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Abstract

Privacy-preserving adaptation of pretrained lan-
guage models requires continual fine-tuning
as private client distributions shift, while pro-
tecting individual samples under local differen-
tial privacy (LDP). In streaming differentially
private federated learning, full-rank LoRA
adapters will expose many trainable directions
to DP noise, and later domains may overwrite
directions relevant to earlier domains. We pro-
pose Private Rank-Invariant Subspace Memory
(PRISM), a fixed-rank LoRA framework that
schedules the active plastic rank over the stream
and applies shrinkage-gated memory writes to
DP-protected aggregate updates. Server-side
consolidation retains high-SNR directions in
an orthogonal memory and performs pure post-
processing on LDP updates. On MNLI genre
and Sentiment3, PRISM stabilizes adaptation
under strict privacy budgets while preserving
an effective public initialization. At e =2, it
reaches 79.8% and 92.3% final average accu-
racy, compared with 52.3% and 85.0% for full-
rank DP-FedSVD. Ablations indicate that rank
scheduling accounts for most strict-budget re-
covery; shrinkage-gated memory contributes a
slight retention gain and modestly outperforms
the best static low-rank method on MNLI.

1 Introduction

Adapting pretrained language models in privacy-
preserving deployment scenarios typically requires
continuous learning from private client data. In
many deployments, these data are distributed
across clients and arrive over time, rather than as
a centrally collected static training set. We study
federated continual fine-tuning under record-level
local differential privacy (LDP). Each client ob-
serves a sequence of related data distributions for
a single prediction task. Each local update is pro-
duced through differentially private stochastic gra-
dient descent (DP-SGD), and a task-aligned public
checkpoint supplies a frozen backbone and classi-
fier head. The setting is domain-incremental rather

than class-incremental: the label interface is fixed
by public supervision, while private input distribu-
tions continue to shift. The core challenge is to
adapt to each new private distribution while main-
taining performance on historical distributions un-
der one privacy budget accumulated over the en-
tire stream. This formulation differs from static
private adaptation in two operational constraints:
the server cannot use unprotected validation sig-
nals to select directions for retention, and the fixed
adapter rank leaves no task-specific capacity that
is allowed to grow with the stream. The allocation
rule is therefore part of the training protocol, and
all boundary decisions remain post-processing of
already privatized updates.

The mainstream paradigm for private language-
model adaptation combines federated optimization
with parameter-efficient fine-tuning. DP-FedAvg
protects local records but updates a large param-
eter set under DP noise, which substantially re-
duces utility under strict budgets (McMahan et al.,
2017a,b; Kairouz et al., 2021). Low-Rank Adap-
tation (LoRA)-based DP fine-tuning reduces the
trainable subspace by freezing the pretrained back-
bone (Hu et al., 2021; Yu et al., 2022). FedSVD fur-
ther freezes one LoRA factor during local training
and uses server-side SVD re-parameterization of
the DP-aggregated adapter update, thereby improv-
ing performance in static private federated adapta-
tion (Lee et al., 2025).

A crucial limitation remains: static low-rank pri-
vate adaptation methods do not allocate feature
directions between plastic adaptation and cross-
boundary retention. Under strict DP, this issue
creates two coupled failure modes. First, an exces-
sively large active adapter subspace amplifies pri-
vacy noise relative to task-relevant signal. Second,
SVD-derived directions from later distributions can
overwrite representation directions that remain ben-
eficial to earlier distributions. In our experiments,
these failures appear as retention decay on previous
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domains and, at the most restrictive budgets, single-
class prediction collapse. Static rank reduction
is a strong regularizer and an important baseline.
Our objective is to preserve this DP benefit while
keeping total adapter capacity fixed and filtering
boundary directions before they become persistent
state.

To address this problem, we propose PRISM,
a fixed-rank LoRA framework for private feder-
ated continual adaptation. PRISM treats the fixed
LoRA rank as a capacity budget allocated over
time. It separates each adapter into memory and
plastic subspaces, trains only the current plastic
factor on clients, and applies server-side bound-
ary consolidation to retain high-SNR feature direc-
tions while discarding low-SNR components. The
rank schedule is the primary noise-control mech-
anism, and shrinkage-gated memory provides an
additional retention mechanism for directions that
survive the DP noise floor. Because boundary con-
solidation uses only DP-protected aggregates and
public or synthetic noise estimates, it introduces
no additional privacy-consuming signals beyond
client-side DP-SGD.

Contributions. We make three contributions.

(1) We propose PRISM, a fixed-rank LoRA
framework for federated continual learning under
record-level LDP. It decomposes the adapter capac-
ity into plastic and memory subspaces, allowing the
same rank budget to adapt to new private domains
while preserving valuable feature directions from
earlier ones.

(2) We introduce a stream-boundary consolida-
tion procedure for DP-protected aggregates. The
procedure maintains plastic updates in the exist-
ing memory complement and, after each memory
write, confines the next plastic basis to the updated
complement. It also applies noise-floor singular-
value shrinkage and uses only retained directions
to update memory and initialize the next plastic
subspace.

(3) Experiments on MNLI genre (Williams et al.,
2018) and Sentiment3 show that PRISM consis-
tently improves accuracy and retention under strict
DP over full-rank DP-FedSVD and an O-LoRA-
style orthogonal-adapter baseline. At ¢ = 2, it
raises final average accuracy over DP-FedSVD
from 52.3% to 79.8% on MNLI genre and from
85.0% to 92.3% on Sentiment3, while reducing
client-to-server uplink by 42.5%.

2 Related Work

Private and federated parameter-efficient adap-
tation. DP-SGD (Abadi et al., 2016) and Rényi-
DP (RDP) accounting (Mironov, 2017) provide
the privacy mechanism used in private fine-tuning.
Full-model private fine-tuning, however, suffers
from high computational cost and substantial DP-
noise interference under strict budgets. Parameter-
efficient private fine-tuning alleviates this issue by
updating a small number of parameters in a pre-
trained model, including LoRA (Hu et al., 2021),
DP language-model fine-tuning (Yu et al., 2022),
DP-BiTFiT (Bu et al., 2022), and DP-LoRA vari-
ants (Liu et al., 2025; Xu et al., 2026, 2025). In
federated parameter-efficient adaptation, FLoRA
supports heterogeneous client LoRA ranks through
stacking-based aggregation (Wang et al., 2024),
FedEx-LoRA corrects inexact LORA aggregation
through a residual update to the frozen backbone
(Singhal et al., 2025), and FedSVD uses server-
side SVD re-parameterization so that clients train
only one LoRA factor (Lee et al., 2025). Although
these methods reduce the parameter dimensionality
affected by DP noise or improve federated aggre-
gation, they primarily target single-task or static
adaptation. In contrast, PRISM targets a continual
private federated stream and allocates the trainable
subspace among successive private distributions
under a globally accumulated privacy budget.

Continual subspace memory under privacy con-
straints. Continual learning methods use regu-
larization, replay, gradient projection, prompts, or
adapters to reduce forgetting (Kirkpatrick et al.,
2017; Saha et al., 2021; Wang et al., 2022; Smith
et al., 2023). Among subspace-based parameter-
efficient methods, O-LoRA is the most relevant one:
it assigns sequential language tasks to orthogonal
LoRA subspaces (Wang et al., 2023). Federated
continual learning methods such as FedWelT (Yoon
et al., 2021), federated class-incremental learning
(Dong et al., 2022), and FedET (Liu et al., 2023)
address forgetting through inter-client transfer, dis-
tillation, replay, or compact task modules. These
approaches generally target non-private or class-
incremental settings and often rely on stored exam-
ples, private logits, or growing task-specific capac-
ity. In contrast, PRISM assumes a fixed label in-
terface, shifting private domains, record-level LDP,
and memory writes that post-process DP-protected
aggregates. Appendix F provides extended compar-
isons with these related methods.
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Figure 1: PRISM workflow. The four numbered stages correspond to Section 3. (1) FedAvg includes public
task-aligned initialization, client-side plastic training with DP-SGD, and aggregation of DP-protected plastic updates
into BF AT. (2) Residual projection expresses the plastic update in the memory complement. (3) Thin SVD applies
noise-floor shrinkage to keep high-SNR directions and discard low-SNR directions. (4) Memory write stores
retained directions in BM AM and initializes BtﬂlAﬁ_l for the next task.

3 Method

3.1 Problem Formulation

Consider K clients and a predefined stream of M
distribution segments 7 = (711, ..., Tas) for a sin-
gle prediction task. All segments share the same
output interface and label semantics, but they dif-
fer in input distribution or domain. For segment ¢,
client ¢ owns local records D¢ = {(xi,y;) : yi €
V}. Raw examples, private logits, and per-example
gradients are not transmitted to the server under
the LDP protocol. For consistency with continual-
learning notation, we refer to segments as tasks
hereafter. They are domain segments within one
prediction task, rather than separate tasks with dis-
tinct label sets. Transition boundaries between seg-
ments are predefined. A public initialization pro-
vides a frozen backbone 6 and a frozen classifier
head h.

