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Abstract

Asynchronous federated learning (FL) is a prac-
tical default for scaling instruction tuning of
large language models (LLMs), but out-of-
order (OOO) arrivals break the audit assump-
tions of deployed differential privacy (DP) ac-
counting. We show that arrival-order account-
ing can mis-attribute snapshot-tied updates to
privacy events, yielding a ledger that is not re-
playable from execution provenance and can
violate strict budgets. We propose FedSAN-
LLM: clients attach authenticated snapshot
provenance, and the server deterministically re-
constructs a snapshot-consistent released event
stream for reconstructed-order DP accounting
(R-RDP), producing an auditable ledger un-
der OOO delivery; optionally, clients apply
randomized subspace projection as DP post-
processing to compress privatized LoRA up-
dates without changing the privacy guaran-
tee. On Llama-3-8B LoRA tuning for Pub-
MedQA and FiQA, FedSAN-LLM matches
near-synchronous accuracy while providing a
2.6x wall-clock speedup over synchronized
training with small audit deviation.

1 Introduction

Federated learning (FL) is increasingly used to
instruction-tune large language models (LLMs)
across organizations in high-stakes domains (e.g.,
healthcare and finance) without centralizing raw
text (Ning et al., 2025; McMahan et al., 2016).
At LLM scale, however, synchronization la-
tency becomes a dominant systems cost: hetero-
geneous compute and network conditions create
stragglers, leaving accelerators idle in synchronous
rounds (Wei and Liu, 2025). Asynchronous FL is
therefore a common engineering choice, updating
the server continuously under delayed and out-of-
order (OOO) arrivals to improve throughput (Alas-
mari et al., 2025).

Problem: QOO arrivals break deployable DP
accounting. Privacy-sensitive FL typically relies

on differential privacy (DP) with clipping/noise and
a stateful accountant (e.g., RDP) that composes a
sequence of subsampled mechanisms (Shi et al.,
2025; Abadi et al., 2016). In asynchronous training,
each client update is computed on a server-issued
snapshot but may arrive OOO (Li et al., 2025b;
Xie et al., 2025). The prevailing implementation—
arrival-order accounting—increments the accoun-
tant by arrival index (Zhao et al., 2025). Under
00QO, this can mis-attribute snapshot-tied events:
a straggler update generated from an old snapshot
is charged as a fresh event, so the claimed ledger
no longer matches the realized computation sched-
ule. This gap is invisible without audit replay and
becomes critical under strict budgets (€arger < 2),
where even small bookkeeping errors translate into
either silent budget violations or severe utility col-
lapse when corrected. We quantify auditability by
the audit deviation Aegugi = ‘ereplay - aedgerL
where €jeqger 18 the privacy loss reported by the
system, and €replay is recomputed by determinis-
tically replaying the released event stream from
immutable logs under the declared accountant. We
mark FAIL if either (i) &replay > Etarger (budget vio-
lation) or (ii) Aeaugic > 7 (non-replayable ledger).

Approach: provenance-aligned accounting with
optional compression. We propose FEDSAN-
LLM, which makes DP accounting provenance-
aligned under OOOQO delivery. Each update car-
ries authenticated snapshot provenance; the server
buffers arrivals and deterministically releases up-
dates in a snapshot-consistent order, composing pri-
vacy on this reconstructed stream (R-RDP). This
yields a replayable ledger: auditors can reconstruct
the released stream from logs and reproduce the ac-
countant state exactly. To reduce LLM-scale uplink
cost, FEDSAN-LLM optionally applies random-
ized projection after the DP mechanism; by DP
post-processing, projection does not affect the pri-
vacy guarantee and changes only payload size.



Contributions.

* Audit failure mode. We show that under
OOQ arrivals, arrival-indexed DP ledgers
can mis-attribute snapshot-tied events, yield-
ing non-replayable accounting traces (large
Aéaugir) and degraded utility under strict bud-
gets.

e Method. We introduce FEDSAN-LLM,
which reconstructs a snapshot-consistent re-
leased event stream from authenticated prove-
nance and performs reconstructed-order ac-
counting (R-RDP), producing a replayable DP
ledger under asynchrony.

* LLM evidence under strict DP. On Llama-
3-8B LoRA tuning for PubMedQA and
FiQA with (e=2,=10"%), FEDSAN-LLM
achieves near-synchronous accuracy while
providing a 2.6 x wall-clock speedup over syn-
chronized training and a small Aeyygye under
severe disorder.

2 Related Work

Federated instruction tuning and PEFT for
LLMs. Recent FL research has progressed from
small models to adapting foundation models on
decentralized text, including federated instruction
tuning and task adaptation with parameter-efficient
fine-tuning (PEFT) such as LoRA/adapters(Liu
et al., 2025; Qin et al., 2025). Most existing PEFT-
based FL pipelines, however, implicitly assume
round-consistent execution (synchronous aggrega-
tion or bounded staleness) so that the training log
naturally induces a well-defined sequence of server
steps and evaluation checkpoints(Gao et al., 2025).
Asynchrony is widely used to improve through-
put under stragglers, but prior systems primar-
ily optimize convergence/latency and do not spec-
ify a verifier-facing accounting interface that re-
mains valid when updates are generated from stale
snapshots and delivered out of order(Ghiasvand
et al., 2025; Li et al., 2025¢). FedSAN-LLM tar-
gets this missing piece: it provides an explicit, re-
playable DP accounting trace for high-throughput
asynchronous LoRA fine-tuning under severe out-
of-order (OOQ) arrivals.

