
EMNLP 2026 Industry Track, pages 3544–3554
October 24-29, 2026 ©2026 Association for Computational Linguistics

FedAnchor: Differentially Private Federated LoRA via Weight Anchoring

Jie Xu1 Haaris Mehmood1 Rogier van Dalen2 Karthikeyan Saravanan1

Mete Ozay1

1Samsung R&D Institute UK (SRUK) 2Samsung AI Centre Cambridge
{jie1.xu, h.mehmood, r.vandalen, k1.saravanan, m.ozay}@samsung.com

Abstract

Federated learning (FL) with differential pri-
vacy (DP) allows several organizations to learn
a shared model from user data that only one
organization is allowed to see. However, guar-
anteeing DP requires adding noise to gradi-
ents that scales with update dimensionality.
While low-rank adaptation (LoRA) is a pop-
ular method for parameter-efficient fine-tuning,
it is inherently sensitive to DP noise due to
the multiplication operator. This noise am-
plification leads to significant utility degrada-
tion, hindering practical deployment in enter-
prise settings. To overcome this, we propose
FedAnchor. Every round, FedAnchor captures
compressed information using one of the LoRA
matrices A and B, and then decompresses this
to the complete adapted weight matrix via sin-
gular value decomposition (SVD) at the server.
This relieves the model from DP noise exac-
erbation while maintaining full learning ca-
pacity. Experiments across multiple bench-
marks demonstrate that FedAnchor matches
the strongest baseline in non-private settings
and outperforms it by 4.38% under stringent
DP constraints (ϵ = 3). At scale, FedAnchor
maintains communication efficiency, computa-
tion robustness, and utility under strict privacy
budgets, meeting the demands for enterprise-
level cross-silo deployments.

1 Introduction

Enterprises are increasingly adopting large lan-
guage models (LLMs) for domain-specific tasks
(Devlin et al., 2019; Brown et al., 2020), yet their
deployment is constrained by the fragmentation of
sensitive data across organizational silos (Lee et al.,
2020; Zhao et al., 2023). Strict regulatory com-
pliance (e.g., GDPR, CCPA) and internal policies
often forbid the centralization of raw data, creat-
ing a critical barrier to collaborative model train-
ing. While federated learning (FL) has emerged as
a privacy-preserving solution to enable cross-silo

collaboration, practical deployments face signifi-
cant stability and efficiency challenges that hinder
adoption in production environments.

Beyond privacy, communication and computa-
tional costs associated with adapting massive mod-
els remain significant barriers in cross-silo deploy-
ments (Kaplan et al., 2020). Full fine-tuning is
often infeasible due to bandwidth constraints be-
tween subsidiaries, necessitating methods that min-
imize the optimization footprint (Li et al., 2020).
Parameter-efficient fine-tuning (PEFT) offers a so-
lution by freezing pre-trained weights and modify-
ing only a fraction of the parameters. Among these,
low-rank adaptation (LoRA) (Hu et al., 2022) has
gained traction in FL contexts. It approximates
weight updates using low-rank matrices, which sig-
nificantly reduces communication overhead, mak-
ing large model adaptation accessible to clients
with limited network resources.

While FL mitigates data leakage risks, it lacks
formal protection against gradient-based attacks
(Zhu et al., 2019; Geiping et al., 2020). In en-
terprise environments, such vulnerabilities pose
significant compliance risks, particularly given the
memorization capacity of LLMs which can inadver-
tently expose sensitive information (Carlini et al.,
2021). Therefore, integrating differential privacy
(DP) (Dwork et al., 2006) is essential to satisfy rig-
orous regulatory standards and provide provable
privacy guarantees. However, the standard mecha-
nism, DP-SGD (Abadi et al., 2016), enforces pri-
vacy by clipping gradients and adding calibrated
noise, creating a critical trade-off between privacy
and model utility (Geyer et al., 2017). Notably,
PEFT benefits DP-FL beyond communication ef-
ficiency. By reducing update size, it improves the
signal-to-noise ratio against injected DP noise.

Yet, direct application of DP-SGD to LoRA
training using the FL baseline algorithm FedAvg
(McMahan et al., 2017) has been shown to substan-
tially undermine model utility (Sun et al., 2024).
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Figure 1: Workflow of the FedAnchor framework. The process comprises three stages: (i) Local Update: Clients
alternately fine-tune LoRA matrix B (odd rounds) or A (even rounds), freezing the other matrix and base weights.
(ii) Aggregation: Updated LoRA matrices are aggregated at the server. (iii) Reparameterization: SVD is applied
to the combined base weights and aggregated LoRA product to re-initialize both the LoRA matrices and the base
weights. This strategy anchors updates to the pre-trained manifold, preserving full model adaptability without
amplifying DP noise under privacy constraints. For more information, refer to Section 3.

The two LoRA matrices A and B are aggregated
separately at the server side, leading to an inconsis-
tency with regard to the ideal aggregation as shown
in Equation 4. Additionally, LoRA training with
DP-SGD introduces an additional noise term as in
Equation 5, further compromising performance.

