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ABSTRACT Federated learning has emerged as a powerful paradigm for decentralized model training,
ensuring privacy preservation by allowing clients to collaboratively learn a shared model without exchanging
raw data. Quantum federated learning (QFL) extends this approach by leveraging quantum computing to en-
hance computational efficiency and security. However, existing QFL frameworks face challenges in handling
temporal inconsistencies and ensuring model robustness across time-evolving datasets. Recent findings in
quantum physics suggest the emergence of two opposing arrows of time in quantum systems, indicating that
time-reversal symmetry can be harnessed for computational processes. This work introduces dual-timeline
quantum federated learning (DT-QFL), a novel framework that integrates time-reversal symmetry into QFL.
DT-QFL employs quantum memory kernels to encode temporal correlations in client updates, ensuring that
both past and future data distributions contribute to the learning process. In addition, we introduce a quantum
temporal-invariant neural network, which enables federated models to learn patterns invariant to time flow,
improving generalization and reducing catastrophic forgetting in decentralized environments.

INDEX TERMS Decentralized model training, federated learning (FL), quantum federated learning (QFL),

quantum memory kernels, time-reversal symmetry.

I. INTRODUCTION

Federated learning (FL) [1] has emerged as a transformative
approach to decentralized machine learning, enabling mul-
tiple clients to collaboratively train a shared model while
preserving data privacy. By eliminating the need for raw
data exchange, FL enhances security and scalability across
distributed systems. Quantum federated learning (QFL) [2]
extends this paradigm by leveraging quantum computing
techniques to enhance computational efficiency, enable
quantum-secured communication, and potentially acceler-
ate model convergence. However, current QFL frameworks
struggle with temporal inconsistencies, particularly in envi-
ronments where data distributions evolve over time. These
challenges lead to issues such as catastrophic forgetting,
where models fail to retain previously learned information,
and limited generalization, which impacts the adaptability of
federated models in dynamic settings.

Recent findings in quantum physics suggest that certain
quantum systems exhibit two opposing arrows of time [3],
demonstrating that time-reversal symmetry can be harnessed
for more efficient computational processes. Motivated by
this, we introduce dual-timeline quantum federated learning
(DT-QFL), a novel framework that integrates time-reversal
symmetry into QFL to improve model robustness and adapt-
ability. DT-QFL employs quantum memory kernels, which
encode temporal correlations in client updates, allowing the
learning process to incorporate information from both past
and future data distributions. This temporal bidirectionality
ensures that the federated model remains resilient to dataset
shifts and retains knowledge across time. In addition, we
propose the quantum temporal-invariant neural network (Q-
TINN), which enables models to learn patterns that remain
stable despite changes in the temporal structure of incoming
data. By addressing the challenges of catastrophic forgetting
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and dataset evolution, the Q-TINN enhances the stability and
longevity of federated models in decentralized environments.

The proposed DT-QFL framework aims to improve the
generalization capabilities of quantum-enhanced federated
models by integrating temporal consistency into the learning
process. The introduction of quantum memory kernels allows
for an efficient and structured way to preserve knowledge
while adapting to new patterns, ensuring that models do not
degrade in performance over time. This approach is partic-
ularly beneficial in real-world applications such as health
care, finance, and cybersecurity, where maintaining knowl-
edge over time is critical for reliable decision making. By
leveraging time-reversal symmetry and quantum-enhanced
learning mechanisms, DT-QFL presents a novel solution for
improving the robustness, accuracy, and stability of federated
models operating in dynamic environments.

The rest of this article is organized as follows. Section II
provides a detailed discussion of related work, reviewing ex-
isting FL frameworks and their limitations in terms of stabil-
ity, convergence, and communication efficiency. Section III
outlines the proposed DT-QFL methodology, describing its
integration of time-reversed updates, quantum memory ker-
nels, and optimization strategies. Section IV presents the ex-
perimental setup, including dataset selection, evaluation met-
rics, and hyperparameter configurations. Section V discusses
the results, analyzing the impact of DT-QFL on variance
reduction, adversarial robustness, and communication com-
plexity. Finally, Section VI concludes this article, summariz-
ing key findings and proposing future research directions to
further enhance quantum-inspired FL.