Differential privacy accounting in federated
learning under asynchrony. Differential Pri-
vacy (DP) in FL is typically realized via clip-
ping and Gaussian noise, with privacy tracked

by stateful accountants such as RDP under a pre-
scribed sampling model(Koskela and Mohammadi,
2025). These accountants compose privacy over a
logical event stream (i.e., a sequence of random-
ized mechanisms with specified parameters)(Wang
et al., 2025). In practice, many asynchronous im-
plementations advance the accountant in arrival
order , effectively treating network arrivals as
the DP event sequence(Zhao et al., 2025). The
key gap is that under OOO delivery, the arrival
stream can diverge from the realized computation
schedule implied by snapshot provenance, mak-
ing the recorded ledger non-replayable from exe-
cution logs(Price, 2025). While some theoretical
works study noisy/asynchronous optimization or
bounded staleness, they rarely address system-level
auditability: whether an independent verifier can
reproduce the claimed privacy expenditure from the
logged artifacts(Ma et al., 2025). Our work focuses
precisely on this auditability gap and introduces
provenance-driven reconstruction so the accoun-
tant consumes the replayed, snapshot-consistent
event stream rather than the raw arrival stream.

Auditable and trustworthy federated learning.
A growing line of work aims to make FL trust-
worthy by verifying aspects of the training pipeline,
e.g., using Trusted Execution Environments (TEEs)
or cryptographic proofs to attest that clients ex-
ecuted prescribed computations(Li et al., 2025a;
Xing et al., 2025). These approaches primarily
verify computation integrity (did the client run the
code / produce a valid update?), which is comple-
mentary to our goal(Guan et al., 2025). FedSAN-
LLM verifies accounting integrity: did the server
charge privacy according to the same logical DP
events that were actually released and applied?
By defining an append-only audit log and a de-
terministic replay rule, our method yields a verifier-
replayable DP ledger under OOO arrivals(Chen
et al., 2025). This accounting layer is orthogonal
to, and composable with, computation-verification
mechanisms (TEE/ZK), enabling end-to-end au-
ditable DP-FL systems.

3 Method

We present FEDSAN-LLM, an asynchronous fed-
erated instruction-tuning framework that produces
a replayable DP accounting trace under out-of-
order (OOOQ) arrivals. We first define private fed-
erated LoRA fine-tuning and then formalize why
arrival-indexed accounting is not auditable in asyn-



chronous deployments.

3.1 Preliminaries: Private Federated
Instruction Tuning

Federated LoRA fine-tuning. We consider K
clients; client ¢ holds a private instruction dataset
D; = {(x,y)}. The server hosts a frozen LLM
backbone Og;ozen and trains only LoRA adapters
and the task head, denoted by 6 € R? with d’ < d.
The objective is

i(0) := Eg ), { —log P(y | z; Ofroen; 0)},
(D

K
%nawzgkwwy )

where p; is a client weight.

Round-level DP event (one ledger entry per re-
leased round). Atlogical round s, the server sam-
ples a subset of clients S, with rate ¢ = | S|/ K and
broadcasts snapshot (6, s). Each selected client
1 € Ss computes a local update A;_,; and applies
the Gaussian mechanism

Ais = Clip(Ais, C) + N(0,0%C*T). - (3)

The server forms a round aggregate (e.g., mean)
over the received privatized updates for this snap-
shot, A, = ﬁ >ier, Aiss, where Ry C S is
the subset of clients whose updates are released
for round s. DP accounting is performed at the
round level: each released round s contributes
exactly one DP event to the ledger under the pub-
lic parameters (g, C, 0, d). Dropped (unreleased)
client updates do not affect the model and are not
charged to the ledger; drop decisions are logged for
audit replay.

3.2 Failure Mode: Arrival-Indexed
Accounting Is Not Auditable under OOO

Logical DP events vs. network arrivals. A DP
accountant composes privacy over a sequence of
logical DP events—each event corresponds to a
server-applied update (i.e., a released step) under
a specified sampling model (rate ¢) and mecha-
nism parameters (Eq. (3)). In asynchronous FL,
however, updates are generated from server-issued
model snapshots and may arrive OOO due to het-
erogeneous delays. Crucially, the arrival stream is
a property of the network, while the DP ledger is
meant to reflect the server’s realized computation

schedule (which updates were actually applied and
in what logical order).

Standard practice: arrival-order accounting.
Many asynchronous implementations increment
the accountant whenever an update arrives, effec-
tively defining the event sequence by the arrival
permutation 7(-):

Earr(T) = Compose(./\/lﬂ(l), R MTI’(T))’ (4)

where each M ;) is treated as the ¢-th DP event.