Training is restricted to LoRA adapters. For
each adapted layer [, the update applied to the
frozen weight is AW, = B A;, where A; € R"*%n.t,
By € R%uiX" and the total rank 7 is fixed over the
whole stream. During segment ¢, the ideal feder-
ated objective is

K
I%itn z_;pat E(z,y)eDc,tg(h(fQO,@t (x)),y), (D

where &, = {A;, B;}; and p; is the client weight-
ing used in FedAvg. After each segment, the pro-
tocol returns a single shared model for the task,
rather than a domain-specific expert. The model is
evaluated across all previously observed domains

in terms of final average accuracy and forgetting
metrics. The privacy unit is a single data record
belonging to a fixed client, and the privacy budget
accumulates over the entire stream.

3.2 Overview of PRISM

As shown in Figure 1, PRISM allocates the fixed
LoRA rank between retention and adaptation over
time through four stages. The first stage, FedAvg,
covers the public task-aligned initialization, client-
side plastic training with DP-SGD, and aggregation
of privatized plastic updates. At stream boundaries,
the server then applies residual projection, thin
SVD with shrinkage, and memory writing before
initializing the next plastic subspace. For segment
t, each LoRA layer is decomposed into a frozen
auxiliary memory component and an active plastic
component,

AW, = BM AM 1 BF AP, )

where A{VI , BlM store directions consolidated from
previous segments, while AlP ) Blp are reserved for
the current segment. The rows of AM and A}
are jointly orthonormal. Within a segment, clients
only train BZP . AM BlM , and Alp remain fixed.
For inference, the single adapter uses both terms
in Equation 2. After the final segment, the latest
plastic component is retained without reset.

3.3 Client-Side Private Plastic Training

At the start of segment ¢, the server broadcasts
the frozen memory factors and the current plas-
tic basis { A/}, A participating client optimizes
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only {B}, on its local records. For each mini-
batch, per-example gradients with respect to BY
are clipped to norm C, Gaussian noise with multi-
plier o is added, and the client executes the local
optimization updates. The number of rounds, local
steps, clipping values, and batch sizes are specified
in Section 4.

After local training, client c sends only its priva-
tized plastic factor, or an equivalent plastic update,
to the server. The server performs weighted Fe-
dAvg,

Bfi =Y weBlL,. 3)
cESt

over the selected clients S;. Since AlP is fixed
during the segment, the aggregated plastic adapter
for layer I is B/,A[’. Note that all subsequent
server operations are pure post-processing of this
DP-protected aggregate, allowing boundary filter-
ing and memory updates without additional privacy
loss.

3.4 Server-Side Boundary Consolidation

At a boundary after segment { < M, PRISM ex-
presses the aggregated plastic update in the old
memory complement and then writes shrinkage-
retained directions into auxiliary memory. Let
Py =1 — (AM)TAM denote this complement.
The residual form R; = BZF;A;P P]\j explicitly ex-
presses the plastic update in this complement; joint
orthogonality gives AZP Pi[ = AZP . The server
computes a thin SVD R; = UXV ", Following
the shrinkage test in Section 3.5, it writes the top k
retained high-SNR directions into memory:

A = AV,
M o (BM 17, dine(s “)
B « [B)", Uy diag(51.)].
The boundary procedure then recomputes the com-
plement after the memory write and samples the
next Af inside it. This construction prevents future
plastic directions from immediately overwriting
consolidated memory. Thus, consolidated direc-
tions remain protected while the remaining rank
is left available for future adaptation. Algorithm 1
presents the layer-wise procedure.

3.5 Rank Scheduling and Noise-Floor
Shrinkage

Let the total rank be fixed at r = r3; + rp, and
reserve at least 5" plastic directions for every
non-final segment. Before training 71, rapy = 0

Algorithm 1: PRISM stream-boundary pro-
cessing.

Input: layer factors AM, BM, A Bﬁt;
per-boundary write capacity mj; **; calibrated
noise scale o, total rank r; shrinkage
coefficient .

Output: updated A}, BM and initialized A7 , B’

for the next segment.
1 Pip I — (AT AM
complement
2 R+ BftAf) P]\l/f ;
3 U, %,V <~ THINSVD(R;) ;
4 7, + NOISEFLOOR (0, Pj;) ;
MC estimate
s forj=1,...,rows(A]) do

// old memory

// 0.95-quantile

6 ‘ 55 + \/max(E?j —y717,0);
7 end

8 k< min(m{™™, [{j:5; >0}]);

9 if £ > 0 then

AN — (A ViR

BM « [BM, Uy diag(31.1)] 5

12 end

13 P]i[,new —1I- (14ZJW)TAl]M 5
1 Y r —rows(AM) ;

15 sample AF € R™F x4
16 BF «+0;

in from Im(Pje/},new) ;

and rp = r. After segment ¢ < M, the maximum
number of directions that can be written is

r— rj?in — Tg\?
mp = | =L ()

where rg\f[) = rows(AM) before the boundary. The
rule distributes the remaining non-plastic capacity
across future boundaries rather than allocating all
available rank to early memory. Once r and r}?i“
are fixed, the schedule is deterministic.

To avoid storing DP noise as memory, the server
estimates a layer-wise spectral noise floor by simu-
lating an equivalent aggregated DP noise matrix IV,
and projecting it through the current memory com-
plement: 7, = Q4 (|| N Pi;||2) with ¢ = 0.95. N,
is constructed solely from public quantities such as
o, clipping, steps, and aggregation weights. Note
that 7; is a relative scale, not a formal DP utility
bound; the formal privacy guarantee still derives
from client-side DP-SGD. With s; denoting the
singular values of I?;, the shrinkage rule is

5=\ max(sl — 7%, 0),  ©

and only directions with 5; > 0 are eligible for
memory insertion. The shrinkage coefficient ~ is
fixed before the main runs; Appendix L reports the
diagnostic sweep used to choose it.
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3.6 Privacy and Cost across FedAvg, Residual
Projection, Thin SVD, and Memory Write

PRISM provides record-level LDP for local exam-
ples within each client. Neighboring datasets differ
in one example within one fixed client; client-level
DP is not claimed. A separate RDP accountant is
maintained per client over the full stream, and the
maximum achieved ¢ among all clients at § =107
is reported as the formal privacy guarantee. The
mean per-client ¢ is reported only as a diagnostic
metric for the sampled participation schedule. The
privacy budget is not reset between segments. The
accountant binary search set the upper bound of o
to 64; when this limit is binding, the achieved ¢ is
reported rather than the preset target value.

The number of trainable and uploaded param-
eters will scale with the plastic rank instead of
the total rank. For segment ¢, the per-round up-
link consists of ), dout,lrg) adapter parameters.
The downlink contains the fixed-rank adapter state
needed for inference and the next local update, thus
scaling with r rather than with the full backbone.
The boundary SVD is computationally lightweight

since the rank of R; is bounded by rg); it is com-

puted through QR reductions and an rg) xrg) SVD.
Hence, the additional cost compared with DP-
FedSVD lies in memory bookkeeping and noise-
floor Monte Carlo computation, while the dominant
local training cost decreases as rp shrinks over the

stream.

4 Experimental Setup

Research questions. The experiments explore
four research questions: whether PRISM improves
final accuracy compared with existing private FL
references under the same record-level LDP budget
(RQ1), whether it reduces forgetting and single-
class collapse under intense noise (RQ2), whether
the gains stem from rank scheduling and shrinkage-
gated auxiliary memory rather than extra capac-
ity or privacy budget (RQ3), and whether such
trends hold across stream order and a second do-
main stream (RQ4).

Datasets. The experiments use human-labeled
English text classification benchmarks and do not
collect or redistribute new text. MNLI genre is a
five-segment domain stream for the same NLI task,
built from MNLI (Williams et al., 2018): fiction —
government — slate — telephone — travel, plus
the reverse order. Each genre is split 90/10 from

the MNLI train split and capped at 2,000 train and
1,000 evaluation examples. The public initializa-
tion is RoBERTa-large (Liu et al., 2019) warmed up
on 50,000 SNLI (Bowman et al., 2015) examples.
Sentiment3 consists of SST-2 (Socher et al., 2013;
Wang et al., 2018) — IMDb (Maas et al., 2011) —
Yelp Polarity (Zhang et al., 2015), with 2,000/1,000
class-balanced train/evaluation examples per task
and a Rotten-Tomatoes (Pang and Lee, 2005) pub-
lic warmup. Dataset construction, licenses, and
preprocessing details are in Appendix C.