FFA-LoRA (Sun et al., 2024) attempted to mit-
igate these by freezing the randomly initialized
matrices A and only fine-tuning the zero-initialized
matrices B. However, this approach inadvertently
constrains the expressive capacity of the LoRA
adapter by preventing matrices A from adapting
throughout training. FedSVD (Lee et al., 2025)
addressed this by applying SVD to the product of
the updated B and previous A, refactoring both
to allow matrix A to adaptively capture the princi-
pal directions of the aggregate updates rather than
remaining frozen. However, LoRA weights accu-
mulate noise at each round of training. Applying
SVD to this matrix produces singular vectors that
are heavily perturbed by noise artifacts, leading
to lower model utility. Although FedSVD allows
A to adapt, its reliance on the noisy BA product
limits training stability, particularly in high-noise
regimes, ultimately hindering reliable deployment
in performance-critical enterprise settings.

To this end, we propose our solution named
FedAnchor to address these limitations. Instead
of applying SVD directly to the product of updated
B and previous A to propagate updates, we per-
form global reparameterization on the composition
of the base weights and the LoRA product, a primi-

tive introduced outside the private setting by PiSSA
(Meng et al., 2024) and FRLoRA (Yan et al., 2025).
By including the base weights, which carry high-
magnitude semantic signal in the SVD, we leverage
them as a stable prior, effectively decompressing
the updates to the base and LoRA weights at every
round. Because the residual is folded back into the
base weights, the accumulated update is not con-
fined to a fixed rank-r subspace, even though each
round’s communication remains low-rank. More-
over, as inspired by RoLoRA (Chen et al., 2025),
we alternate between training A and B instead of
keeping A always frozen, allowing the pair to ex-
plore the joint optimization space more thoroughly.
We summarize our contributions as follows:

• We propose FedAnchor, a framework anchor-
ing LoRA updates via model-centric SVD
on the sum of base weights and LoRA prod-
uct, accumulating each round’s update into
the base weights at full rank while keeping
per-round updates low-rank and improving
convergence under DP noise.

• We integrate an alternating optimization strat-
egy for A and B matrices, synergizing this ap-
proach with our SVD-based re-initialization
to ensure both matrices are optimized via gra-
dient descent, enabling thorough exploration
of the joint optimization space.

• We demonstrate accuracy improvements over
state-of-the-art baselines across multiple
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benchmarks, validating the method’s effective-
ness in differentially private federated learn-
ing settings.

• We provide a comprehensive deployment fea-
sibility analysis, confirming FedAnchor’s suit-
ability for cross-silo enterprise deployments.

2 Related Work

2.1 Federated learning
At the start of each round t, the server broad-
casts the global model W (t−1) and selects a ran-
dom subset of clients C(t) ⊆ K. Each client
k ∈ C(t) performs local training to obtain an up-
dated model W (t)

k , then computes the model update
∆

(t)
k = W

(t)
k −W (t−1) and transmits it to the server.

In baseline methods such as FedAvg (McMahan
et al., 2017), the server aggregates these updates by

W (t) = W (t−1) +
1

|C(t)|
∑

k∈C(t)

∆
(t)
k , (1)

before proceeding to the next round.

2.2 Differentially private federated learning
Although user data is never directly shared with
other parties in FL, model updates transmitted to
the server still expose private information regard-
ing local training data. Differential privacy (DP)
(Dwork et al., 2006; Dwork and Roth, 2014) miti-
gates this threat by providing formal privacy guar-
antees that bound the influence of any individual
data point on the model output.
Definition 1 (Differential Privacy). A randomized
mechanismM : D → R satisfies (ϵ,δ)-DP if for
any pair of adjacent datasets D and D′ and any
subset of outputs S ⊆ R, we have:

Pr[M(D) ∈ S] ≤ exp(ϵ) · Pr[M(D′) ∈ S] + δ
(2)

where (ϵ,δ) is known as the privacy budget. More
details on DP-FL are provided in Appendix A.

2.3 DP-FL with PEFT
Full fine-tuning incurs substantial communication
and computational overhead in FL deployments.
Parameter-efficient fine-tuning (PEFT) addresses
these challenges by freezing pre-trained weights
and optimizing only a small subset of parameters.
Naturally, this also helps in DP-FL as the reduced
number of trainable parameters leads to higher
signal-to-noise ratio and less noisy training. Recent

works have focused on utilizing LoRA in DP-FL
due to its proven effectiveness in this setting (Yu
et al., 2022). LoRA freezes the pre-trained weights
and adds trainable rank decomposition matrices
into each transformer layer. Let W0 ∈ Rm×n be a
pre-trained weight matrix. LoRA adds a low-rank
term BA with rank r by:

W0 +∆W = W0 +BA, (3)

where B ∈ Rm×r is an up-projection and A ∈
Rr×n is a down-projection. Here, A is randomly
initialized and B is initialized to all zeros. BA is
therefore zero at the start of training.