Auditability gap and audit deviation. A pri-
vacy audit requires that an independent verifier
can reproduce the claimed accountant state from
immutable execution logs. Let €jegger denote the
privacy loss reported by the system during training,
and let €eplay denote the privacy loss recomputed
by a verifier who replays the released event stream
from logs under the same public DP parameters
(¢, C,0,0) and the declared accountant. We define
the audit deviation as

Acqudic := ‘greplay - 5ledger‘- )

We mark FAIL if either eeplay > Etarget OF Acqudic >
T.

Large Ac indicates that the claimed ledger is not
reproducible from execution logs, hence the system
cannot demonstrate compliance with the intended
privacy budget under OOO arrivals (see Section 4).
Takeaway. The issue is not that DP composition is
“order-sensitive” in general, but that asynchronous
deployments require the accountant to consume the
correct logical DP event stream. When arrivals de-
couple from snapshot provenance, arrival-indexed
accounting yields a ledger that is not replayable
and thus not auditable.

What the verifier replays. Our audit assumes
that the server publishes an append-only log con-
taining, for each received update: (i) authenticated
provenance (s, 7), (ii) a hash of the payload u;, and
(iii) the deterministic release/drop decisions. Given
the public DP parameters and the declared ac-
countant, a verifier reconstructs the released event
stream 7* and recomputes €replay. Auditability is
exactly the requirement that €rpay matches the
claimed €jegger up to tolerance 7.

3.3 FedSAN-LLM: Reconstructed-Order
Accounting with Projected Updates

To close the auditability gap under out-of-order
(000) arrivals, FEDSAN-LLM (i) logs snapshot



Overview: Arrival-indexed DP ledgers have audit mismatch under 000; FedSAN-LLM restores replayable audiing.
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Figure 1: Why arrival-indexed DP ledgers are not replayable under OO0, and how FedSAN-LLM restores
auditable accounting. (A) Baseline advances the accountant on arrivals, causing event mis-attribution and audit
mismatch (Ae > 0.1). (B) FedSAN-LLM logs authenticated provenance and advances the accountant only on

deterministically released updates in snapshot-consistent

provenance and reconstructs a snapshot-consistent
DP event stream for accounting (R-RDP), and (ii)
optionally compresses privatized LoRA updates
via projection to reduce uplink cost. Importantly,
accounting robustness depends only on provenance,
while projection is pure post-processing.

3.3.1 R-RDP: Provenance-Driven
Reconstruction of DP Events

Provenance metadata. When client ¢ downloads
the current adapter, the server attaches a mono-
tone snapshot id s and an authentication tag 7 =
Auth(s, cid). The client uploads (u;, s, T), where
u; is the (optionally compressed) privatized up-
date payload. Authenticated provenance prevents
clients from re-labeling an update as coming from
a different snapshot.

Deterministic release and ledger update. The
server maintains (i) a bounded buffer 55 and (ii) a
pointer § for the latest accounted and applied snap-
shot id. Upon each arrival, the update is inserted
into B. The server then repeatedly releases the
unique buffered update whose provenance matches
the next expected snapshot id s = 5+ 1 (ties broken
deterministically, e.g., by arrival hash). For each
released update, the server (a) applies the model
update and (b) advances the accountant by one
DP event using the public parameters (¢, C, 0, 9).
Thus, the DP ledger is defined by the released se-
quence 7* (the realized computation schedule), not
by network arrival order.

Stale arrivals and overflow policy. Any update
with s < § is stale (its target snapshot has already

order, yielding a replayable ledger (Ae < 0.1).

been accounted) and is dropped immediately; it is
neither applied nor charged to the ledger. If insert-
ing a new update makes B overflow, the server de-
terministically drops the most future update (largest
s, ties by (cid, ctr)) and logs the drop. Dropped
updates are not released and thus consume zero
privacy budget; drop/release decisions are append-
only logged for audit replay.

Overflow, replayability, and budget compliance.
Charge iff released. The server maintains a
buffer B of capacity W and a pointer § to the
latest accounted snapshot. Upon each arrival, the
update is buffered; the server releases buffered
updates in deterministic, snapshot-consistent
order. An update is charged iff it is released
and applied; the accountant is advanced exactly
once per released step. Missing snapshots
and drops. If B is full and no update with
S S + 1 appears within a fixed timeout, the
server deterministically marks snapshot 5 4 1 as
dropped (logged), advances § < § + 1 without
advancing the accountant, and continues. Any
later arrival with provenance s < 3 is treated as
stale and discarded (logged), and is neither applied
nor charged, preventing extreme stragglers from
perturbing either the model state or the ledger.
Replayability guarantee. Given authenticated
provenance, an append-only audit log (including
(cid, s, ctr,arrival_idx, released/dropped)

and public DP parameters (q,C,0,0)), and a
deterministic release/drop rule, any third party
can replay the log to recover the released stream
7* and reproduce the accountant state exactly.
Compliance by policy. Replayability makes the



ledger verifiable; budget compliance is enforced
operationally by a release policy (e.g., stop
releasing once £(A) > Etarget OF pre-calibrate
a maximum number of releases), ensuring
Eeff < Erarget 1N the realized execution.