Baselines. All private methods use the same pub-
lic initialization, private domain stream, client
schedule, calibrated noise multiplier, optimizer,
and LoRA target modules. The comparison in-
cludes Public-Init (no private FL), DP-FedAvg
(train both LoRA factors), DP-FFA (freeze A;, train
B)), DP-FedSVD (Lee et al., 2025; freeze A; lo-
cally and SVD-refactorize after aggregation), an O-
LoRA-style orthogonal continual-adapter baseline,
and PRISM. Since gains under strict DP can be
explained by lower active rank, Section 6 includes
static low-rank DP-FedSVD and rank-scheduled
FedSVD as primary controls rather than treating
them solely as auxiliary diagnostics. Appendix E
lists the shared settings and method-specific differ-
ences.

Metrics. Let Acc;; be accuracy on segment j
after training through segment ¢. The main metric
is final average accuracy Acc = ﬁ > j Accyyj.
The evaluation also reports average forgetting,
1 .
T ZKM(maXKM Acc; ; — Accyyj), and in-
spects task-retention matrices and maximum-class
prediction share to separate true retention from col-
lapsed predictors.

Implementation and privacy. Unless otherwise
stated, all private runs use RoBERTa-large with
LoRA rank of 8, alpha of 8, dropout rate of 0.05,
and adapters on query/value projections. The simu-
lations use six clients, Dirichlet label skew ov = 0.5,
50% participation, 50 rounds per segment, five lo-
cal steps, SGD with learning rate 5 x 10~3, maxi-
mum sequence length of 128, and logical batch
size of 64. DP-SGD uses § = 1075 and clip-
ping norm C' = 1.0 on MNLI and C = 2.0 on
Sentiment3, with one calibrated noise multiplier
per privacy/seed cell. For PRISM, the minimum
plastic rank is 715" = 2, thereby yielding the de-
terministic schedule in Section 3.5: (rps,7p) =
(0,8)—(2,6)—(4,4) — (5,3) — (6, 2) for MNLI
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Targete o  Achieved max ¢ Mean cliente o cap

MNLI
6 6.27 6.000 2.32 no
3 11.99 3.000 1.18 no
2 17.55 2.000 0.79 no
Sentiment3
3 25.03 3.000 1.39 no
2 36.02 2.000 0.93 no
1 64.00 1.065 0.50 yes

Table 1: Privacy accounting over three seeds, § =107°.
The MNLI strict-budget stress diagnostic is reported in
Appendix L; the Sentiment3 stress row is o-capped with
achieved e, ~1.07.

and (0,8) — (3,5) — (6, 2) for Sentiment3. The
shrinkage coefficient is fixed by privacy regime
from a complete single-seed diagnostic sweep (Ap-
pendix L): v.—¢ = 0.25 and 7.<3 = 1.0. The
privacy unit is one local record inside a fixed client;
the per-client RDP accountant composes across the
whole stream. Additional implementation details
are provided in Appendix C.

Statistical protocol. Main results are reported
as means with standard deviations. For MNLI,
results are averaged over three seeds and two task
orders, yielding six seed-order runs per privacy
budget. Sentiment3 averages three seed runs in
the forward order. For a fixed seed, all methods
share the same data split, client partition, client
participation schedule, public initialization, and
noise multiplier. We evaluate the final model after
the full stream, with no early stopping or test-set-
based checkpoint selection.

Privacy accounting summary. Table 1 reports
the calibrated noise multiplier, the max-client €
used for the formal guarantee, and the mean per-
client € used only as a participation diagnostic.
Among the main-table cells, the o-cap binds only
at the Sentiment3 stress point, which is reported as
o-capped with achieved ey, ~1.07. Appendix B
elaborates the record-level LDP theorem, the post-
processing argument, and the o-cap details.

5 Main Results

The results are consistent with the research ques-
tions in Section 4: utility under the same LDP
budget, stability against forgetting and collapse,
and operating regimes in which PRISM provides
limited additional utility. Mean differences and
standard deviations are reported descriptively; no

MNLI (Avg. Acc., %) | Sentiment3 (Avg. Acc., %)

Method e=6 ¢=3 =2 |e=3 =2 Stress™
Public-Init 794 794 79.4 88.9 88.9 88.9
DP-FedAvg 78.5 43.0 334 49.8 499 49.9
DP-FFA 80.8 735 5.1 |903 820 50.4
DP-FedSVD 81.0 739 523 |90.0 850 50.8
O-LoRA 80.6 77.8 562 [909 622 50.1
PRISM (ours) 81.2 80.3 79.8 92.2 923 90.8

Table 2: Final average accuracy under strict LDP.
Means are across seeds and, for MNLI, task orders; stan-
dard deviations and forgetting are in Appendix H. DP-
FedSVD is the full-rank static reference; rank-scheduled
and static low-rank controls are analyzed in Tables 6
and 7. *Sentiment3 o-capped stress with achieved
€max ~1.07.

MNLI (n=6) Sentiment3 (n=3)

3
S
3

® o
3
©
S
-

o o~
3 3
N ®
s 3

DP-FedAvg
DP-FFA 60
DP-FedSVD
O-LoRA 50
~&- DP-PRISM (ours)

w
3

Final average accuracy (%)
N
s

w
8

£=6 £=3 £=2 £=3 £=2 £=1
Privacy budget (stricter =) Target privacy budget (stricter =)

Figure 2: Privacy-utility curves. O-LoRA is included
as an orthogonal continual-adapter control. The Senti-
ment3 stress point is o-capped with achieved €,,x ~
1.07.

hypothesis tests are conducted, and no statistical-
significance claims are made.

Final accuracy under the formal privacy budget.
Table 2 first compares PRISM with full-rank private
FL references under the same record-level LDP ac-
countant. On MNLI, PRISM outperforms full-rank
DP-FedSVD by 0.2% at £ = 6, indicating limited
value from boundary consolidation when the pri-
vacy budget is less restrictive. The gap grows to
6.4% at e =3 and 27.4% at e =2, where full-rank
DP-FedSVD averages 52.3% with high variance
while PRISM remains at 79.8%. This comparison
diagnoses the instability of full-rank static adapta-
tion; it should not be interpreted as evidence that
memory alone accounts for the gain. Section 6
isolates the stronger low-rank and rank-scheduled
alternatives. On Sentiment3, PRISM improves over
full-rank DP-FedSVD by 2.2% at ¢ = 3, 7.4% at
e = 2, and 40.0% in the o-capped stress setting.
The O-LoRA-style control is competitive under
less restrictive budgets, but becomes unstable un-
der stricter privacy: at e =2, it drops to 56.2421.3%
on MNLI and 62.2+21.9% on Sentiment3 due to
collapse in individual seed-order runs.

Public initialization and private learning. The
MNLI public checkpoint is intentionally strong. At
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Method e=3 e=2
DP-FedAvg 0.79 019 0.93 +o.11
DP-FFA 0.43 +005 0.74 +0.27
DP-FedSVD 0.41 +004 0.64 +0.21
PRISM (ours)  0.38 +0.03 0.38 +0.03
Balanced (1/3)  0.33 0.33

Table 3: Maximum-class prediction share on MNLI.
Final maximum-class prediction share; values closer to
the balanced reference indicate less concentration.

€ =2, PRISM surpasses Public-Init by only 0.4%.
Thus, the MNLI advantage lies in stability under
private continual training rather than in a substan-
tial gain over the public model. Appendix D reports
a three-seed sensitivity study. Private adaptation
brings a substantial gain for the undertrained SNLI-
10k-e1 checkpoint, no reliable gain for the lowest-
accuracy SNLI-5k-el checkpoint, and achieves
modest gains as the public warmup approaches
saturation.

Retention and collapse explain RQ2. Aggre-
gate accuracy alone cannot distinguish retention
of previous domains from adaptation to the latest
domain. Figure 3 shows the MNLI task-retention
matrix with € =2 for the forward order. Cell (4, j)
is accuracy on task j after training reaches task %;
cells with j > 7 are blank because the correspond-
ing tasks are unseen at that stage. DP-FedAvg ap-
proaches chance-level performance by the second
task. DP-FedSVD shows a directional overwrite ef-
fect, where subsequent tasks overwrite prior feature
directions and rows below the diagonal degrade.
The O-LoRA-style orthogonal-adapter control suf-
fers from seed instability under strict LDP. In con-
trast, PRISM maintains steady performance across
tasks and stages, verifying that its superiority is not
limited to last-task adaptation.

Model failures under strict DP also manifest as
class-biased collapse rather than uniform accuracy
degradation. Table 3 shows the final maximum-
class prediction share on MNLI; lower values,
closer to the balanced reference 1/3, indicate less
class concentration. At ¢ = 2, the values of DP-
FedAvg and DP-FedSVD reach 0.93 and 0.64, re-
spectively, whereas PRISM stays at 0.38 at both
budgets, suggesting that rank control combined
with shrinkage mitigates noise-driven class domi-
nance.