2.4 Freezing LoRA matrix A in DP-FL
A few intrinsic problems with applying LoRA in
DP-FL have been studied by Sun et al. (2024). The
first problem comes from the FL side. Clients com-
pute the loss for back propagation on the sum of the
pre-trained weights and the product of LoRA ma-
trices A and B. The optimization is subsequently
performed on A and B jointly. However, FL al-
gorithms such as FedAvg (McMahan et al., 2017)
perform server-side aggregation by averaging the
two matrices separately, which deviates from the
ideal aggregation as follows:

W0 +
1

k

k∑

i=1

Bi ×
1

k

k∑

i=1

Ai

︸ ︷︷ ︸
Parameters after aggregation with LoRA + FedAvg

̸= W0 +
1

k

k∑

i=1

(BiAi).

︸ ︷︷ ︸
Ideal parameters following aggregation

(4)

The second problem is caused by using DP-SGD
to optimize LoRA in a privacy-preserving manner.
An additional noise term ξBξA is introduced which
amplifies the DP noise and harms model utility:

W0 + (B + ξB)(A+ ξA)

= W0 +BA+BξA + ξBA+ ξBξA. (5)

2.5 SVD-based reparameterization
Re-deriving the LoRA pair from the principal sin-
gular components of a weight matrix was intro-
duced by PiSSA (Meng et al., 2024), which initial-
izes A and B from the top-r components of W0 and
freezes the residual. FRLoRA (Yan et al., 2025)
brought this into federated learning: it merges the
aggregated low-rank product into the global base
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weights every round and re-initializes both LoRA
matrices from principal singular components, so
that the accumulated global update is not confined
to a rank-r subspace. FedSVD (Lee et al., 2025)
instead decomposes the aggregated LoRA product
alone. FedAnchor inherits the reparameterization
primitive from this line of work; what we claim is
its combination with alternating single-matrix train-
ing, which is what makes per-round current-weight
SVD viable under DP noise (Section 4.2).

3 Method: FedAnchor

FedSVD improves on FFA-LoRA by applying
SVD on the product of the updated B matrix after
aggregation and the previous A matrix:

U (t)Σ(t)V (t)⊤ ← SVD(B̂(t)A(t−1)), (6)

B(t) ← U (t)[:, : r]Σ(t)[: r, : r], (7)

A(t) ← V (t)⊤[: r, :]. (8)

This allows A to adapt to the principal directions of
the model updates instead of being frozen through-
out the training process. However, DP introduces
noise into BA at each training round. Performing
SVD directly on this noisy matrix yields unstable
vectors dominated by noise artifacts, poorly reflect-
ing the principal directions.

3.1 Model-centric decomposition
To address this, we propose a new DP-FL method
named FedAnchor. Instead of updating A via SVD
of B̂(t)A(t−1), we perform SVD on the sum of
the base weights and the updated LoRA product.
Specifically, after applying the aggregated updates
to obtain B̂(t), we re-initialize B(t), A(t) and W (t)

as follows:

W̃ (t) = W (t−1) + B̂(t)A(t−1), (9)

U (t)Σ(t)V (t)⊤ ← SVD(W̃ (t)), (10)

B(t) ← U (t)[:, : r]
√
Σ(t)[: r, : r], (11)

A(t) ←
√

Σ(t)[: r, : r]V (t)⊤[: r, :], (12)

W (t) ←W (t−1) + B̂(t)A(t−1) −B(t)A(t). (13)

where W (0) is the pre-trained weights, B(0) is ini-
tialized as zeros, A(0) is initialized with Kaiming
uniform, M [:, : r] and M [: r, :] denote the first r
columns and rows of the matrix M , respectively.

Compared to FedSVD’s LoRA-centric decom-
position, our method performs model-centric de-
composition. The model base weights constitute

the vast majority of parameters and carry the high-
magnitude semantic signal. While LoRA weights
capture task-specific adaptations, they are con-
strained by low-rank approximations and can be ob-
scured by DP noise. By including the base weights
in the SVD, we leverage them as a stable struc-
tural prior. Under FedSVD the cumulative update
stays inside a rank-r subspace through the train-
ing process, whereas our method folds the residual
into the base weights, so the accumulated update
is full-rank. Anchoring in the base weights addi-
tionally means the retained top-r directions are set
by the base spectrum rather than by the DP noise
in the LoRA product. We report a singular-value
comparison in Appendix E.

Moreover, existing methods (e.g., FedAvg, FFA-
LoRA, FedSVD) capture and store new informa-
tion using either B, A or both. This limits the
model’s learning capacity over consecutive rounds,
particularly when DP noise corrupts the gradient
signals within this constrained subspace. By effec-
tively decompressing updates to both the base and
LoRA weights at every round, our method accumu-
lates updates in a higher-rank space, following the
capacity argument of FRLoRA (Yan et al., 2025).
This prevents the low-rank approximation from be-
coming a bottleneck in the training procedure.