3.3.2 Projected Privatized LoRA Updates for
LLM-Scale Uplink

Client-side projection (optional). Let &- e R?

be the privatized LoRA update from Eq. (3). To

reduce communication, the client transmits a sketch
5=PAER™, m<d, (6

where P is generated from a public seed broadcast

by the server (per run/window).

Server-side decoding and post-processing.
Upon release, the server forms a decoded update
A, = Decode(z;; P) (identity if projection
is disabled) and applies it. Because projec-
tion/decoding is applied after the DP mechanism,
it is DP post-processing and does not change the
privacy guarantee or the accountant inputs (same

(q? C7 O-? 5))'

Decoupling accounting from compression. R-
RDP uses only provenance metadata to reconstruct
7*; therefore, enabling/disabling projection affects
bandwidth and runtime but leaves accounting ro-
bustness unchanged.

Client pulls (6, s, seed), computes A;, applies
DP to get A, optionally sends u; = PA; (sketch),
and uploads (u;, s, 7, cid, ctr).

4 Experiments

We evaluate FedSAN on privacy-sensitive NLP
with LLMs (LoRA finetuning) in biomedical QA
and financial sentiment analysis. We ask: (1) Un-
der strict privacy budgets (e <2) and severe out-of-
order (OOO) arrivals, can FEDSAN preserve both
utility and an auditable DP ledger? (2) Can projec-
tion reduce LL.M-scale uplink cost without chang-
ing the accounting pipeline or audit outcome?

4.1 Experimental Setup

Tasks and Datasets. We select two high-stakes,
privacy-sensitive domains:

e PubMedQA (Biomedical): We cast
PubMedQA as 3-way classification
(Yes/No/Maybe) over question—context

pairs and report Accuracy.

Algorithm 1 FedSAN-LLM server pipeline (round-
level reconstructed-order accounting)

Require: Target (£, 9); DP params (g, C, 0); step size
n; target clients/round m; reorder window W; optional
projection dim 1o

1: Inmit: 6 < 6; next round id § < 0; round-bucket buffer
B[] < 0; accountant A «+ INIT(J)

2: Broadcast: public seed (defines P if projection enabled)
3: while training is active do
4: Receive payload u;—.s with provenance meta =
(cid,, s, T)
5 Verity 7; if invalid then discard
6 if s < Sthen > late for an already released round
7 Log drop; continue
8 end if
9: if s > § + W then > outside reorder window
10: Log drop (or evict by policy); continue
11 end if
12 Insert u;—, into round bucket 5[s]
13 while READYTORELEASE(B[5], m) do
14 s < AGGREGATE(B[$]) > one round aggregate
(mean/sum)
15: B[s] «+ 0
16: A < ACCUMULATE(A; ¢, C, o) > one DP
event per released round
17: A« DECODE(%s) > identity if no projection;
otherwise decode using seed
18: O 0+nA; s+ 541
19: if €effeclive(-/4) 2 Etarget then
20: stop (or adjust schedule)
21: end if

22: end while
23: end while

* FiQA (Financial): We cast FiQA as label-
based sentiment classification and report Ac-
curacy.

We use the official train/dev/test splits and keep
dev/test centralized for evaluation only.

Instruction-style formulation and evaluation.
To avoid treating the tasks as mere classifier train-
ing, we cast both datasets as instruction-following
generation. Each example is formatted as an in-
struction prompt and the model is trained with
the standard next-token loss to generate a short
answer string from a constrained label set. For
PubMedQA, the target output is one of {Yes, No,
Maybe}; for FiQA, the target output is one of
{Positive, Negative, Neutral}. At evaluation,
we decode with greedy decoding and map the first
generated label token to the class. We report (i)
Label EM/Accuracy and (ii) Format adherence
(percentage of outputs that match the required label
format), which is critical for downstream deploy-
ment of instruction-tuned models.

LLM Backbone and Federated Protocol. We
use Llama-3-8B with LoRA (rank r=16, a=32)



and update only LoRA adapters and the task head
(the backbone is frozen). We simulate cross-silo FLL
with K'=200 clients and sample m=10 clients per
logical round (g=m/K=0.05) for T'=500 rounds.
Each selected client performs the same number
of local steps with identical optimizer hyperpa-
rameters across all methods (AdamW; details in
Appendix) so that methods differ only in (i) ar-
rival/release policy and (i1) accounting basis.

Wall-clock Measurement (Auditable and
Comparable). All methods run on the same
8xNVIDIA A100 (80GB) cluster with identical
code paths for model forward/backward, local
training, DP clipping/noise, and communication
serialization. Reported wall-clock time includes
communication, buffering/release, and accounting.
To ensure fair comparison under buffering, we
normalize time by completing the same number of
released server steps (i.e., updates that are actually
applied to # and charged to the DP ledger).