II. RELATED WORK

FL has gained significant attention as a privacy-preserving
distributed learning paradigm, allowing multiple clients
to collaboratively train a shared model without directly
exchanging raw data. Traditional FL methods, such as
federated averaging (FedAvg) [4], have demonstrated
effectiveness in decentralized settings but face challenges
when dealing with non-identically and independently dis-
tributed (non-IID) data [S], catastrophic forgetting, and
evolving data distributions over time. Several studies
have proposed improvements to FL, including adap-
tive aggregation strategies, personalization techniques, and
reinforcement-learning-based client selection, but these ap-
proaches primarily rely on classical computational mod-
els and struggle with optimizing temporal dependencies in
dynamic environments.

QFL extends FL by integrating quantum computing
to enhance computational speed, security, and model ex-
pressiveness. Prior research has explored the potential of
quantum neural networks (QNNs) and variational quantum
circuits to improve FL convergence and reduce communica-
tion overhead. Studies have shown that quantum kernels and
quantum data encoding techniques can lead to more efficient
training, particularly for high-dimensional data. However,
current QFL implementations often overlook the impact of
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temporal dependencies in distributed learning, which limits
their applicability to real-world scenarios where data evolve
dynamically.

Recent developments in quantum information science sug-
gest that certain quantum systems exhibit time-reversal sym-
metry [6], where past and future states can be interlinked
to enable more efficient computations. Research in quan-
tum memory and quantum correlations has demonstrated that
quantum memory kernels can be used to encode temporal
dependencies, allowing models to retain knowledge from
past training while incorporating insights from future data
distributions. This has been explored in quantum computing
for error correction, quantum state prediction, and temporal
entanglement in quantum networks, but its application to FL
remains largely unexplored.

The concept of temporal-invariant learning has been in-
vestigated in classical deep learning, where recurrent neural
networks [7] and attention-based models like Transformers
attempt to capture long-range dependencies across time.
While these methods improve model stability, they suf-
fer from high computational costs and memory constraints.
Quantum computing, with its inherent ability to encode
and manipulate superpositions of temporal states, offers a
promising alternative for addressing temporal consistency
in federated models. QNNs with time-reversal mechanisms
can theoretically maintain knowledge over time while adapt-
ing to new information, making them well suited for FL
applications.

Building on these advancements, DT-QFL proposes a
novel integration of quantum time-reversal symmetry and
FL. By incorporating quantum memory kernels, DT-QFL
ensures that client updates preserve temporal coherence, re-
ducing the effects of catastrophic forgetting. Furthermore,
the introduction of Q-TINN enhances federated model gen-
eralization by learning features that remain stable across
different time frames. This aligns with recent research in
quantum-enhanced machine learning and quantum-assisted
optimization, positioning DT-QFL as a cutting-edge ap-
proach for improving model robustness in decentralized and
dynamically evolving environments.

Despite the promise of DT-QFL, challenges remain in
implementing scalable quantum federated frameworks. Cur-
rent quantum hardware constraints, including noise, limited
qubit connectivity, and coherence times, impose practical
limitations on large-scale QFL adoption. Research in hybrid
quantum-—classical learning strategies and quantum error mit-
igation techniques offers potential solutions for overcoming
these limitations. As quantum computing technology contin-
ues to evolve, DT-QFL provides a promising direction for
advancing FL by leveraging quantum advantages in temporal
learning, model robustness, and efficient data encoding.

Ill. METHODS

The proposed DT-QFL framework integrates QFL with time-
reversal dynamics to enhance convergence, stability, and
generalization in decentralized learning environments. This
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section outlines the theoretical foundations and method-
ological advancements underpinning DT-QFL, including its
formulation, time-reversal symmetry mechanisms, and the
integration of quantum memory kernels. The methodol-
ogy encompasses both local client updates and global
aggregation, incorporating bidirectional learning to miti-
gate catastrophic forgetting and optimize long-term model
performance. In addition, we present a detailed analy-
sis of variance reduction, information-theoretic properties,
and communication complexity, establishing the formal un-
derpinnings of DT-QFL’s efficiency. These methodologi-
cal components collectively enable DT-QFL to outperform
conventional FL approaches in dynamic, nonstationary, and
adversarially perturbed environments (see Algorithm 1).