Sentiment3 forgetting corroborates retention
stability. Table 4 reports average forgetting on

Sentiment3 forgetting (%)

Method e=3 e=2 Stress™

DP-FedAvg 17.72 41419 579 663  0.02 +0.031
DP-FFA 2.20 +0.91 9.76 £249  2.88 +3.98t
DP-FedSVD 2.51 +0.70 5.75 +183  1.31 +o.6st
O-LoRA —0.78 272 10.38 +16.19 0.06 +0.971
PRISM (ours) 0.31 +0.14 —0.12+056 0.86 +0.95

Table 4: Sentiment3 average forgetting. Lower is better.
*o-capped stress with achieved ey, &~ 1.07; Tnear-zero
forgetting at the cap is caused by collapsed predictors
rather than stable retention. Bold marks the best non-
collapsed entry within a privacy setting.

Method Uplink params Downlink params Round (s)
DP-FedAvg 2,313,035 5,409,138 5.79
DP-FedSVD 1,156,518 5,409,138 3.29
PRISM (ours) 664,998 5,409,138 3.35

Table 5: Communication and runtime. MNLI £ =2
main runs, averaged across seeds and orders.

the binary stream. At e = 2, DP-FedSVD ex-
hibits 5.75% average forgetting, whereas PRISM
achieves —0.12%. O-LoRA is competitive at ¢ =3
but collapses in two seeds at € =2. Note that at the
o-cap, the low forgetting of the DP baselines re-
flects chance-level final accuracy in Table 2 rather
than stable retention. Appendix K reports the per-
seed range and forgetting trace.

Communication efficiency rather than per-
round latency. Table 5 reports the cost of the
MNLI € =2 main runs. PRISM trains only the cur-
rent plastic factor BY, reducing uplink parameters
by 42.5% relative to full-rank DP-FedSVD. Run-
ning time remains comparable (3.35s vs. 3.29s).
Thus, the efficiency advantage lies in communi-
cation volume rather than latency; static low-rank
FedSVD can reduce uplink but yields lower accu-
racy (Table 7).

6 Ablations

The ablations address RQ3 by testing whether
PRISM’s gains arise from the proposed mechanism
rather than extra capacity or a less restrictive pri-
vacy budget. DP-FedSVD is augmented with +RS
for rank scheduling, +RS+Mem for ungated memory,
+RS+Shrink for shrinkage, and +RS+Mem+Shrink
for the full mechanism. These internal controls use
the same privacy accountant and public initializa-
tion. Additionally, a static low-rank DP-FedSVD
sweep further tests whether training fewer parame-
ters is sufficient.

7210



DP-FedAvg DP-FedSVD O-LoRA PRISM (ours)
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Figure 3: MNLI retention at ¢ = 2.

tion/government/slate/telephone/travel.

Variant e=6 e=3 e=2

DP-FedSVD 81.04 +055 73.88 +490 52.32 +17.78
+RS 80.91 +067 79.38 +0.78 77.55 +133
+RS+Mem 81.32 +065 78.41 +103 70.82 +7.59
+RS+Shrink 80.82 +057 79.97 +088 78.55 +o053
+RS+Mem+Shrink 81.23 +065 80.31 +040 79.75 +0.76

Table 6: MNLI module ablations. Final average
accuracy over forward and reverse orders with seeds
42/43/44 (n =06 for each cell).

Method Uplink Avg. Acc. (%) Fgt (%) BWT (%) Apub (%)

DP-FedSVD (r=8) 1.16M 54.59 £1335 14.38 +8.29 -14.25 +8.34 -24.56 +13.05
DP-FedSVD (r=2) 029M 7832+1.02 1.04+101 -0.80+123 -0.84+1.22
PRISM (r=28) 0.66M  79.68 +£0.85 0.24 +0.18 -0.05+0.26 0.53 +0.54

Table 7: Strong static low-rank control. MNLI ¢ =2,
forward order, seeds 42—46 (n=5). Uplink is average
client-to-server parameters per round.

Table 6 shows that rank scheduling is the dom-
inant intervention under strict DP: at € = 2, +RS
improves DP-FedSVD by 25.23% and reduces for-
getting from 15.08% to 0.75%. Shrinkage remains
effective under strong noise, improving over +RS by
1.00% at £ =2 and by 0.59% at € = 3, while keep-
ing forgetting below 1%. Memory without shrink-
age is unstable under strict DP: +RS+Mem drops to
70.82% at € = 2, whereas the full method recov-
ers to 79.75%. These results support a constrained
mechanism interpretation: rank scheduling domi-
nates performance recovery, shrinkage functions as
a noise filter, and memory contributes after shrink-
age gates memory writing.

Static rank-reduction control. Table 7 shows
the strongest competing explanation. Static DP-
FedSVD with r =2 reaches 78.34+1.0% at MNLI
€ =2, only 1.36% below PRISM. The result sup-
ports a conservative interpretation: rank reduction
accounts for most gains, and shrinkage-gated mem-

Forward order, mean across seeds.
after training reaches a given genre and evaluating on each observed genre.

64 65 62

Accuracy (%)

61 64 60 61

N
o

63 63 61 60 62

F G S T R F G S T R
eval task eval task

Each panel reports accuracy
Tasks F/G/S/T/R denote fic-

ory brings a modest retention improvement at fixed
total rank.

7 Discussion

The results identify a specific operating regime.
Under loose privacy, static DP-FedSVD is competi-
tive and boundary processing brings only marginal
improvement. Under strict privacy with a useful
public initialization, rank scheduling reduces the di-
rections exposed to DP-SGD, and shrinkage-gated
memory prevents low-SNR boundary features from
entering persistent state. Findings under extreme
test scenarios cannot be generalized to practical
deployment, which only reveals the collapse mode
addressed by our method.

Rank scheduling accounts for most recovery. Un-
gated memory can preserve noisy singular direc-
tions, while shrinkage makes memory a retention
store for filtered directions. This explains why
static low-rank DP-FedSVD serves as a strong base-
line but cannot fully match PRISM’s forgetting and
backward-transfer capability.

PRISM uses no private validation data, logits,
or growing task modules. The method is there-
fore designed for deployed classifiers with fixed
label interfaces and known domain transitions. Its
efficiency concerns communication rather than per-
round latency.

8 Conclusion

PRISM addresses private continual LoORA where
shifting client domains share a fixed label inter-
face and one record-level LDP budget. It targets
DP-noise amplification and overwriting of earlier
directions. Scheduling plastic rank and writing
shrinkage-filtered high-SNR directions improves
strict-budget stability. Rank scheduling provides
most gains, and memory adds modest retention.
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Limitations

Scope and assumptions. The evidence is lim-
ited to English public benchmarks and two fixed-
output text-classification domain streams: MNLI
genres and Sentiment3. This work does not evalu-
ate low-resource languages, multilingual transfer,
generation, long-context tasks, retrieval-augmented
systems, or class-incremental settings with disjoint
label spaces. The capped per-segment private sub-
sets and benchmark annotations cannot confirm
consistent performance for larger private corpora,
noisier labels, or deployment data with different
domain shifts. PRISM also assumes known do-
main boundaries, a fixed classifier/label interface,
a frozen classification head, and a useful public ini-
tialization. The rank schedule and shrinkage-gated
memory update cannot solve label-space expansion
or learn a classifier from scratch under DP.

Privacy and evaluation boundaries. The formal
guarantee is record-level LDP for examples within
a fixed client. Client-level DP is not provided for
the addition or removal of an entire client. Server-
side SVD, memory writing, rank scheduling, and
shrinkage are post-processing of locally privatized
updates; they do not strengthen the privacy guar-
antee beyond local DP-SGD. The noise-floor esti-
mate uses only public quantities, but it is a heuristic
utility filter rather than a formal DP utility bound.
Means and standard deviations are measured over
a limited number of seeds, and no significance tests
are conducted.

Resources and risk. The experiments use
RoBERTa-large and multi-run federated simula-
tions, so they require nontrivial GPU resources.
Software versions, privacy accounting, seeds, and
communication costs are reported, and the imple-
mentation will be released after the review process.
The method is intended to reduce exposure of pri-
vate training records, but privacy-preserving adap-
tation can still be misused to deploy models on sen-
sitive or biased data. Safety-sensitive deployment
requires additional audits for bias, downstream mis-
use, and stakeholder impact.
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Appendix Overview

Appendix A adds mechanism-level interpretation
and practical guidance beyond the main discussion.
Appendix B states the record-level LDP guarantee
for PRISM, including client-side RDP composition,
the server-side post-processing argument, and the
interpretation of the o cap. Appendix C records
dataset construction, preprocessing, metric defini-
tions, software versions, seeds, and checkpoint-
selection protocol. Appendix D reports public-
warmup sensitivity, and Appendix E documents
baseline fairness controls. Appendix F expands the
comparison with private parameter-efficient adap-
tation, federated LoRA aggregation, and contin-
ual subspace methods. Appendix G reports the
SST-2/Rotten Tomatoes overlap check and decon-
taminated Sentiment3 results. The remaining ap-
pendices provide expanded results, MNLI order
robustness, class-collapse diagnostics, Sentiment3
seed ranges, and stress and shrinkage diagnostics.