Communication metric (uplink, released-
update normalized). We report uplink only
(client—server), since downlink broadcasting
of the current LoRA adapter is identical across
methods under the same logical released steps. For
server step ¢, let R, be the set of client updates
that are released and applied at step t (typically
|R¢| = m). We define the per-step uplink as

Comm/step(t) := Z (bytes(ui)—i—bytes(metai)),

1€ER:

(7N
where u; is the uploaded payload (raw DP up-
date or projected sketch), and meta; includes au-
thenticated provenance (e.g., (cid, s, ctr, 7, seed)).
Dropped/expired updates are not applied and not
charged to the DP ledger; therefore they are ex-
cluded from communication totals (but their drop
events are logged for audit replay). Total uplink
over 7 released steps is ZtT:1 Comm/step(t).

Asynchrony and OOO Delivery. We emulate
asynchrony by assigning each client update a vir-
tual delay &; and defining an arrival stream at the
server. We control OOO severity via a disorder
ratio p € [0,1]; unless noted otherwise, we use
p = 0.5 (severe disorder). Baselines apply and
account updates in arrival order 7 (-), whereas FED-
SAN releases updates in a reconstructed snapshot-
consistent order 77*(-) via R-RDP.

Differential privacy and accounting view. We
enforce client-level DP with /5 clipping (threshold
C) and Gaussian noise, and track privacy using
an RDP accountant with § = 1075, We target a
strict regime Erger = 2.0. During training, the
system reports €jedger from its accountant state. For
auditability, we also compute &eplay by determin-
istically replaying the released and applied event
stream from logs under the same public parameters
(¢, C, 0,0) and the declared accountant, and report
the audit deviation Aequdit := |Ereplay — Eledger|- We
mark FAIL if either ereplay > Etarget OF Aqudit > 7.

Crucially, the accountant’s input event stream
differs by method: arrival-order baselines feed
events indexed by network arrivals, whereas Fed-
SAN advances accounting only on deterministi-
cally released updates in snapshot-consistent recon-
structed order.

Baselines. We compare against: (i) Sync DP-
FedAvg (upper bound): round-consistent composi-
tion under perfect synchronization; (ii) Async DP-
FedAvg (Arrival): applies and accounts updates in
arrival order (the common deployment choice); (iii)
DP-FedBuff: buffered asynchronous aggregation
with buffer size K (we use K'=10), adapted to DP
by accounting upon buffer release. All baselines
use the same DP mechanism and hyperparameters;
they differ only in buffering/release and accounting
basis.

4.2 Main Results: Utility, Efficiency, and
Auditability under Strict Privacy

We evaluate Llama-3-8B (LoRA) under a strict
budget (€qarger=2.0, §=107°) with severe out-of-
order (OOOQ) arrivals. Table 1 reports task utility,
wall-clock efficiency, and audit deviation. To make
auditability operational, we report the audit devi-
ation Ag,ugic 1= ‘5replay — Eledger|» where Ereplay is
recomputed by deterministic replay of the released
event stream from logs under the declared accoun-
tant. A method is marked FAIL if it violates the
target budget (Ereplay > Etarger) OF if the ledger is
not reproducible (Aeyugic > 7).

FedSAN is the only method that jointly achieves
high utility and a reproducible (auditable)
ledger. In Table 1, FEDSAN achieves 73.8% =+
0.4 on PubMedQA and 70.2% =+ 0.5 on FiQA,
within one point of the synchronous upper bound
(74.5% + 0.3, 71.0% + 0.4), while keeping
Acaugit = 0.06 (Pass). By contrast, arrival-order



Table 1: Main Results on PubMedQA and FiQA (Llama-3-8B + LoRA). We report Accuracy, wall-clock time,

and audit deviation Ae gy := |5replay — Eledger

, Where €replay 1 recomputed by replaying the released event stream

from logs under the declared accountant. FAIL if €replay > Etarger OF Acauaic > 7. Times use identical logical
rounds/local steps and include communication+buffering on the same hardware.

Method Accounting Basis Accuracy (%) Efficiency Audit Ae
PubMedQA FiQA Time (h) Speedup
Target Privacy Budget €450 = 2.0 (Strict Regime)
Sync DP-FedAvg (Upper Bound) Round-Consistent  74.5+0.3 71.0+£0.4 82.0 1.0x 0.01
Async DP-FedAvg (Arrival) Arrival Order 5824+1.2 550+£1.5 24.5 3.3x 3.82 (Fail)
DP-FedBuff (K = 10) Arrival Order 65.1+0.8 624+0.9 26.8 3.0x 2.15 (Fail)
FedSAN (Ours) R-RDP 73.8 £ 04 70.2 £ 0.5 31.2 2.6% 0.06 (Pass)

Table 2: Instruction-following evaluation under strict
DP (e=2.0). We cast PubMedQA/FiQA as constrained
label generation and report label exact match (EM,
%) and format adherence (%). Format is the fraction
of outputs whose first non-whitespace token belongs
to the required label set ({Yes, No, Maybe} for Pub-
MedQA; {Positive, Negative, Neutral} for FiQA), case-
insensitive.

PubMedQA FiQA
Method EM Format Adh.| EM Format Adh.
Sync DP-FedAvg | 74.5 99.8 71.0 99.5
Async (Arrival) |58.2 64.2 55.0 59.5
DP-FedBuff 65.1 81.7 62.4 76.3
FedSAN (Ours) |73.8 99.1 70.2 98.8

accounting suffers both large accuracy degrada-
tion (58.2/55.0) and a non-reproducible ledger
(Ae = 3.82, Fail). DP-FedBuff improves utility
over naive arrival-order asynchrony (65.1/62.4)
but still fails audit (Ae = 2.15), indicating that
buffering without provenance-consistent event re-
construction does not resolve accounting integrity
under OOOQO.