A. ALGORITHMIC FLOW FOR DT-QFL

In this section, we present the complete procedural blueprint
for the proposed DT-QFL framework. The overall train-
ing process is divided into two clearly delineated com-
ponents: a global orchestration phase executed by the
central server and a local computation phase performed in-
dependently by each participating client. Algorithm 1 details
the server-side orchestration, including the selection of ac-
tive clients, distribution of global parameters, aggregation
of locally updated models, and the application of temporal
regularization through time-reversal symmetry. Comple-
menting this, Algorithm 2 specifies the client-side routine,
which includes forward and time-reversed input processing,
computation of the time-symmetric loss, local parameter up-
dates, and optional communication compression. Together,
these algorithms provide a step-by-step pseudocode speci-
fication of DT-QFL that ensures reproducibility and allows
the method to be unambiguously implemented in practical
federated quantum learning environments.

B. QFL FORMULATION

We consider an FL system with K quantum clients, each
k
i
a quantum-encoded input and yi.‘ is the label. The global
optimization objective is

. N .
possessing a local dataset Dy = {(xF, y¥)}.% |, where x} is

K
meanwkEk(G) (1)
k=1
where L;(0) = I%k va:"] L(fo (xf.‘), yf.‘ ), 0 represents the QNN
parameters, and wy, = Ve

=K -
j=1 N;j

C. TIME-REVERSAL SYMMETRY IN QFL
To integrate time-reversal symmetry, we introduce a trans-
formation C

K (xk) = xf‘ 1 xhorey (2)

i i
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Algorithm 1: DT-QFL: Local Training,
Aggregation, and Temporal Regularization.

Global

Input : Number of clients K'; participation fraction
p € (0,1]; rounds T’ learning rate 7;
time-reversal penalty \; (optional)
compression factor y € (0, 1]; unitary U for
time-reversal; client data {Dy, } 2.

Output: Global parameters 67 .
1 Initialization: Server initializes 6° and client weights

Ny
Wk = S
2 fort=0,1,...,7 — 1do
// Server selects active clients
3 Server samples active set S; C {1,..., K} with
|St| = LpK].
4 Server broadcasts 0! to all k € S;.
// —-— Client-side: Local Training

with Time-Reversal --

5 for k € S; do in parallel

6 (C1) Forward/Reverse states: For
minibatches (x,y) ~ Dy, form
X"+ UTxU.

7 (C2) Time-symmetric loss:
LYY = g Y [Ufor (%), 9)+(for (), )]
(x,y)EB
8 (C3) Time-reversed parameters:
0p " « UtotU.
9 (C4) Local update:

O 0" = VoL (01) + A(0F —0,"Y).

10 (C5) (Optional) Compress: If using
compression, send Qv(é?}’:rl — 6%); else send
A
k
// —- Server-side: Aggregation --—
11 (S1) Decompress (if used) and reconstruct
updates.
12 (S2) Weighted averaging (FedAvg-style):
~ N,
0t+1 — W 9t+17 Wy, = 7,6
kezsf | Zjes, N;j
// —— Server-side: Temporal
Regularization —--
13 (S3) Reverse global snapshot: 6%V « UTH!U.
14 (S4) Time-reversal correction:

0t+1 — §t+1 + )\(ét—}—l _ etﬁrev).

// —- Convergence check --
15 | if[|0t — 6'||2 < € then
16 ‘ break

where the time-reversed state is
krev _ rrtok
X = Uik, 3
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Algorithm 2: Client Subroutine for DT-QFL (Run on
Client k).

Input : Global params #; local dataset D;, (size
Np); unitary U; learning rate n; time-reversal
penalty \; local epochs E; batch size B;
(optional) compressor @ (-) with factor
~v € (0,1].
Output: Updated params
(27(92+1 _'et)
1 Init: 6 < 0%; 6V « UtOLU.
2 fore=1to E do
3 for minibatch B = {(x,y)} sampled from Dy, of
size B do
// Forward and time-reversed
inputs
4 For each (x,7) € B, set x**¥ < U'TxU.
// Time-symmetric minibatch
loss
s || oy =

B 2 [ + )]
(x,y)eB

// Local gradient step with
time-reversal correction

6 0 0—nVeLZ™(0) + )\(9—9“9").

// Refresh reverse snapshot once
per local epoch (cheap,
stable)

7 orev <« UToU.