A Additional Discussion

Mechanism interpretation. Strict LDP changes
the dominant failure mode of federated LoRA adap-
tation. The problem is not limited to stochastic
gradient noise at client training time. Noisy high-
dimensional adapter directions may also become
persistent after server-side re-parameterization.
PRISM separates this issue into two operations.
Rank scheduling reduces the number of trainable
directions exposed to client-side DP-SGD at later
segments, and shrinkage prevents low-SNR bound-
ary directions from being written into memory as
task-relevant signal. Memory then serves as an aux-
iliary retention store for filtered directions. This
interpretation is consistent with the main results:
the largest gains occur under strict privacy, whereas
DP-FedSVD remains stable under less restrictive
budgets.

Relation to prior design principles. The re-
sults are consistent with private parameter-efficient
adaptation and continual subspace learning, while
delimiting their applicability. Private parameter-
efficient adaptation and DP-FedSVD show that re-
ducing the locally trained parameter dimension is
important under DP. Continual subspace methods
show that orthogonal directions can improve reten-
tion. The O-LoRA-style control demonstrates that
orthogonality alone is insufficient under strict LDP:
it is competitive under less restrictive budgets but

becomes high-variance at € = 2 and collapses in
the Sentiment3 stress setting. PRISM combines
these principles in a fixed-rank federated adapter
by training a scheduled plastic subspace, filtering
boundary directions against a DP noise floor, and
storing only the retained directions.

Applicability. PRISM targets strict private con-
tinual streams rather than all static private LoORA
regimes. When the privacy budget is less restrictive,
static DP-FedSVD is already competitive and the
boundary logic has limited additional value. When
the budget is extremely strict, the accountant can
enter the o-cap regime; those results are reported
with achieved rather than nominal €. The method
also depends on a usable public initialization. If
the public model is near chance-level on the private
label interface, the private stage becomes classifier
learning under DP, which is outside the intended
LoRA adaptation setting.

Future directions. Future work can replace the
empirical shrinkage coefficient with a calibration
rule tied to clipping, participation, non-IIDness,
and local steps. It can also study adaptive mem-
ory allocation across layers and stream segments
instead of the current deterministic schedule, and
extend the privacy model to client-level DP when
the presence of an entire client must be protected.

B Privacy Guarantee of PRISM

This appendix states the formal privacy guarantee
for PRISM under per-client record-level LDP. The
public SNLI and Rotten-Tomatoes warmups are
excluded from the private budget because they use
public data. The private stage isolates the privacy-
consuming operation, client-side DP-SGD, from
server-side post-processing, which operates solely
on privatized client updates.

B.1 Notation

Consider K clients. Client £ owns a private dataset
Dy,. Record-level neighboring datasets Dy, ~ Dj,
are considered, where D, and D;C differ in one
training example. The global private dataset is
D= (Dy,...,Dg).

The private continual stream contains 7" tasks.
Task ¢ has R; communication rounds. Let zj ; , €
{0,1} indicate whether client k participates in
round r of task ¢. The client participation schedule
is sampled independently of private records and is
fixed before training.
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When selected, client k runs Si;, DP-SGD
steps. At local step s, examples are sampled at
rate gy, ¢ .. Under the fixed-batch approximation
used by the accountant,

where b is the logical batch size and Dy, ; is the local
dataset of client £ for task ¢. Each per-example
gradient is clipped to ¢2 norm C, and Gaussian
noise with multiplier o is added. Let

psam(a; q,0)

denote the RDP cost at order oz > 1 of one subsam-
pled Gaussian DP-SGD step with sampling rate
g and noise multiplier 0. In implementation, this
value is obtained from the Opacus RDP accountant.

For client k, the accumulated RDP cost over the
entire continual stream is

Rt Sk,t,r
pe(0) =D zkar > pSaMIO; Ghtrsr 0)-
t=1 r=1 s=1

The corresponding (g, §) value is

eg/2))

24(6) = it [pu(e) + 2

a>1
The implementation calibrates one global noise
multiplier o so that

6max(5> = 1?61?}?] 5k(6) < Etarget

when the accountant search is not capped. This
max-client value is the privacy guarantee used for
the main claims.

Theorem B.1 (Record-level LDP of PRISM). As-
sume that (i) the public initialization checkpoint
is trained only on public data; (ii) the client par-
ticipation schedule is independent of private data;
(iii) each selected client runs DP-SGD with per-
example clipping norm C, noise multiplier o, and
the sampling rates used by the RDP accountant;
(iv) aggregation weights are public, fixed by the
protocol, or depend only on public protocol quan-
tities, and (v) server-side aggregation, SVD repa-
rameterization, memory writing, rank scheduling,
and noise-floor shrinkage use only privatized client
updates, public hyperparameters, and public ran-
domness. Then the released transcript of PRISM,
including all intermediate global models, memory

states, plastic states, and the final model, satisfies
per-client record-level LDP. More precisely, for
any client k, neighboring datasets Dy, ~ D, and
measurable output event O,

Pr{M(Dy,. .., D, ..., Di) € O]
< e* Pr[M(Dy,...,Dy,...,Dg) € O]+,
(7
where
. log(1/4)
o = Jub | prle) =

Consequently, if o is calibrated so that maxy, £ <
Etarget, then PRISM satisfies (Etarget,d) record-
level LDP for all clients.

Proof. Fix a client k. Consider two global pri-
vate datasets that differ in exactly one record of
client k; datasets of all other clients are identical.
When client k is not selected in a communication
round, the mechanism does not access D;.; that
round therefore incurs no privacy loss for client
k. When client k is selected, its local update is
produced by DP-SGD. Each DP-SGD step is a
subsampled Gaussian mechanism with RDP cost
PSGM (O Gk t,r,55 0 )

By adaptive sequential composition of RDP, all
DP-SGD steps performed by client k£ over all se-
lected rounds and all tasks satisfy («, px(cv))-RDP,
where py () is the stream-wide sum above. Adap-
tive composition applies because the initial model
broadcast to a client in a later round may depend on
previous privatized updates, but the DP guarantee
of the next local randomizer remains valid when
conditioned on prior DP outputs. Converting RDP
to approximate DP gives € (0).

The server receives only privatized client mes-
sages. Weighted aggregation, SVD reparameter-
ization, memory writing, dynamic rank schedul-
ing, noise-floor shrinkage, and model release are
deterministic or randomized functions of those
privatized messages, public hyperparameters, and
public randomness. By the post-processing prop-
erty of differential privacy, these operations do not
increase privacy loss. Thus the entire transcript
and final released model satisfy (e, d) record-
level LDP for client k. Taking the maximum over
clients gives the uniform guarantee (£myax, 0) With
Emax = Maxy €. ]
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B.2 Why Server-Side Updates Are
Post-Processing

At each stream boundary, PRISM applies the fol-
lowing operations for each LoRA layer:

AW, = BMAM + Bl AT, ®)
Py =1— (41T A, )
R, = BI AP Py, (10)
R =UXV'. (11)

It then updates memory and plastic subspaces, ap-
plies rank scheduling, and optionally applies noise-
floor shrinkage

5 = \/max(S§ —y72,0).

These steps do not access raw private records. They
use only privatized client updates produced by DP-
SGD, public hyperparameters such as r, rmin, 7,
and the noise-floor quantile, and public randomness
or synthetic noise simulation used to estimate 7;.
Therefore, SVD, memory writing, rank scheduling,
and shrinkage may affect utility, but they do not
change the formal privacy budget.

B.3 Practical Accountant and the o-Cap

The experiments generate the full client participa-
tion schedule before private training. The schedule
is independent of private data. For every client,
the complete privacy history is computed over the
full stream; privacy is not reset at segment bound-
aries. RDP is then converted to (e, §)-DP, and the
following quantities are reported:

1 K
€mean = ? § Ek-
k=1

Emax = ml?X €k

Only epax is the privacy guarantee. The mean
is reported as a diagnostic showing how the sam-
pled participation schedule distributes privacy loss
across clients.

The accountant calibrates o through a bisection
search over the noise multiplier needed to achieve
the target epax. To prevent runaway noise levels,
the search is capped at 0 =64. For the Sentiment3
stress row, the bisection saturates at this cap and the
achieved max-client ¢ is approximately 1.07 rather
than the nominal unit target. This condition is there-
fore referred to as o-capped, achieved e a5 ~=1.07,
and the achieved ¢ is reported explicitly.