Why baselines fail under strict DP, and why
FEDSAN does not. Under OOO delivery, arrival-
order baselines define DP events by network ar-
rivals rather than by snapshot-tied released steps,
so the accountant is driven by an event stream that
cannot be deterministically replayed from logged
provenance; this mismatch surfaces as budget vi-
olations (€replay > €rarger) and large audit devia-
tion Ae,udii. FEDSAN instead enforces a snapshot-
consistent released order (R-RDP), making the ac-
counting trace reproducible from the same logs and
yielding small deviation and stable utility under
identical DP parameters. Crucially, the audit fail-
ure is reflected in model behavior: beyond accuracy,
constrained label generation exposes instruction-

following collapse, where arrival-order methods
frequently violate the required output schema (For-
mat 64.2%/59.5% on PubMedQA/FiQA; Table 2),
whereas FEDSAN preserves near-perfect adher-
ence (Format 99.1%/98.8%), consistent with a re-
playable ledger. Finally, FEDSAN retains most of
the async benefit (2.6 x wall-clock speedup, 31.2h
vs. 82.0h) while passing audit; the faster arrival-
order baseline (24.5h) is not comparable in strict-
compliance settings because it fails the budget,
leaving FEDSAN as the only method that jointly
delivers near-upper-bound utility, strict-budget au-
dit pass, and substantial speedup under severe
00O0.

4.3 System Robustness and Component
Analysis

We analyze the system-level trade-offs of
reconstructed-order release and validate the neces-
sity of FEDSAN’s components under strict DP and
severe OOO delivery.

4.3.1 The Cost of Integrity: Buffer Size
Trade-off

A common concern is that re-ordering buffers may
negate the throughput benefits of asynchrony. We
vary the buffer window W under severe disorder
(p = 0.5). Table 3 reports (i) the fraction of arrivals
that are not released before timeout (Dropped), (i1)
wall-clock time normalized to W =0 for the same
arrival stream, (iii) test Accuracy, and (iv) audit
pass/fail.

A practical “sweet spot” for auditable asyn-
chrony. W =0 maximizes throughput but fails au-
dit due to event-stream inconsistency under OOO
arrivals. As W increases, more updates can be
released in a snapshot-consistent order, restoring
auditability at the cost of buffering latency. We



Table 3: Impact of Re-ordering Buffer Size (11) on
Efficiency and Auditability. Llama-3-8B under severe
disorder (p = 0.5). Dropped updates are not applied
and are not charged to the DP ledger; drop events are
logged for audit replay. Rel. Time is normalized to
W =0 under the same disorder process.

Buffer Size (W) Dropped (%) Rel. Time Accuracy (%) Audit

0 (Pure Async) 0.0% 1.00x 58.2 XFail
5 12.4% 1.15% 69.5 v'Pass
15 (Ours) 21% 1.28% 73.8 v'Pass
50 0.1% 2.50% 74.2 v'Pass

oo (Sync) 0.0% 3.30x 74.5 v'Pass

find that W =15 achieves a favorable trade-off: it
passes audit with only 1.28 x wall-clock overhead
relative to unsafe pure async, while matching near-
upper-bound utility (73.8% vs. 74.5%). Larger win-
dows further reduce drop rate but quickly approach
synchronous latency (e.g., W=50 and W —00),
indicating diminishing returns for throughput.

4.3.2 Robustness under Strict Privacy
Budgets

We next test whether the gains persist in high-noise
regimes by sweeping €preet € {0.5,1.0,2.0,4.0}
on FiQA (Table 4). For each €gpger, all methods
tune o to target the same budget under their respec-
tive accounting view, and we report test Accuracy.

Table 4: Utility across privacy regimes on FiQA. We
sweep €qreer € {0.5,1.0,2.0,4.0} with § = 107°.

Accuracy (%) on FiQA

Privacy Budget
Sync (Upper) Async (Arrival) FedSAN (Ours)
e = 0.5 (Extreme) 52.0 28.5 (Random) 50.8
€ = 1.0 (Strict) 64.5 412 63.1
e = 2.0 (Standard) 71.0 55.0 70.2
¢ = 4.0 (Relaxed) 73.5 68.0 72.8

Correct event attribution is required to learn
under high noise. As privacy tightens (¢ < 1.0),
arrival-order baselines degrade sharply, reaching
near-random performance at ¢ = (0.5. In contrast,
FEDS AN remains close to the synchronous upper
bound across the sweep (e.g., 50.8% vs. 52.0%
at e = 0.5). This indicates that when the signal-
to-noise ratio is low, accounting on a snapshot-
consistent event stream becomes necessary to pre-
serve useful learning under OOQ arrivals.

4.3.3 Ablation: Necessity of R-RDP and
Practicality of Projection

Finally, Table 5 isolates the two components:

reconstructed-order accounting (R-RDP) and pro-

jected updates.