3.2 Block coordinate descent optimization

FedSVD treats A and B asymmetrically. B is op-
timized via gradients, while A is optimized via
server-side SVD. This decoupling means that the
optimization of A is not directly driven by the lo-
cal loss gradients during training. Our method
implements a form of Block Coordinate Descent
directly on the client side by alternating between
training B and A. This enables both B and A to
be optimized by gradient descent during the train-
ing process instead of having one matrix, such as
A, relying solely on SVD. Consequently, this al-
ternating optimization allows the pair to explore
the joint optimization manifold more thoroughly.
Notably, while RoLoRA also alternates fine-tuning
between B and A, it does so primarily to ensure
both matrices are updated over successive rounds.
Conversely, our method re-initializes both matrices
each round using SVD on the combined BA and
base weights, thereby enhancing the optimization
process beyond simple round-robin updates. Algo-
rithm 1 in Appendix F gives the full procedure.
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4 Experiments

4.1 Experimental setup

Datasets and models. To validate the effective-
ness of our method, we conduct experiments on
five natural language understanding (NLU) tasks:
SNLI (Bowman et al., 2015), MNLI (matched and
mismatched) (Williams et al., 2018), QNLI (Wang
et al., 2018), and QQP (Sharma et al., 2019). As
test sets are unavailable for all tasks except SNLI,
we select hyperparameters and evaluate model per-
formance on the validation sets. SAMSum (Sec-
tion 5.4) has a held-out test split and provides a
properly separated evaluation. We use pre-trained
RoBERTa-base (125M parameters) as the primary
backbone, and additionally evaluate RoBERTa-
large, TinyLlama-1.1B, T5-3B and T5-11B in Sec-
tion 5.4. Details on implementation and data distri-
bution are provided in Appendix B and C.
Baselines. We compare our method against state-
of-the-art baselines, including FedAvg (McMa-
han et al., 2017), FFA-LoRA (Sun et al., 2024),
RoLoRA (Chen et al., 2025), FedEx-LoRA (Sing-
hal et al., 2025) and FedSVD (Lee et al., 2025).

4.2 Results

Non-private FL. We begin by evaluating
FedAnchor in a non-private setting (ϵ = ∞). Ta-
ble 1 shows that FedAnchor attains the highest ac-
curacy on QQP and QNLI, while FedAvg remains
strongest on SNLI and MNLI. In contrast, FFA-
LoRA achieves the worst average performance due
to having a fixed A and therefore having fewer
trainable parameters in total. Our method solves
this problem by re-initializing both B(t) and A(t)

at the end of each communication round. Conse-
quently, FedAnchor outperforms recent baselines
by 3.28% on average and the strongest baseline by
0.57% in test accuracy, which we read as parity
with FedAvg rather than an improvement.
DP-FL. The effectiveness of FedAnchor is clearly
substantiated under DP constraints (ϵ ∈ {3, 6},
δ = 10−5). As shown in Table 1, FedAnchor pre-
serves its accuracy gains across both privacy bud-
gets, improving on the strongest baseline by 4.38%
at ϵ = 3 and 2.37% at ϵ = 6. The average gains
are 5.30% and 4.25%. These results are driven by
two factors: First, the model-centric decomposi-
tion re-initializes LoRA matrices using SVD on the
combined BA and base weights, which improves
convergence and prioritizes high-signal informa-
tion. Second, the alternating fine-tuning of B and

A ensures both matrices are optimized via gradient
descent, allowing the model to traverse the joint
optimization manifold more effectively.
Comparison with SVD-reparameterization base-
lines. Table 2 compares FedAnchor against the
closest structural predecessors at ϵ = 3. FRLoRA
re-initializes the local LoRA matrices each round
from W (0) in the manner of PiSSA, while moving
the LoRA updates into the base weights. Its v3
variant re-derives the local LoRA matrices from
the current model weights and is therefore the clos-
est predecessor to our per-round current-weight
SVD. FedAvg+PiSSA shares the initialization but
keeps the base weights frozen. The comparison
isolates one factor at a time rather than being a full
factorial: FRLoRA to FRLoRA-v3 isolates static
versus adaptive re-derivation, and FRLoRA-v3 to
FedAnchor isolates alternating single-matrix train-
ing. Training a single matrix per round is what
carries the gain here. It reduces the noise entering
the product and removes the quadratic noise term
of Equation 5. It also makes aggregation exact, so
no aggregation error is propagated into the base
weights. A variant that trains only B without al-
ternating reaches 77.02 ± 3.27 on QNLI, against
77.70± 3.47 for the full method. FRLoRA targets
data heterogeneity rather than privacy, so to our
knowledge no DP evaluation of this family exists.

5 Deployment Feasibility

To assess the practical viability of FedAnchor, we
analyze system performance under real-world de-
ployment constraints. Industrial adoption requires
robustness against data heterogeneity, scalability
across client counts, and efficient communication.
We evaluate stability under varying non-IID distri-
butions and client scales. We also quantify com-
munication overhead via SVD-based compression.
Finally, we compare decomposition methods to bal-
ance re-initialization latency and utility. These ex-
periments characterize FedAnchor along the axes
that determine deployability in enterprise-grade
federated learning systems. We primarily use the
QNLI dataset in this section.

5.1 Scalability and robustness

Scalability across client counts. To reflect the
variability in participating entities found in cross-
silo deployments, we evaluate FedAnchor’s scala-
bility with total client counts K ∈ {6, 9, 12} while
keeping the participation count fixed at K ′ = 3
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Table 1: Experimental results on five NLU datasets without DP (ϵ =∞) and with DP (ϵ ∈ {3, 6}, δ = 10−5).