B.4 Scope of the Guarantee

The theorem establishes per-client record-level
LDP. It protects the contribution of any single train-
ing record inside a client. It does not provide client-
level DP for the addition or removal of an entire
client. The guarantee covers all privatized local
updates released by clients, all aggregated server
updates, all SVD-reparameterized LoRA factors,
all memory and plastic subspace states, and all final
released model parameters.

The guarantee does not cover non-DP evaluation
on private validation or test records. In the experi-
ments, evaluation uses public benchmark splits. If
evaluation were performed on private client-held
validation records and released publicly, that evalu-
ation would require separate DP accounting.

C Reproducibility Details: Data, Metrics,
Software, and Seeds

Data provenance and splits. This appendix
records the dataset and implementation details un-
derlying Section 4. All datasets are public En-
glish text-classification benchmarks with human-
provided labels. They are loaded through the Hug-
ging Face datasets interface and cached locally.
No new text is collected, no raw examples are re-
leased, and no additional personal-information or
offensive-content filtering is applied beyond stan-
dard benchmark preprocessing. Table 8 reports the
source, split construction, label space, and sample
caps used in the pipeline.

SNLI is distributed under CC BY-SA 4.0. MNLI
inherits mixed licensing from its source materials;
the dataset card lists several license tags and de-
scribes most of the corpus as OANC-derived, with
fiction examples under permissive or Creative Com-
mons licenses. GLUE/SST-2 and IMDb are listed
with license field other on their dataset cards. For
Yelp Polarity and Rotten Tomatoes, the provider
terms exposed through the dataset loaders are fol-
lowed.

Public initialization. Private FL starts from a
public task-aligned classifier head rather than a ran-
dom head. For NLI, RoBERTa-large is used with
public SNLI warmup, training the classifier head
and public LoRA B factors while keeping the back-
bone frozen. The public LoRA update is merged
into the backbone before private FL. The warmup
uses 50,000 train examples, 2,000 eval examples,
3 epochs, learning rate 5 x 10~4, weight decay
0.01, LoRA rank 8, alpha 8, and dropout 0.05. For
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Role Dataset Source name Labels Split construction and examples
used

Public NLI init. SNLI snli 3-way NLI Public train/validation; 50,000
train and 2,000 evaluation exam-
ples.

Private NLI stream MNLI genres multi_nli 3-way NLI Per-genre 90/10 split from the
train split; capped at 2,000 train
and 1,000 evaluation examples
per genre.

Public sentiment init. Rotten Tomatoes  rotten_tomatoes Binary Public train/validation; full train
split and 1,000 evaluation exam-
ples.

Private sentiment SST-2 glue/sst2 Binary GLUE train/validation; 2,000

stream train and 1,000 evaluation exam-
ples.

Private  sentiment IMDb imdb Binary Train/test split; 2,000 train and

stream 1,000 evaluation examples.

Private  sentiment Yelp Polarity yelp_polarity Binary Train/test split; 2,000 train and

stream 1,000 evaluation examples.

Table 8: Dataset sources, label spaces, split construction, and sample caps used for all experiments. All tasks
are English classification benchmarks loaded through Hugging Face datasets. When the original split is larger
than the cap, the subset is sampled deterministically from the run seed.

Sentiment3, the Rotten-Tomatoes warmup follows
the same pattern with binary labels and a 1,000-
example public evaluation subset. Public warmup
uses no private examples and is not counted in the
DP budget.

Metric definitions and diagnostics. In addi-
tion to final average accuracy and average for-
getting in Section 4, the logs include back-
ward transfer 175 >,/ (Acear; — Acc; ), last-
task accuracy Accyz,ar, and gain over Public-Init
=3 ;j(Accarj—Acco,j). Accuracy is exact-match
classification accuracy under the dataset label map-
ping. The logs also include prediction distributions
at every segment boundary, communication cost in
uploaded and downloaded parameter counts, run-
time per round, rank evolution, singular values,
estimated noise floor, SNR, kept rank, discarded
energy, and reconstruction error. The tasks are
standard classification tasks; the experiments do
not use prompt templates, decoding strategies, re-
trieval, reranking, or LLM-as-judge evaluation.

Implementation details. Private training uses
maximum sequence length 128, SGD, no weight
decay, 50 rounds per task, 5 local steps, logical
batch 64, and main seeds 42, 43, and 44. DP-
FedAvg uses physical batch 16 with 4-step accu-
mulation to match the logical batch. PRISM uses
r}’}in = 2, no memory write after the final task,
noise-floor quantile 0.95, 32 Monte Carlo samples
for noise-floor estimation and the y defaults in Sec-

tion 3.5. Text is tokenized with the RoBERTa to-

kenizer, truncated or padded to the maximum se-
quence length, and evaluated with the dataset label
mappings described in the main text. No early
stopping or test-set-based checkpoint selection is
used. All reported results are obtained from the
final model after the full task stream.

The implementation uses PyTorch 2.8.0 with
CUDA 12.8, Transformers 5.7.0, Datasets 4.8.5,
and Opacus 1.5.4. Runs were scheduled on
NVIDIA RTX 4080-class GPUs. Every run stores
its full configuration, client schedule, partition
sizes, privacy accounting report, segment-level ac-
curacy matrix, communication logs, prediction dis-
tributions, and method-specific SVD/rank logs.

Statistical protocol. The main MNLI tables re-
port mean and standard deviation over three ran-
dom seeds for both the forward and reverse task or-
ders, giving six seed-order runs per privacy budget.
Sentiment3 reports mean and standard deviation
over three seeds in the forward order. Methods
are paired by seed whenever possible, because a
fixed seed determines the data split, client partition,
client schedule, public initialization, and calibrated
noise multiplier. Targeted diagnostics such as the v
sweep are reported separately from the main multi-
seed comparisons. The v sweep uses seed 45 and
fixes a regime-level default: v = 0.25 for the less
restrictive € = 6 setting, where all values are nearly
tied, and v = 1.0 for ¢ < 3, where stronger shrink-
age is clearly favored.
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D Public Warmup Sensitivity

The main MNLI experiments use a strong SNLI
public warmup. This choice matches the target
deployment assumption: the model already has
a publicly trained task interface, and private FL
should adapt it to sequential private domains with-
out degrading earlier performance. To separate re-
tention of public initialization from learning from
the private stream, Table 9 reports a three-seed
diagnostic that varies the amount of public SNLI
warmup before running PRISM at € = 2. The di-
agnostic shows that private adaptation is sensitive
to public-checkpoint quality. It yields a substantial
gain for the SNLI-10k-e1 checkpoint, no reliable
gain for the weakest SNLI-5k-el checkpoint, and
modest positive gains once the public checkpoint
is near saturation. The main SNLI-50k-e3 setting
is therefore a conservative retention-oriented base-
line rather than a configuration chosen to maximize
private-stage gains.

Public warmup  Public-Init PRISM Gain

SNLI-5k-el 41.25+0.40 41.19+1.61 —0.07+£1.49
SNLI-10k-el1  55.97 £0.16 65.99 +0.45 +9.85 £ 0.86
SNLI-20k-el1  76.79 £0.18 77.21+0.50 +0.42 £ 0.64
SNLI-30k-el  75.67 £0.25 76.75+1.36 +1.07 £1.10
SNLI-40k-el  77.83£0.32 78.37 £ 1.03 +0.54 £0.96
SNLI-50k-e3  79.34 +0.46 80.08 +0.65 +0.74+0.29

Table 9: MNLI public-warmup sensitivity. Three-seed
diagnostic at € =2. The table separates private-stream
learning from retention of a strong public initialization;
gain is computed per seed as PRISM minus Public-Init.

E Baseline Configuration and Fairness
Controls

All compared private FL. methods share the same
RoBERTa-large backbone, frozen private-stage
backbone, frozen pretrained classifier head, pub-
lic checkpoint, private task stream, client partition,
client participation schedule, number of clients,
participation rate, rounds per task, local steps, log-
ical batch size, optimizer, learning rate, clipping
norm, privacy accountant, calibrated noise multi-
plier, train/evaluation caps, and final-model eval-
uation protocol within each dataset, budget, seed,
and stream order. Thus differences among meth-
ods reflect the private adaptation rule rather than a
different privacy budget, data split, public initial-
ization, or client sampling pattern.

The hyperparameter protocol is conservative.
The main private optimizer is SGD with learning

rate 5 x 1073, fixed before the main comparison.
All LoRA methods use total rank 8 unless a static
rank sweep is explicitly reported. Rank-scheduled
FedSVD and PRISM use the same deterministic
plastic-rank schedule and the same minimum plas-
tic rank. FedSVD-style methods use the same
server-side SVD period. PRISM uses a fixed SNR
threshold and a fixed synthetic noise-floor estima-
tor for a given privacy regime. The O-LoRA-style
baseline is not claimed to be an exact reproduc-
tion of the original non-private, non-federated al-
gorithm; it is an orthogonality-only control imple-
mented under the same frozen backbone, public
initialization, LoRA rank, local DP-SGD accoun-
tant, optimizer, and client schedules as the other
methods.