Table 5: Ablation on Llama-3-8B components. Full
method uses R-RDP + projection. Communication re-
ports uplink only and is measured as the sum of seri-
alized bytes of the m=10 released and applied client
updates per server step (downlink is identical across
variants). For our LoRA configuration (Appendix B),
the raw DP update is ~ 54.4MB per client (FP32), i.e.,
~ 544MB/step for m=10. With projection d,;,;=4096,
each client uploads a ~ 16KB FP32 sketch, i.e., ~
160KB/step for m=10 (metadata < 1KB/update).

Variant R-RDP Proj. Acc. (%) Comm./step Audit
FedSAN (Full) v v 73.8 160 KB v
w/o Projection v X 74.1 544 MB v
w/o R-RDP X v 59.5 160 KB X

R-RDP is necessary for auditability; projection
is necessary for feasible communication. Re-
moving projection preserves auditability and yields
similar accuracy (74.1%), but increases uplink vol-
ume from ~ 160KB/step to ~ 544MB/step (for
m=10), which is impractical for typical WAN links
in cross-silo deployments. Thus, FEDSAN is min-
imal in the sense that R-RDP provides account-
ing integrity, while projection enables LLM-scale
communication without affecting the accounting
pipeline.

5 Conclusion

As FL moves to LLM-scale tuning, practical de-
ployments must reconcile asynchronous through-
put with strict, auditable DP compliance. We
showed that under out-of-order delivery, arrival-
indexed accounting can decouple the logged event
stream from the realized snapshot provenance,
yielding large accounting deviation and degraded
utility under strict budgets. We proposed FEDS AN-
LLM, which (i) logs lightweight provenance and
reconstructs a snapshot-consistent composition or-
der (R-RDP) to make the DP ledger replayable
from execution logs, and (ii) optionally applies
post-processing projection to reduce uplink cost
without changing the privacy guarantee. Exper-
iments with Llama-3-8B LoRA on biomedical
QA and financial sentiment demonstrate near-
synchronous utility while passing strict audits (e <
2, §=1077) with modest buffering overhead.



6 Limitations

Log integrity and threat model. Our auditabil-
ity guarantee is conditional on the integrity of
provenance logs (snapshot ids, counters, and DP
parameters). We assume an append-only log or
externally verifiable logging (e.g., client-signed en-
tries / transparency-style storage). Handling a fully
malicious server that can selectively drop/rewrites
log entries is outside our scope.

Bounded disorder and buffering. R-RDP relies
on a bounded reordering window: with extreme,
non-stationary outages, a finite buffer may over-
flow, causing dropped updates or additional wait-
ing. We log drop/overflow events for replay, but
designing adaptive buffering and release policies
with formal guarantees under heavy-tailed delays
is left to future work.

PEFT-centric evaluation. Our LLM experi-
ments focus on PEFT (LoRA) where communi-
cation is feasible; while R-RDP is mechanism-
agnostic, full-parameter fine-tuning would require
substantially stronger compression and systems
support than evaluated here.

DP utility on minority/long-tail clients. Strict
DP can amplify the under-representation of clients
with small datasets or rare patterns. Quantifying
this effect under more diverse client distributions
and broader instruction-tuning objectives is an im-
portant direction.
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A Experimental Details

A.1 Hyperparameters and Reproducibility

Shared settings (fair comparison). Unless
stated otherwise, all methods share the same
backbone, LoRA configuration, client sampling,
local training steps, optimizer, and DP mecha-
nism/accountant. The only difference across meth-
ods is the server-side ingestion/order policy (arrival
order vs. reconstructed-order release), and whether
uplink projection is enabled.

Randomness control. We report mean4-std over
three seeds. Seeds are fixed for (i) client sampling,
(i1) non-IID partitioning, and (iii) the asynchrony
simulator (delay draws). For each seed, we run
all baselines with the same partitions and delay
realizations to isolate method effects.

A.2 Datasets, Prompts, and Client
Partitioning

Datasets and splits. We use PubMedQA
(biomedical QA; Yes/No/Maybe) and FiQA (fi-
nancial sentiment; Positive/Negative/Neutral) with
standard train/test splits. Metrics are Accuracy on
both tasks (discrete label prediction).

Client partitioning (non-IID). Training data are
partitioned to K'=200 clients using Dirichlet non-
IID with concentration a=0.5. We keep per-client
sample counts fixed across methods within the
same seed.

Prompt templates.

PubMedQA:

Context: {context}
Question: {question}
Answer (Yes/No/Maybe):

FiQA:
Headline: {sentence}
Sentiment (Positive/Negative/Neutral):

Decoding / label mapping. We use greedy de-
coding with a constrained label set and map the
first generated label token to the target class. Out-
puts outside the label set are counted as incorrect
(this is rare under instruction tuning).

B Compute, Timing, and Communication
Accounting

Hardware/software. Experiments run on a pri-
vate cluster with 8 xNVIDIA A100 (80GB) and
AMD EPYC 7763 CPUs, implemented in PyTorch
with transformers+peft. All wall-clock num-
bers include client compute, communication, server
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buffering/release, and DP accounting, and are mea-
sured under the same cluster and the same number
of released server steps.