Privacy budget Method SNLI MNLI QQP QNLI AverageMatched Mismatched

ϵ = ∞

FedAvg 85.56 ± 1.99 78.11 ±1.09 79.65 ± 1.23 77.91 ±1.72 73.33 ±17.80 78.91
FFA-LoRA 80.03 ± 4.50 76.61 ±0.97 77.36 ± 1.80 73.77 ±9.19 62.89 ± 5.30 74.13
RoLoRA 82.57 ± 2.50 75.53 ±6.72 78.56 ± 0.36 73.28 ±8.33 62.00 ±14.87 74.38
FedEx-LoRA 84.06 ± 0.97 76.44 ±7.68 79.13 ± 0.80 76.54 ±5.37 71.85 ±18.48 77.60
FedSVD 81.09 ± 0.68 73.47 ±0.68 68.96 ± 3.68 77.13 ±3.05 79.10 ± 0.43 75.95
FedAnchor (ours) 83.48 ± 0.72 78.10 ±0.54 77.32 ± 0.49 78.25 ±2.44 80.26 ± 1.52 79.48

ϵ = 3

FedAvg 74.39 ± 8.42 69.54 ±3.64 66.62 ± 5.06 74.64 ±3.84 65.90 ±12.61 70.21
FFA-LoRA 77.72 ± 2.42 72.18 ±1.54 70.79 ± 3.20 70.69 ±7.11 61.14 ± 6.79 70.50
RoLoRA 72.88 ±15.37 67.54 ±5.77 69.38 ± 3.77 71.18 ±4.48 59.60 ±14.81 68.11
FedEx-LoRA 77.48 ± 4.45 69.44 ±3.41 64.39 ±10.35 70.22 ±8.37 61.50 ±17.15 68.60
FedSVD 74.82 ± 2.55 64.54 ±1.14 65.72 ± 3.04 74.96 ±0.58 72.26 ± 9.70 70.46
FedAnchor (ours) 77.95 ± 2.76 71.29 ±2.94 71.43 ± 0.28 76.05 ±2.84 77.70 ± 3.47 74.88

ϵ = 6

FedAvg 76.11 ± 3.93 72.94 ±1.09 73.04 ± 5.07 76.48 ±0.72 69.13 ±16.14 73.54
FFA-LoRA 78.39 ± 3.22 72.88 ±0.60 72.59 ± 5.46 73.05 ±5.58 66.22 ±11.97 72.62
RoLoRA 78.03 ± 5.39 68.73 ±5.15 67.42 ±10.20 72.55 ±1.44 62.10 ±13.77 69.76
FedEx-LoRA 79.49 ± 3.48 73.01 ±0.87 73.41 ± 3.89 75.76 ±3.23 69.14 ±15.61 74.16
FedSVD 75.62 ± 1.30 64.93 ±1.18 67.56 ± 0.20 75.15 ±4.43 73.33 ± 6.33 71.31
FedAnchor (ours) 80.54 ± 1.14 72.68 ±1.62 74.55 ± 0.96 76.32 ±2.55 78.56 ± 3.15 76.53

Table 2: Comparison with SVD-reparameterization
methods at ϵ = 3, δ = 10−5.

Method SNLI QQP QNLI

FedAvg 74.39 ± 8.42 74.64 ±3.84 65.90 ±12.61

FedAvg+PiSSA 56.61 ±20.50 72.02 ±3.46 58.48 ± 7.26

FRLoRA 36.44 ± 1.09 63.29 ±0.07 52.98 ± 2.35

FRLoRA-v3 60.63 ±15.82 75.19 ±2.66 67.88 ±14.74

FedAnchor (ours) 77.95 ± 2.76 76.05 ±2.84 77.70 ± 3.47
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Figure 2: (a) Results of different total numbers of clients.
(b) Results of different levels of data heterogeneity.

per round. As shown in Figure 2a, FedAnchor
maintains superior accuracy across all scales. This
resilience indicates that FedAnchor remains effec-
tive even as the federation scales to accommodate
more subsidiaries or regional offices.
Robustness to data heterogeneity. Real-world
data is rarely uniformly distributed across silos. We
evaluate robustness using Dirichlet distributions
with β ∈ {0.1, 0.5, 1.0}, where lower β represents
higher non-IIDness. Figure 2b shows FedAnchor
consistently outperforms baselines, particularly un-

Table 3: Results of FedAnchor on QNLI with full and
compressed updates to the base weights.

Method ϵ = ∞ ϵ = 3 ϵ = 6

Full 80.26 ±1.52 77.70 ±3.47 78.56 ±3.15

Compressed 79.08 ±3.64 73.98 ±7.19 77.04 ±2.99

der high heterogeneity, indicating it can learn effec-
tive representations despite severe data skew across
silos. This stability under varying distribution con-
ditions is critical for practical enterprise adoption
where data availability varies by region.