F Extended Related Work

Private and federated parameter-efficient adap-
tation. DP-SGD (Abadi et al., 2016) clips per-
example gradients and adds Gaussian noise, and
Rényi DP accounting (Mironov, 2017) tracks the
composed privacy loss. In federated learning, Fe-
dAvg (McMahan et al., 2017a) and private FL vari-
ants (McMahan et al., 2017b; Kairouz et al., 2021)
provide the standard optimization template, but
full updates are vulnerable to the high-dimensional
noise burden. Parameter-efficient private fine-
tuning reduces that burden: Yu et al. (2022) adapt
parameter-efficient methods to DP language-model
fine-tuning, Bu et al. (2022) train only bias terms,
and federated DP-LoRA methods perturb low-rank
updates rather than full models (Liu et al., 2025;
Xu et al., 2026, 2025). These studies establish
the importance of reducing trainable dimensional-
ity under DP. They do not address sequential do-
main streams in which a fixed low-rank capacity is
reused under a single privacy accountant.

Closest federated LoRA methods.
FLoRA (Wang et al, 2024) and FedEx-
LoRA (Singhal et al.,, 2025) show that direct
averaging of LoRA factors is often an inadequate
federated aggregation rule. FLoRA handles
heterogeneous ranks by stacking adapters, while
FedEx-LoRA makes aggregation exact by stor-
ing a residual update in the frozen backbone.
These methods target non-private or aggregation-
accuracy settings rather than LDP continual
learning. FedSVD (Lee et al., 2025) is closer
because it is explicitly private: clients train only B,
and the server uses SVD to update an orthonormal
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Method Trainable private parameters Capacity/control role Continual mechanism
Public-Init None Public checkpoint only None
DP-FedAvg LoRA A and B Total rank 8; largest DP-noise ex- None
posure
DP-FFA LoRA B only Total rank 8 with fixed A None
DP-FedSVD LoRA B only Total rank 8; static FedSVD ref- None
erence
DP-FedSVD LoRA B only Static rank sweep for active-rank None
(r=2/4/6/8) sensitivity
DP-FedSVD+RS Plastic BY only Same dynamic plastic-rank Rank throttling only

PRISM variants Plastic BY only

O-LoRA-style LoRA factors with orthogonality

penalty

schedule as PRISM

Total rank 8 with scheduled plas- Optional memory and

tic rank shrinkage gates
Total rank 8 orthogonal-subspace Orthogonality regular-
control ization

Table 10: Method-specific differences after shared controls are fixed. The static rank sweep and rank-scheduled
FedSVD are included to test whether PRISM gains are explained by lower active trainable rank.

A, reducing LoRA noise amplification under
DP-SGD. PRISM uses FedSVD as the static
re-parameterization baseline but adds plastic-rank
scheduling and a shrinkage threshold before any
memory write in continual streams. PrE-Text (Hou
et al., 2024) is another recent private federated
language-model route, but it replaces on-device
training with DP synthetic data. The experiments
retain the client-side DP-SGD training path.

Continual subspaces. Regularization and re-
play methods such as EWC (Kirkpatrick et al.,
2017) and GEM/A-GEM (Lopez-Paz and Ran-
zato, 2017; Chaudhry et al., 2018) mitigate for-
getting but either constrain gradients indirectly or
require stored examples. Subspace methods such as
OGD (Farajtabar et al., 2020) and GPM (Saha et al.,
2021) explicitly protect old-task directions. Recent
parameter-efficient continual methods reduce this
cost by using pretrained models: L2P (Wang et al.,
2022) and CODA-Prompt (Smith et al., 2023) learn
prompt memories, while O-LoRA (Wang et al.,
2023) separates language tasks with orthogonal
LoRA subspaces. PRISM is closest in spirit to
O-LoRA, but differs in three operational details:
subspaces are written from DP-aggregated updates,
the total rank does not grow with the number of
tasks, and low-SNR directions are discarded rather
than preserved as new task-specific capacity.

Federated continual learning. FedWelT (Yoon
et al., 2021), federated class-incremental learning
(Dong et al., 2022), and FedET (Liu et al., 2023)
model forgetting across clients and tasks through
decomposed parameters, distillation, or compact
task modules. Their problem definitions are pri-

marily class-incremental and do not provide the
record-level LDP accounting used here. Replay or
distillation can also require raw examples or pri-
vate logits. PRISM therefore addresses a narrower
but privacy-compatible setting: fixed-task domain-
incremental streams with a public initialization and
only post-processed private aggregates at domain
boundaries.

G SST-2/Rotten Tomatoes Overlap Check

Normalized-text matching finds that 44.6% of the
Rotten Tomatoes warmup examples occur in the
SST-2 training split and 8.0% occur in the valida-
tion split, for 52.5% in total (4,481/8,530). The
corresponding overlap is zero for IMDDb and at most
three examples for Yelp. The same warmup check-
point is shared by all compared methods.

We remove the overlapping examples, retrain the
public initialization, and rerun Sentiment3 at e =2
over three seeds under the same protocol, with o
ranging from 34.1 to 39.2. Table 11 reports the
resulting final average accuracy and forgetting.

Method Final Avg. Acc. (%) Fgt. (%)
Public-Init 92.3£0.3 -
DP-FedSVD (full rank) 78.2+6.0 12.1+£2.7
O-LoRA-style 59.3 + 16.5 -
DP-FedSVD+RS 90.6 £1.0 1.3+£0.6
PRISM 91.8+0.3 04+0.3

Table 11: Sentiment3 results at € =2 using the decon-
taminated Rotten Tomatoes warmup. Values are mean
+ standard deviation over three seeds. TTwo of three
O-LoRA-style runs collapse; forgetting is therefore not
reported.
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H Expanded Accuracy, Forgetting, and
Public-Init Gains

Table 12 expands Table 2 to include standard devia-
tions for final average accuracy and forgetting (Fgt),
and the per-cell gain over Public-Init, Apy,. Two
patterns are salient. First, the variance of PRISM is
consistently the smallest across all cells: at MNLI
¢ =2 its standard deviation is 0.76%, an order of
magnitude smaller than the 17.78% standard de-
viation of DP-FedSVD; on Sentiment3 the same
ordering holds at every budget. The O-LoRA-style
control is competitive under less restrictive budgets
but adds a high-variance failure mode under stricter
privacy, especially on MNLI € =2 and Sentiment3
e =2. Second, the forgetting of PRISM is near zero
or slightly negative on Sentiment3, where negative
forgetting indicates positive backward transfer on
average; accuracy on earlier tasks improves rather
than degrades after boundary processing.

I MNLI Order Robustness

The compact MNLI numbers in Table 2 merge the
two stream orders. Since stream order is a determin-
istic experimental condition, not a sampling source,
it is reported separately here. The qualitative or-
dering of methods is preserved in both orders, but
the high-variance baselines (DP-FFA, DP-FedSVD,
and O-LoRA under strict privacy) are also unstable
in both orders, with reverse generally amplifying
their variance, consistent with the reverse stream
front-loading the harder-to-learn genres. PRISM is
order-stable: the forward/reverse gap stays below
1% at every budget.

J MNLI Class-Collapse Diagnostic
Across Orders

The retention matrix in Section 5 shows that fail-
ures under strict DP are non-uniform: some tasks
degrade more than others. The class-collapse diag-
nostic provides a complementary view by asking
whether the failure is uniform across classes or bi-
ased toward one. The final maximum-class predic-
tion share is computed as the fraction of evaluation
predictions that fall into the single most-frequent
predicted class, averaged over forward and reverse
runs and across genres.