Timing protocol (apples-to-apples). To avoid
unfair comparisons (e.g., some methods terminat-
ing early), we fix T'=500 released/applied server
steps for all methods. For buffered methods, up-
dates that are not released (dropped/expired) do not
count toward 7T'. Reported wall-clock time is the
elapsed time to complete 7' released steps under
the same asynchrony realization.

Communication metric (explicit contract). Un-
less otherwise specified, “communication” reports
uplink only (client—server), because downlink
(server—-clients) is identical across methods under
the same logical steps in our implementation. For
step t, let R be the set of released updates applied
by the server (typically |R|=m). We define:

Comm/step = Z (bytes(ui) + bytes(metaﬂ)
1E€ER:
(®)

€))

T
Total Comm := Z Comm/step.

t=1
Here wu; is the uploaded payload (raw DP
update or projected sketch), and meta;
(cid, s, ctr, 7, seed) contains authenticated prove-
nance and projection seed; metadata is included
but is < 1KB/update and negligible at the reported
scale. Dropped/expired updates are excluded from
both model application and communication totals

(but are logged for replay; see below).

Payload sizes (closed-form and measured).
For our LoRA configuration (rank 16 on
g_proj,v_proj), the trainable adapter has
~213.6M parameters. We transmit DP-noised up-
dates in FP32 for audit conservatism. Thus, the
raw uplink per client update is:

Staw = 13.6M X 4 bytes ~ 54.4MB.

With projection, each client transmits a length-d;
FP32 sketch, so:

Sproj = dproj X 4 bytes.

For dp0j=4096, Sproj = 16KB per client update
(plus negligible metadata/seed). Therefore, with
m=10 released updates per step:

* Raw uplink (no projection): Comm/step ~ m -
Staw &~ 10 X 54.4MB ~ 544MB.



Table 6: Hyperparameters (FedSAN-LLM and baselines).

Item Value

Federated training

Clients K / sampled per step m
Released server steps 1’

Local epochs E / batch size B
Max sequence length

1/4

200/ 10 (Poisson subsampling rate g=0.05)
500 released (applied) steps

512 (truncate longer inputs)

Backbone & PEFT
Backbone

LoRA rank / alpha / dropout
Target modules

Precision

q_proj, v_proj

Llama-3-8B-Instruct (frozen)
r=16/a=32/0.05

BF16 forward; FP32 for DP noise injection and transmitted update tensors

Optimization
Client optimizer / Ir
Server update

AdamW /3x107*
asynchronous FedAvg-style step (n=1.0)

Weight decay 0.0

Differential privacy

Unit of privacy client-level (one participating client update = one DP event)
Clip/ (¢, §) C=1.0/(2.0,107%)

Noise multiplier o calibrated via RDP to match e at 7'=500

RDP orders A €{2,3,...,64} (min over \)

FedSAN

Re-order buffer W / disorder p
Projection dim dp;
Tie-break for equal snapshot id

15/0.5 (main)
4096 (if enabled)

deterministic by (cid, ctr)

* Projected uplink (dproj=4096): Comm /step ~ 10 X
16KB ~ 160KB.

All reported communication numbers are also veri-
fied by measuring serialized tensor bytes transmit-
ted on the wire; the measured values match the
above closed-form estimates within small overhead
(serialization + metadata).

C Asynchrony Model and Disorder
Control

Event-time simulation. We emulate asyn-
chronous arrivals via per-client timestamps
Tarr = Tissue T tcomp + tcomm + Onet, Where tcomp
captures compute heterogeneity, tcomm depends on
payload size, and d,e¢ models heavy-tailed network
delay. The simulator is calibrated to realistic
straggler statistics (median/tails) and uses identical
delay realizations across methods within each
seed.

Disorder ratio. We report a disorder ratio p €
[0, 1] defined as the fraction of updates that would
be stale under pure async ingestion (WW=0), i.e.,
updates that arrive after the server would have al-
ready advanced by at least one additional released
step. We set p=0.5 for main experiments (severe
disorder).
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Drop and audit semantics (replayable execu-
tion). FEDSAN uses a bounded buffer (W) and
a deterministic, snapshot-consistent release rule.
On overflow, extreme stragglers are dropped by a
fixed policy; dropped updates are neither applied
nor charged, and each drop (with provenance) is
logged. An auditor can replay the release/drop
trace from logs to recompute €replay and verify that
the ledger matches the realized execution.

Table 7: Projection dimension vs. uplink and util-
ity (PubMedQA). Uplink is reported per client update
(FP32): 4 - dy,105 bytes for sketches, and ~ 54.4MB for
raw LoRA updates under our configuration.

dproj  Uplink / client  Acc. (%)
None 54.4MB 73.8
16384 64KB 73.7
4096 16KB 73.6
1024 4KB 72.1

D Additional Ablation: Projection
Dimension

We study the impact of the projection dimension
on the uplink—utility trade-off under the same DP
budget and disorder setting. We report uplink per
client update as 4 - dpoj bytes (FP32 sketches).
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