correspond to
task-agnostic inference without and with task identity prediction, respectively.

Dataset Method Task-Aware Task-Agnostic
FedAvg 38~99i6.52 15-35i2.82
GLFC 7526:&545 1186i200
LGA 85.0443.73 14.3541.08
o TARGET 69.8141.39 27.5540.89
10-split CIFAR100 LANDER 84.19 1 o4 37593 55
FOT 82.59.10.61 41.8041.12
FedProTIP (-t) 86.26i0'27 48.41i0'51
FedProTIP — 86.00¢.75
FCdAVg 21~47i0.11 8.15i0,25
GLFC 30.37+3.06 3.1841.93
LGA 41.7347.13 5.76+1.70
. TARGET 37.6410.67 14.6040.66
10-split ImageNet-R LANDER 52.66.1 29 23.960.67
FOT 54.374+1.35 26.3141.91
FedProTIP (-t) 61.72i0'04 35~64:t0.81
FedProTIP — 54.48.1 g7
FCdAVg 10.48i0.70 10.72i()‘14
TARGET 18.1149.30 20.6240.18
. . LANDER 15.4540.58 21.5941 .00
6-split DomainNet FOT 96.27 40,43 241310 5
FedProTIP (—t) 28-75j:145 28.85:‘:1‘46
FedProTIP - 25.30+0.30

Table 17: Metrics (%) of accuracy (1) and forgetting (]) computed in the experiments on 10-split CIFAR100. We
report the average accuracy and standard deviation over 3 trials, each with different seeds.

10-Split CIFAR100

Method 11D a=05 a=02
ACC FT ACC FT ACC FT

FedAvg 18.9212,45 63.2011,36 15-35:t282 62.9010,79 15.76:&7‘28 52.8014,36
GLFC 14.07£1100  69.171031 | 11.861200 68.2012.36 | 10.33+1.97  63.98+1.06
LGA 14.93+1.00  72.06+1.44 | 14.3541.07 71.0942.65 | 11.67+065 65.82+1.20
TARGET 29.56+0.75 42734495 | 27.37+1.00 37.60+530 | 23.05+256 34.63+2.74
LANDER 39.094109  927., 4, | 37-59+385 1021, .0 | 23.561561 13.28,,,,
FOT 46.8612.67 21111087 | 41.80x1.12  20.8611.12 | 34.6511.39  18.0910.72
FedProTIP (-t) 52.30,, 4  15.661077 | 4841, 15594080 | 42.19. 00, 14914111
FedPI'OTIP 87.9410,79 0.34;&0,59 86.0010,75 0.8310,47 81.9411,02 1.3510,47

E.2 Model Architecture

We use a ResNet-18 (He et al., [2016]) pre-trained on ImageNet-1K as the backbone network for all datasets
in the main paper. After learning the first task, we freeze the first two residual blocks of ResNet and only
update the remaining parts of the model. At the end of each task, the parameters of the last fully connected
layer are extended by adding neurons as classes are incremented. In addition, while learning new tasks we
freeze the parameters of the last fully connected layer corresponding to previously learned tasks.

E.3 Training Details

In all experiments, we use the SGD optimizer with a learning rate of 0.01 and a weight decay of 5 x 10~ for
all baselines. Unless otherwise stated, the batch size is set to 64. For training, the local epoch is fixed at 5
and the number of global rounds per task is 50 for CIFAR100 and ImageNet-R, and 20 for DomainNet. To
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Figure 7: GPU memory usage (GB) on a single NVIDIA H200 GPU. We report the maximum GPU memory allocated
at each training phase.

Table 18: Dataset details used in experiments.

Dataset # Classes # Tasks # Train # Test
CIFAR100 100 10 50,000 10,000
DomainNet 345 (per domain) 6 60,000 20,674
ImageNet-R 200 5/10/20 67,080 19,464

maintain consistent number of selected clients across different experiments, we apply a client fraction 1.0 at
each round for 5 clients, and 0.5 and 0.25 for 10 and 20 clients, respectively. We set the threshold ¢, = 0.7 for
all datasets. Additional ablation study on the threshold value is provided in Appendix[D.4 We describe
training details for each baseline in the following.

GLFC GLFC (Dong et al|2022) employs exemplar replay by storing a subset of raw samples for each task.
For CIFAR100, following the original paper we set the memory size to 2000; to satisfy memory constraints, for
DomainNet and ImageNet-R the memory size is limited to 1000. GLFC incorporates sample reconstruction
optimization to select the best old model on a proxy server, where the selected model is used in the next task
via distillation. For this optimization we use the L-BFGS optimizer with a learning rate of 0.5 for CIFAR100
and DomainNet, and 0.1 for ImageNet-R.

LGA LGA (Dong et al., 2023) extends GLFC by relying on a gradient encoding model to reconstruct
perturbed images from the gradients received on a proxy server. Additionally, it introduces self-supervised
prototype augmentation to enhance selection of the best old model from the reconstructed perturbed prototype
images. In our experiments, we use LeNet as the gradient encoding model for all datasets, and the SGD
optimizer to generate perturbed images. We retain the same experimental settings as implemented by GLFC
if the two approaches share the same configurations.