8 Return to server:

9 | send Q,(0 —6")

10 else

1 | sendf

i1 or compressed delta

if compression enabled then

The modified time-symmetric loss function is

Ny

£m0) = 3 [ ) + ¢ (5™ 8)]
: 4)

1) THEORETICAL FOUNDATIONS OF TIME-REVERSAL
SYMMETRY IN DT-QFL

In quantum mechanics, the time-reversal operation T is rep-
resented by an antiunitary operator [22], such that for any
quantum state |y) and complex scalar ¢ € C

Ty =Ty (ToITy) = ). )

This operator can be expressed as 7 = U.K., where U
is a unitary transformation that may act on spin or other
internal degrees of freedom, and K is complex conjugation in
the computational basis. The property 72 = =4I depends on
the particle’s spin statistics (fermions versus bosons), which
ensures that the reversed evolution obeys the same dynamical
laws as forward evolution.
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In open quantum systems, the microscopic reversibility
principle states that the propagator U (¢) satisfies

TUOT ' =U(-1) (6)

implying that forward and backward temporal trajectories
are related by an exact symmetry in the absence of ir-
reversible decoherence. Within DT-QFL, we incorporate
this principle at the model parameter level by introducing
the time-reversed state x;°Y = U "x;;U and corresponding

time-symmetric loss Lgym (11). This directly enforces

1
VoLoym(0) = 3 [VoL(©) + VoL(0™")] (7)

which acts as a low-pass filter on gradient fluctuations, elimi-
nating high-frequency noise components that are responsible
for instability in standard FL.

From a stability perspective, let A, = 6, — 6/°" denote the
deviation between forward and reversed parameters. Under
the smoothness and strong convexity assumptions [see (53)
and (54)], temporal regularization in DT-QFL enforces the
contractive bound

[A117 < (1= 22| A)? + O(a?/K) (8)

where A is the time-reversal penalty and o is the gradi-
ent variance. This inequality proves that for A > 0, ||A|?
decays exponentially, stabilizing the gradient trajectory and
suppressing divergence between client updates.

Furthermore, by combining the mutual information devi-
ation bound in (39) with the variance reduction expression
in (35), we obtain

2 52

t
o
E|VL©)|* <O (; + ?) - x; IA-> (9

explicitly quantifying how the quantum time-reversal term
penalizes destructive drift between local and global mod-
els. This establishes a rigorous theoretical link between the
underlying antiunitary time-reversal symmetry of quantum
physics and the empirically observed stabilization of gradient
updates in DT-QFL.

Hllustrative Example—Avoiding Temporal Inconsisten-
cies: Consider an FL scenario in a health care network where
hospitals contribute patient diagnostic data collected at dif-
ferent times. In a conventional QFL setup, if one hospital’s
data distribution shifts significantly between rounds (e.g.,
due to seasonal disease prevalence), the aggregated global
model may inadvertently prioritize recent patterns and over-
write older but still relevant knowledge, creating a tempo-
ral inconsistency. In DT-QFL, the time-reversal mechanism
generates a temporally mirrored state x'®¥ for each input,
allowing the loss function in (11) to account equally for
forward (current) and reversed (historical) temporal states.
This ensures that knowledge from earlier distributions is pre-
served and harmonized with newer data, thereby maintaining
model stability across time-evolving datasets and mitigating
catastrophic forgetting.
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D. QNN MODEL
The quantum model is parameterized as

fa(x) = (010} 00410). (10)

To enforce time-reversal symmetry, the quantum circuit is
modified as

1
sym
0" =5 (2 +0}). an
This symmetric form ensures that the circuit evolution is
invariant under time reversal, enabling consistent processing
of forward and reversed states. Thus, the federated optimiza-

tion objective becomes

K
. sym

mgln;wkck ). (12)

E. FEDERATED LEARNING WITH TIME REVERSAL
Each client updates its model using gradient descent

0 =0 — VL™ (0h) (13)

where 7 is the learning rate. The central server aggregates
client updates

K
0 = "ot (14)
k=1

F. TEMPORAL REGULARIZATION
To ensure time-reversal consistency, a regularization term is
introduced

9t+1 — 9l+1 +)\'(9f+l _ Qt,rCV) (15)
where
oY = Uty (16)

This enforces bidirectional learning and stabilizes model
convergence. See Algorithm 1 for DT-QFL.