5.2 Optimizing communication overhead

In cross-silo deployments, network bandwidth is
often a critical constraint, particularly for client-to-
server upload. Since FedAnchor trains only one of
A and B per round like FFA-LoRA and FedSVD,
it effectively halves the upload cost. However, up-
dating the base weights increases the download
overhead from 2 ·r ·h ·L to h ·L · (h+2 ·r), where
h denotes the hidden dimension of the model, r the
low-rank dimension, and L the number of trans-
former layers. To mitigate this, we apply SVD-
based compression to the base weight updates, sig-
nificantly reducing the data download overhead
to just 4 · r · h · L. Table 3 demonstrates that
this asymmetric optimization preserves model util-
ity without significant degradation, except under
stringent DP constraints (ϵ = 3) where gradients
are inherently noisy. The degradation is largest
at ϵ = 3 on the smallest model (3.72% on QNLI
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Table 4: Results of FedAnchor on QNLI with full-rank
SVD, low-rank SVD and QR decomposition at ϵ = 3.

Method Accuracy (%) Decomp. time (s)

SVD (niter=∞) 77.70 ±3.47 1.85
SVD (niter=8) 77.41 ±3.38 0.28
QR 75.44 ±4.37 0.19

Table 5: Results on QNLI with RoBERTa-large and
TinyLlama-1.1B.

Model Method ϵ = 3

RoBERTa-large

FedAvg 73.56 ±15.32

FFA-LoRA 73.44 ±12.96

FedSVD 77.57 ± 2.06

FedAnchor (ours) 77.79 ± 2.36

TinyLlama-1.1B

FedAvg 77.85 ±14.21

FFA-LoRA 83.38 ± 0.77

FedSVD 85.06 ± 0.88

FedAnchor (ours) 85.42 ± 1.01

with RoBERTa-base) and shrinks with scale (2.05%
with RoBERTa-large, 1.62% with TinyLlama-1.1B,
and 0.73/1.12 ROUGE-L on SAMSum with T5-
3B/T5-11B at ϵ = 1). That is, it is smallest in the
regime where compression is actually needed.

5.3 Computational trade-offs
We evaluate re-initialization efficiency by compar-
ing full SVD, low-rank SVD and QR decomposi-
tion. As shown in Table 4, while full SVD achieves
the highest accuracy, it incurs latency that may
be prohibitive for large-scale architectures. Low-
rank SVD offers a superior trade-off, retaining near-
optimal accuracy while reducing latency by an or-
der of magnitude. In contrast, QR decomposition
provides similar speed but sacrifices more accu-
racy. For latency-constrained deployments, low-
rank SVD is recommended as it captures the major-
ity of the semantic signal without the computational
overhead of full SVD, validating FedAnchor’s flex-
ibility for practical industrial applications.

5.4 Model size generalization
To assess scalability across model sizes, we evalu-
ate FedAnchor on RoBERTa-large and TinyLlama-
1.1B (Table 5) and, on a different task family, on
abstractive summarization with T5-3B and T5-11B
on SAMSum (Table 6). FedAnchor is best on every
model, at ϵ = 3 on QNLI and ϵ = 1 on SAMSum,
and the compressed variant still beats every base-
line at both T5 scales, so the base-weight download
can be reduced without giving up the gain at the
sizes where that download actually matters. Un-

Table 6: Results on the SAMSum dataset with T5-3B
and T5-11B at ϵ = 1. Scores are ROUGE-L.

Model Method ϵ = 1

T5-3B

FedAvg 27.02 ±0.34

FFA-LoRA 25.07 ±0.16

FedSVD 26.20 ±0.38

FedAnchor (Full) 27.89 ±0.23

FedAnchor (Compressed) 27.16 ±0.63

T5-11B

FedAvg 26.16 ±2.06

FFA-LoRA 25.91 ±1.14

FedSVD 26.90 ±0.35

FedAnchor (Full) 29.16 ±0.42

FedAnchor (Compressed) 28.04 ±0.49

Table 7: Results on QNLI with LoRA rank r ∈
{4, 8, 16} at ϵ = 3.

Method r = 4 r = 8 r = 16

FedAvg 67.04 ±12.65 65.90 ±12.61 68.08 ±15.66

FFA-LoRA 58.00 ± 8.19 61.14 ± 6.79 56.34 ± 1.52

FedSVD 74.02 ± 2.37 72.26 ± 9.70 72.48 ± 5.35

FedAnchor (ours) 74.15 ± 5.96 77.70 ± 3.47 74.83 ± 5.84

like the NLU tasks, SAMSum has a held-out test
split, so these numbers are tuned and evaluated on
separate splits.

5.5 LoRA rank generalization
We vary the LoRA rank r ∈ {4, 8, 16} on QNLI at
ϵ = 3. Table 7 shows FedAnchor is best at every
rank, so the benefit is not an artifact of the r = 8
setting used elsewhere.

6 Conclusion

In this paper, we introduced FedAnchor, a frame-
work that improves the convergence of LoRA train-
ing in DP-FL by anchoring SVD decomposition to
pre-trained weights. Our method effectively miti-
gates noise amplification while maintaining model
utility under strict privacy budgets. Extensive ex-
periments on standard benchmarks demonstrate
accuracy improvements over state-of-the-art base-
lines. Furthermore, our deployment analysis con-
firms robustness in scalability, communication effi-
ciency, and computational trade-offs. These results
indicate that FedAnchor is a practical candidate for
cross-silo enterprise environments.