TARGET TARGET (Zhang et al., 2023)) leverages the previously trained global model to distill knowledge
from past tasks into the current model while also training a generator to produce synthetic data that captures
global information from previous tasks. In our implementation, we use 8k synthetic samples with a batch
size of 256 for CIFAR100, following the original paper’s hyperparameters for generator training rounds,
distillation schedules, and learning rates. For DomainNet, we generate 12,800 synthetic samples in batches
of 64, with 200 rounds of data generation and 100 generator iterations per round. For ImageNet-R, we use
12,800 synthetic samples with a batch size of 64, and set the data generation process to 40 rounds with 40
generator iterations per round to fit GPU memory constraints.

LANDER LANDER (Tran et all 2024) utilizes label text embeddings (LTE) generated by pretrained
language models as anchor points, constraining feature embeddings of the training data around the corre-
sponding class LTEs. Additionally, these anchors guide the generator optimization, ensuring that the global
model embeddings of synthetic samples remain close to LTEs, thereby generating more meaningful samples.
We follow the same experimental settings and use the provided LTEs for LANDER on CIFAR100 as suggested
in the original paper. For other datasets, since the official implementation does not include LTE generation,
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we construct the LTE pool using a pretrained CLIP model (Radford et all|2021f). We adopt the same prompt
template, “A photo of a class”, where class denotes the label of each class. For DomainNet and ImageNet-R,
we match the number of synthetic samples and data generation procedure used in TARGET, while keeping
all other configurations consistent with CIFAR100.

FOT FOT (Bakman et al., [2024) adapts GPM to the FCL setting, with key differences from FedProTIP
occurring at the end of each task: (i) A client transmits its input representation multiplied by a standard
normal vector with a predefined sampling dimension; (ii) the randomized input representations are averaged
and the core bases of the gradient subspace are extracted from these aggregated representations; and (iii)
the global model parameters are updated via orthogonal projection using these bases on the server side. In
our implementation, for each dataset we set the sampling dimension of the standard normal vector to five
times the feature size. As for the threshold required to obtain bases from the aggregated features, we use the
starting value of 0.87 with an increment of 0.01 for each new task for CIFAR100, while for DomainNet and
ImageNet-R we use threshold 0.9 with an increment of 0.01.

E.4 Data Heterogeneity

To assess the impact of data heterogeneity on FCL systems, we partition dataset across clients based on
the heterogeneity level controlled by the Dirichlet distribution. For an IID split, we randomly shuffle the
dataset indices and divide them into equal-sized subsets, ensuring each client receives a uniform share of the
dataset, independent of class labels. This ensures balanced data distribution across the clients. For a non-IID
split, we control heterogeneity using the Dirichlet distribution parameterized by «. Specifically, for each
class, we sample a probability vector from Dir(«) to determine the proportion of data assigned to each client.
We prevent empty assignments, guaranteeing that each client holds at least one sample from every class
present in its assigned task. Smaller values of « lead to a more skewed distribution, creating more severe
class imbalance across clients.

F Discussions

F.1 Related Works on FCL

Federated continual learning (FCL) tackles the challenge of continuously learning from decentralized data while
maintaining knowledge across tasks. An early approach to FCL, FedWelT (Yoon et al., 2021)), decomposes
parameters into task-generic and task-specific ones, focusing on a task-incremental setting where the task
ID is known during inference. More recently, TagFed (Wang et al., [2024a) introduces a model extraction-
based approach that mitigates forgetting by maintaining task-specific sub-networks with parameter masks,
selectively updating recurring tasks while employing group-wise knowledge aggregation to cluster clients
based on feature-based distillation at the server. pFedDIL (Li et al., 2025) propose a personalized federated
domain-incremental learning method that estimates task correlations using an auxiliary classifier to determine
whether to reuse a previous model or train a new one, with final predictions obtained through a weighted
ensemble of personalized models.

In the realm of replay-based methods, CFeD (Ma et all [2022) employs knowledge distillation enabled
by a surrogate dataset made available to clients as well as the server. GLFC (Dong et al. [2022; [2023)
addresses catastrophic forgetting by leveraging class-aware gradient compensation and class-semantic relation
distillation, while relying on the memory of old examples. The follow-up studies (Liu et al. 2023; |Dai et al.|
2023; |Li et al., 2024cja) reduce the size of the replay cache but remain reliant upon old samples.

To address the reliance on real data, generative model-based FCL methods have been proposed. FedCIL (Qi
et al., 2023)) employs a GAN with an auxiliary classifier to enable generative replay, preventing forgetting
and aggregating global knowledge across clients. TARGET (Zhang et al., [2023) and MFCL (Babakniya
et al., [2024) introduce data-free knowledge distillation that enables the use of synthetic examples to transfer
knowledge from an old global model to client models. LANDER (Tran et al., [2024) builds on this by
incorporating label text embeddings from pretrained language models as anchors, generating more meaningful
samples and further improving the ability to mitigate forgetting. AF-FCL (Wuerkaixi et al.l |2024)) leverages
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feature generative replay with a normalizing flow (NF) model to estimate the probability density of generated
features, enabling deliberate forgetting of biased features caused by data heterogeneity.