Figure 4 shows the result. At ¢ =3, DP-FedAvg
already exhibits a clear single-class bias (0.79); DP-
FFA and DP-FedSVD are mildly biased (~ 0.41)
and PRISM stays near 0.38, slightly above the bal-
anced value of 1/3. At e = 2 the concentration

Final Avg.
Method Acc. (%) Fgt (%)  Apw (%)
MNLI € =6
Public-Init 79.35 +068  0.00 +0.00 0.00
DP-FedAvg 7847 175 1.95 +1.46 —0.87
DP-FFA 80.77 +049  0.53 +0.32 +1.42
DP-FedSVD  81.04 055  0.23 +041 +1.69
O-LoRA 80.62 +070  0.10 +o.46 +1.27
PRISM (ours) 81.23 +o6s  0.30 +037 +1.89
MNLI ¢ =3
DP-FedAvg  42.96 +1429 18.42+115 —36.39
DP-FFA 73.50+653  4.58 +332 —5.85
DP-FedSVD  73.88 490 4.18 +2.74 —5.47
0O-LoRA 77.78 178 0.61 +1.04 —1.57
PRISM (ours) 80.31 +o40  0.56 +0.44 +0.97
MNLI, € =2
DP-FedAvg 3337 +oss  9.12+841  —45.97
DP-FFA 51.07 +1829 1791 4930 —28.28
DP-FedSVD  52.32 +1778  15.08 £107  —27.03
O-LoRA 56.21 £2126  9.87 +9.68 —23.14
PRISM (ours) 79.75 +076  0.44 +o051 +0.41
Sentiment3, e = 3
DP-FedAvg 49.81 +020 17.72 41419 —39.11
DP-FFA 90.31 +106  2.20 0091 +1.40
DP-FedSVD  90.02 +071  2.51 +0.70 +1.11
O-LoRA 90.94 +105 —0.78 272  +2.03
PRISM (ours) 92.19 +010  0.31 +o0.14 +3.28
Sentiment3, € = 2
DP-FedAvg 4990 +035  5.794+663  —39.02
DP-FFA 82.01 +233  9.76 +249 —6.91
DP-FedSVD  84.97 +028  5.75 +183 —3.94
O-LoRA 62.22 +2185 10.38 £16.19 —26.70
PRISM (ours) 92.33 +043 —0.12 +0s56 +3.41

Sentiment3, o-capped stress, achieved €max ~1.07

DP-FedAvg 49.90 +03s  0.02 +003  —39.02
DP-FFA 50.45 +079  2.88 +398  —38.47
DP-FedSVD  50.75 +183  1.31+068 —38.16
O-LoRA 50.10 035  0.06 097 —38.81
PRISM (ours) 90.79 +o60  0.86 +0.95 +1.87

Table 12: Expanded main results for MNLI genre
and Sentiment3. Final average accuracy is reported
in percent; Fgt is average forgetting in percent; Apyy, is
gain over the Public-Init model. Entries for final average
accuracy and Fgt are mean + standard deviation over
seeds and, for MNLI, both task orders. The Sentiment3
stress block is o-capped with achieved ey, ~1.07.
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Method

Forward Avg. Acc.

Reverse Avg. Acc.

Budget Method Seeds (3) min—-max Mean
3 PRISM 92.07-92.26 92.19
3 O-LoRA 89.84-91.93 90.94
3 DP-FedSVD 89.46-90.81 90.02
3 DP-FFA 89.08-90.94 90.31
3 DP-FedAvg 49.69-50.04 49.81
2 PRISM 91.83-92.58 92.33
2 O-LoRA 49.50-87.45 62.22
2 DP-FedSVD 84.76-85.29 84.97
2 DP-FFA 79.97-84.54 82.01
2 DP-FedAvg 49.69-50.31 49.90
Stress'  PRISM 90.37-91.47  90.79
Stress'  O-LoRA 49.69-50.31 50.10
Stress’ DP-FedSVD 49.69-52.87 50.75
Stress'  DP-FFA 49.73-51.30 50.45
Stress’ DP-FedAvg 49.69-50.31 49.90

e=6

DP-FedAvg 78.76 +2.63 78.19 +0.69
DP-FFA 80.97 +o0.45 80.57 052
DP-FedSVD 81.35 +0.67 80.73 +0.14
O-LoRA 80.85 +o0.67 80.39 +0.79
PRISM (ours) 81.43 +0.59 81.03 +0.76
e=3

DP-FedAvg 44.29 +16.92 41.63 +14.79
DP-FFA 75.88 +2.70 71.12 +9.08
DP-FedSVD 75.50 +2.74 72.26 +6.68
O-LoRA 78.40 +2.15 77.15 +1.47
PRISM (ours) 80.53 +0.35 80.10 +0.39
e=2

DP-FedAvg 32.80 +o.61 33.95 +o.68
DP-FFA 56.02 £17.11 46.11 +21.68
DP-FedSVD 58.84 +15.09 45.80 +20.87
O-LoRA 61.74 £2339 50.68 +22.16
PRISM (ours) 80.08 +0.65 79.43 +0.83

Table 13: MNLI genre order robustness. Final aver-
age accuracy (%) for forward and reverse MNLI task
orders, reported as mean =+ standard deviation over three
seeds per order. Each method uses the same public ini-
tialization, client schedule, and privacy budget within a
seed/order cell.

becomes more pronounced: the max-class share of
DP-FedAvg rises to 0.93, the share of DP-FedSVD
rises to 0.64, and the share of DP-FFA rises to 0.74,
while PRISM stays at 0.38. Two implications fol-
low. First, the aggregate accuracy drop of the DP
baselines reflects a pathology, single-class collapse,
rather than only a uniform precision loss. Second,
the methods that suppress this pathology are the
same methods that restore retention in Section 5:
rank control plus shrinkage prevents biased noisy
directions from dominating adapter predictions.
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Figure 4: MNLI class-collapse diagnostic across for-
ward and reverse orders. The metric is final maximum-
class prediction share: the fraction of evaluation pre-
dictions assigned to the most frequent predicted label.
MNLI is three-way, so the balanced reference is 1/3;
larger values indicate class-biased collapse.

Table 14: Sentiment3 final average accuracy ranges
across seeds. Values are min—max and mean over three
seeds for the SST-2—IMDb— Yelp Polarity stream.
TThe stress condition is o-capped with achieved €, a5 ~
1.07 (Table 1).

K Sentiment3 Forgetting Trace and
Per-Seed Accuracy Range

Sentiment3 is a binary stream, so single-class col-
lapse manifests as final average accuracy ~ 50%;
forgetting metrics therefore require careful interpre-
tation under collapse. Table 14 reports the per-seed
range of final average accuracy: it shows that the
within-cell variance for PRISM is low (<1.1% at
every budget), while every other DP method has
either tight-but-collapsed variance (50 £ 1) or mod-
erate variance around a non-collapsed mean (e.g.
DP-FFA at € =2). O-LoRA provides a useful con-
trast: it is stable at € = 3 but has a wide range at
€ =2 because only one seed avoids collapse.

The forgetting curve in Figure 5 shows why the
low DP-baseline forgetting at the o-cap does not
indicate stability. The DP baselines collapse to
single-class prediction at the very first task under
the cap; after collapse occurs at the first task, sub-
sequent evaluations remain near chance-level, so
the forgetting metric approaches zero by construc-
tion. Only PRISM maintains both accuracy and
controlled forgetting at the cap.

L. Hyperparameter and Stress
Diagnostics: v, MNLI Strict-Budget
Stress, and Boundary SVD Statistics

This appendix reports three auxiliary diagnostics
referenced from Sections 3, 4, and 6: the v sweep,
the MNLI strict-budget stress test, and boundary
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Sentiment3: forgetting vs. privacy
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Figure 5: Sentiment3 average forgetting across pri-
vacy budgets. Lower is better, but near-zero forgetting
for collapsed DP baselines at the o-cap does not indi-
cate stability; their final accuracy is near chance-level in
Table 14. O-LoRA is competitive at € =3 but unstable
at stricter budgets.

e vy=0 v=025 v=05 =10 Best
2 7358 7542 78.56 79.74 1.0
3 7920  78.38 78.56 79.98 1.0
6 80.52  80.52 80.46 80.46 0/0.25

Table 15: Single-seed shrinkage sweep on MNLI seed
45. Entries are final average accuracy. The less restric-
tive budget setting (¢ = 6) is insensitive to 7, while
stricter privacy budgets favor v = 1.0.

SVD statistics.

Shrinkage coefficient v. Table 15 sweeps the
shrinkage coefficient on seed 45. At e = 6, all
settings are effectively tied (80.46-80.52), so v =
0.25 is used as a mild reference value. Ate € {3, 2},
~v = 1.0 gives the best final accuracy. We therefore
use V.= = 0.25 and 7.<3 = 1.0. This is a single-
seed calibration of a coarse regime-level rule, not a
per-run hyperparameter search.

MNLI strict-budget stress. Figure 6 reports the
forward-order stress test under a near-unit privacy
target. All DP baselines collapse to three-way
chance accuracy, while PRISM reaches 77.4+2.5.
This extreme-budget diagnostic identifies a shared
baseline failure mode rather than establishing gen-
eral near-unit-budget reliability. The achieved max-
client € remains near the target and reaches approx-
imately 1.06 in the capped seed.

Boundary SVD statistics. Figure 7 reports the
boundary quantities. The noise-floor scale 7; rises
as ¢ tightens, and reconstruction error follows the
same trend while remaining below 7;. The dis-
carded update energy rises from 11% at e = 6 to

MNLI € =1 stress test (forward, n = 3)
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Figure 6: MNLI strict-budget stress. Final average ac-
curacy over three seeds under a near-unit privacy target.
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Figure 7: Boundary SVD statistics on MNLI. Noise
floor, reconstruction error, and discarded boundary-
update energy.

approximately 76% at ¢ € {3,2}. This is consis-
tent with low-SNR removal, although discarded
energy cannot be uniquely attributed to noise with-
out ground-truth signal directions.
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