Limitations

While our current evaluation focuses on NLP
benchmarks, the FedAnchor framework is
architecture-agnostic and generalizable to other
modalities. Our silos are also simulated and
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our tasks are public benchmarks rather than a
production workload, so Section 5 should be read
as system-level measurement of the method’s costs
rather than a report from a fielded deployment. In
the future, we plan to extend our investigation to
the vision and audio domains.

Regarding communication efficiency, with the
SVD-based compression strategy we studied,
FedAnchor incurs approximately 2x download
overhead compared to FedAvg due to base weight
updates. Compression reduces the per-round down-
load from approximately 1.2 GB to 23.6 MB at
3B parameters, and from 4.8 GB to 80.2 MB at
11B. Given typical bandwidth asymmetries where
download rates exceed upload rates significantly,
combined with payloads of this size, this cost re-
mains negligible on standard enterprise networks.

Finally, while per-round SVD computation intro-
duces server-side overhead, our study shows trun-
cated SVD reduces latency by an order of magni-
tude. Since decomposition is performed centrally,
it can be parallelized across multiple GPUs, ensur-
ing negligible impact on overall training latency.
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A Federated Learning with DP-SGD

Differential privacy (DP) provides a rigorous guar-
antee that the presence or absence of any single
data record has a negligible impact on the model’s
output distribution. Consequently, this indistin-
guishability limits the amount of information an
adversary can infer about specific training samples.
This is also known as per-sample privacy. The
strength of this privacy protection is parameterized
by (ϵ, δ), where smaller values indicate stricter pri-
vacy guarantees.

To apply this protection in deep learning, dif-
ferentially private stochastic gradient descent (DP-
SGD) is commonly employed (Abadi et al., 2016).
Unlike standard SGD, DP-SGD privatizes gradi-
ents before updating the model weights. This
process introduces two additional steps per iter-
ation: gradient clipping and noise injection. First,
per-sample gradients are clipped to a ℓ2 norm
bound C to constrain their influence. Second,
Gaussian noise z ∼ N (0, C2σ2I) is added to
the aggregated clipped gradients within a batch
B, where I denotes the identity matrix. The pri-
vatized batch gradient is then computed as ḡ =(∑

i∈B Clip(∇fi, C) + z
)
/|B|. After local train-

ing, clients compute the model update and transmit
it to the server, which aggregates these updates ac-
cording to Equation 1. The noise scale factor σ is
determined by each client using privacy composi-
tion rules (Abadi et al., 2016), calculated based on
the target privacy budget (ϵ, δ), the total number
of iterations T , and the sampling rate q = |B|/N ,
where N denotes the local dataset size.

In federated learning, the level of privacy as-
surance hinges on whether the central server is
assumed to be trusted. In the central DP set-
ting, clients transmit unmodified updates, with
privacy mechanisms enforced solely during the
global aggregation phase. Conversely, the local
DP paradigm assumes an untrusted server, requir-
ing each participant to privatize their updates prior
to transmission. Our approach follows this more
rigorous local DP model: we implement DP at the
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client level, ensuring that all shared model updates
are already protected. This ensures compliance
with data sovereignty laws, as no raw or sensitive
intermediate data leaves the organization, and the
final model inherits these guarantees through post-
processing invariance (Dwork and Roth, 2014).

B Implementation Details

For LoRA, we configure the rank r and scaling
factor α to 8, with a dropout rate of 0.05. We apply
LoRA to the query and value projection matrices
of each attention layer. We run each experiment
for 100 communication rounds. In each round,
sampled clients perform parameter updates using
DP-SGD with a batch size of 200. The number of
local steps τ is set to 10 for QQP and QNLI, and to
30 for SNLI and MNLI. For each experiment, we
report the best result by running a grid search over
learning rate η ∈ {0.2, 0.5} and clipping thresh-
old C ∈ {2.0, 5.0}. Following FFA-LoRA (Sun
et al., 2024) and FedSVD (Lee et al., 2025), we
evaluate privacy budgets ϵ ∈ {3, 6} on the NLU
tasks, and we use the stricter ϵ = 1 on SAMSum.
We use δ = 10−5 throughout. The noise multiplier
σ is computed using the Opacus library (Yousef-
pour et al., 2021). We report accuracy on the NLU
tasks and ROUGE-L on SAMSum. Full privacy
accounting is given in Appendix D.

C Data Distribution

Following Hsu et al. (2019), we simulate non-
Independent and Identically Distributed (non-IID)
client data by partitioning the dataset according
to a Dirichlet distribution Dir(β) with β = 0.5.
Consistent with FFA-LoRA (Sun et al., 2024) and
FedSVD (Lee et al., 2025), we simulate a total of
six clients. We sample three clients uniformly at
random in each communication round across all
experiments. These settings are maintained across
all experiments except in Section 5.1.