While many prior works have reported results in the class-incremental learning (CIL) setting, where task
IDs are unknown during inference, they still exhibit substantial performance degradation compared to the
relatively easier task-incremental learning (TIL) scenario. In contrast, FedProTIP enables accurate task-ID
prediction for each test sample, thereby achieving near-TIL performance even under the more challenging
CIL setting.

Parameter-efficient federated fine-tuning. A related but distinct line of work studies parameter-efficient
adaptation of pretrained models, most commonly through low-rank adapters. In continual learning, methods
such as O-LoRA (Wang et all |2023) and InfLoRA (Liang & Li, [2024) design task-specific LoORA update
subspaces to reduce cross-task interference. More directly related to our setting are recent LoRA-based
approaches for federated continual learning, such as PILoRA (Guo et al., [2024)), which learns incremental
LoRA modules for federated class-incremental learning, and LoRM (Salami et al.| [2025]), which studies
closed-form merging of parameter-efficient modules for federated continual learning. Beyond continual
learning, federated PEFT methods such as FLoRA (Wang et al.[2024D) and FlexLoRA
focus on stable LoRA aggregation under heterogeneous client resources or adapter ranks, while recent methods
including FedSVD and FedRot-LoRA (Zhang et al., [2026)) exploit low-rank geometry through
adaptive SVD-based reparameterization or rotational alignment before aggregation. These PEFT-based
approaches are complementary to FedProTIP rather than direct substitutes: they are especially attractive
when the backbone is very large and mostly frozen, whereas FedProTIP targets settings where the full model
is updated and the per-layer projection overhead remains manageable.

F.2 Privacy Considerations in FedProTIP

FOT’s privacy mechanism. FOT does not transmit raw activations. Each client k computes a randomized
sketch A = Y. a5 . (g5)", where gf ~ N(0,1,,), and the sketches are summed via secure aggregation
(SecAgg) (Bonawitz et all [2017). The server observes only A = >, Aj and extracts the global subspace
by SVD. FOT’s privacy argument relies on SecAgg hiding individual Ay and on the randomized aggregate
sketch used for distributed subspace estimation.

Privacy limitation of per-client basis transmission. In the default FedProTIP protocol, each client
transmits bases U, ,Et) € R%*7r to the server. These bases reveal client-specific principal directions of the local
feature space and may expose information about the client’s task distribution. Since bases are sent per client,
the server can attribute specific subspace directions to individual clients. To mitigate this limitation, we

introduce a secure-aggregation-compatible extension of FedProTIP below.

Weighted Gaussian sketch. We introduce a client-side sketch that makes FedProTIP compatible with
SecAgg while preserving aggregate subspace recovery. Each client performs SVD locally, then computes

B, =U, diag(ak) Gk S Rdlxsl, (40)

where Gy, ~ N (0, I) is an independent per-client random matrix and oy denotes the retained singular values.
The server receives only the secure aggregate B = ), By, via SecAgg. This construction has three useful
properties:

1. Individual client bases are not exposed to the server.

2. The per-client G, randomizes directions within each sketch, obscuring the original basis coordinates.

3. The aggregate can be written as B = MR, where M = [U131,...,UxXk] and R is a block-diagonal
Gaussian matrix, aligning the construction with the randomized-sketching principle used by FOT.

Table [20] summarizes the communication payload, SecAgg compatibility, and server-side observability of each
method.
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Empirical validation. Table[19]verifies that the sketch preserves accuracy on 10-split CIFAR100. The
sketch dimension s; controls the trade-off between performance and communication cost. With s; = 128,
FedProTIP achieves near task-aware accuracy with TIP (85.60% vs. 85.76%) while reducing per-client
communication from 366.9 MB/task for the full-dimensional sketch (s; = d;) to 16.1 MB/task, with
compatibility with SecAgg.

Table 19: Effect of weighted Gaussian sketch on FedProTIP. 10-split CIFAR100, o = 0.5, ¢, = 0.775, 5 clients.
Per-client communication is reported per task.

Task-Aware +TIP Per-client
Sketch s; | ACC FT | ACC FT | MB/task
d; 85.76 1.31 | 85.17 0.21 366.9
128 86.25 2.79 | 85.60 —1.47 16.1
64 85.42 3.24 | 75.36 11.55 8.1

Table 20: Privacy comparison of subspace communication methods. d;: layer width, ry: retained rank, s;: sketch
dimension.

Method | Client sends | SecAgg | Server observes
FOT X;G (dp x 5dp) v >k Ak
FedProTIP Uk (dl X Tk) X Each Uk
FedProTIP (sketch) | UpXxGr (d; X sp) v Zk By
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