D Privacy Accounting

We adopt local DP. Each client privatizes with DP-
SGD before transmission. Noise is added to the
gradient rather than to the update. Gaussian noise
is added to the sum of clipped per-sample gradients
within a batch of size b = 200, which is then di-
vided by b. The SVD is applied at the server after
aggregation. The active LoRA matrix alternates,
B in odd rounds and A in even rounds. Aggrega-
tion, SVD, re-initialization, Equations 9–13 and

Table 8: Privacy accounting. b = 200, R = 100, δ =
10−5 throughout.

Dataset Nk q τ T σϵ=3 σϵ=6

SNLI 91,692 0.0021 30 1500 0.59 0.48
MNLI 65,450 0.0030 30 1500 0.62 0.50
QQP 60,641 0.0032 10 500 0.60 0.48
QNLI 17,457 0.0114 10 500 0.73 0.59

Table 9: Singular value analysis on QNLI.

Method Relative error MAPE

FedSVD 0.0001775 0.01437
FedAnchor (ours) 0.00008775 0.007474

compression are all deterministic functions of pri-
vatized quantities, so they incur no further loss by
the post-processing invariance of DP.

Each client is sampled in K ′/K = 1/2 of the
R = 100 rounds and takes τ local steps per partici-
pation, so the total number of composed DP-SGD
steps per client is T = τRK ′/K: T = 1500 for
SNLI and MNLI and T = 500 for QQP and QNLI.
We do not claim amplification from client subsam-
pling. Composition runs over every step in which
a client’s data is accessed. Our Dirichlet partition
is label-skewed at fixed client size, so all clients
share the same Nk = N/6, q = b/Nk and σ, and
Table 8 is exact rather than an average over clients.
We compute σ with the Opacus RDP accountant
at the target (ϵ, δ) for T steps at sampling rate q.
Table 8 reports these quantities per dataset.

E Singular Value Analysis

We evaluate the noise robustness of FedSVD and
FedAnchor by computing the relative spectral ℓ2
distance (relative error) and mean absolute percent-
age error (MAPE) from the singular values of the
combined model weights (W +BA) obtained un-
der non-private (ϵ =∞) and differentially private
(ϵ = 3) settings. We train with a fixed random
seed for 1 round, compute the singular values of
the last attention layer, and then truncate the singu-
lar values to top-r rank with r = 8. Results show
that FedAnchor cuts the spectral error roughly in
half compared to FedSVD across both metrics. Sin-
gular values are stable under small perturbations
by Weyl’s inequality, so this measures distortion
of the retained spectrum rather than recovery of
the retained directions, which depends on spectral
gaps. We report it as consistent with, not decisive
for, the anchoring hypothesis.
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Algorithm 1 FedAnchor

Input: pre-trained weights {W (l)
0 }Ll=1; client datasets {Dk}Kk=1; rounds R; clients per round K ′;

local steps τ ; batch size b; rank r; learning rate η; clipping norm C; noise multiplier σ.
Output: effective weights {W (l)

R +B
(l)
R A

(l)
R }Ll=1.

Initialize: B(l)
0 ← 0, A(l)

0 ← KAIMINGUNIFORM for all l.
1: for t = 1, . . . , R do
2: sample St ⊆ {1, . . . ,K} with |St| = K ′; mt ←

∑
k∈St

nk

3: if t odd then active← B else active← A ▷ alternating schedule
4: for each client k ∈ St in parallel do
5: receive {W (l)

t−1, B
(l)
t−1, A

(l)
t−1}Ll=1

6: initialize Bk,t ← Bt−1, Ak,t ← At−1

7: for s = 1, . . . , τ do ▷ DP-SGD on the active block only
8: sample a batch of size b from Dk

9: clip per-example gradients of the active block to ℓ2 norm C
10: add N (0, C2σ2I) to the summed clipped gradients; take an η step
11: end for
12: send the active block only: B̂k,t if t odd, else Âk,t

13: end for
14: for l = 1, . . . , L do ▷ aggregation, then model-centric SVD
15: if t odd then
16: B̂

(l)
t ←

∑
k∈St

nk
mt

B̂
(l)
k,t; W̃

(l)
t ←W

(l)
t−1 + B̂

(l)
t A

(l)
t−1

17: else
18: Â

(l)
t ←

∑
k∈St

nk
mt

Â
(l)
k,t; W̃

(l)
t ←W

(l)
t−1 +B

(l)
t−1Â

(l)
t

19: end if
20: U,Σ, V ⊤ ← SVD(W̃

(l)
t ) ▷ truncated SVD suffices; see Table 4

21: B
(l)
t ← U [:, :r]

√
Σ[:r, :r]; A

(l)
t ←

√
Σ[:r, :r]V ⊤[:r, :]

22: W
(l)
t ← W̃

(l)
t −B

(l)
t A

(l)
t ▷ anchoring update; W (l)

t +B
(l)
t A

(l)
t = W̃

(l)
t

23: end for
24: broadcast {W (l)

t , B
(l)
t , A

(l)
t } (optionally compressing the base-weight delta)

25: end for

F Pseudocode

We outline FedAnchor in Algorithm 1, making ex-
plicit the alternating schedule (line 3), the place-
ment of noise injection at the gradient level within
the local loop (lines 9–10), and the placement of the
SVD after server-side aggregation (lines 14–22).
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