G. CONVERGENCE ANALYSIS
Under smoothness and strong convexity assumptions, the
expected improvement per iteration is bounded as

E[L@ T < LO)—nE|VLEO)I? = A(LEO)—LEO)).
(17)
For T rounds, the convergence bound is

E[£(67)] - £ = (1 —nu—n" (£(6°) - £"). a8)

This bound demonstrates that the inclusion of the A term
accelerates convergence by reducing oscillations in parame-
ter updates, leading to enhanced stability compared to stan-
dard FL. Since A > 0, DT-QFL converges faster than stan-
dard FL. DT-QFL integrates time-reversal symmetry into
FL, ensuring temporal consistency, bidirectional learning,
and improved convergence stability. This methodology en-
ables quantum models to retain both past and future knowl-
edge, improving generalization and reducing catastrophic
forgetting in decentralized environments.
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H. VARIANCE ANALYSIS IN DT-QFL

Variance in FL arises due to stochastic gradient updates,
heterogeneous client data, and local training divergence. In
DT-QFL, we analyze how time-reversed model updates in-
fluence variance reduction.

1) ASSUMPTIONS FOR VARIANCE ANALYSIS
Assumption 1 (Bounded Gradient Variance): The variance
of the local gradients is bounded

E|VL(O) — VLO)|*> < o? Vk (19)

where 0% quantifies gradient variance across clients.
Assumption 2 (Time-Reversal Regularization): The
time-reversed model updates 6"V obey

El0"T —6""V|> < « B[ VLO")I? (20)

where o > 0 measures time-reversal error in updates.
Assumption 3 (Gradient Smoothness): Each local loss

function £;(0) is L-smooth
IVL(O) — VLONI < LII6 — 0" V6,6 (21)

Assumption 4 (Gradient Deviation Due to Non-1ID Data):
The gradient deviation between local and global models
satisfies

EIIVLi(0) — VLO)|* < 8° (22)
where 82 quantifies statistical heterogeneity across clients.
I. VARIANCE REDUCTION IN DT-QFL

Lemma 1 (Time-reversed Gradient Variance Reduction):
The variance of the time-reversed gradient updates satisfies

E[IVLE™)|? < (1 = VEIVLE)? +ra  (23)

where A is the time-reversal penalty parameter and o repre-
sents additional noise introduced by time-reversal errors.
Proof: From time-reversal consistency, we write

or = UTe'y. (24)
By applying smoothness, we have
E[VLE)|? < LE6" — "7 (25)
Since time-reversed model updates follows:
E6""! —6""|* < «EIIVLE") (26)
we obtain
E[VLE")I* < (1 = MEIVLE)® +re.  (27)

[ |
Theorem 1 (Variance Reduction in DT-QFL): The ex-
pected gradient variance in DT-QFL satisfies

2 2 T—1
)
]E \V4 91 2 < G_ )= E Ot_el,rev 2.
IVL( )||_0<K+K ZO I I
(28)
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Proof: Using the gradient update rule
K
9t+1 — Z wk9£+l (29)
k=1

we estimate the variance as

EVLEO)? = EIVLEO") — VLEO™™) + VLEO" ™).
(30)
Applying Jensen’s inequality, we obtain

E[IVLE)|? <E[VLE)—VLEO™)|>+E|VLEO ™).

(3D
Substituting Lemma 1, we obtain
2 82
]E||V£(91)||2§(I—A)E||V£(91)||2+koz+0<?+? .
(32)
Rearranging terms, we obtain
0_2 52 T—1
E|VLENN? <O —=+—=) -2 Y E[6" -6
IVLENI? < <K+K) ;u I
(33)
|

This bound demonstrates that increasing the A term di-
rectly suppresses variance growth by penalizing deviations
between forward and time-reversed parameters, thereby im-
proving stability across heterogeneous clients compared to
standard FL. Our variance analysis for DT-QFL demon-
strates several key improvements in federated optimization.
The results indicate that DT-QFL significantly reduces vari-
ance, leading to more stable model updates across distributed
clients. By incorporating time-reversal updates, DT-QFL ef-
fectively stabilizes local training, mitigating gradient os-
cillations that often arise in standard FL approaches. In
addition, DT-QFL enhances cross-client knowledge transfer,
which helps to reduce statistical heterogeneity by aligning
local models more closely with the global model. These im-
provements contribute to better convergence properties and
increased robustness in FL environments. By introducing
time-reversal consistency, DT-QFL achieves faster conver-
gence with lower variance, making it a promising approach
for QFL.

J. INFORMATION-THEORETIC BOUNDS IN DT-QFL

Information-theoretic analysis in FL provides a structured
approach to quantifying key relationships between local and
global models. It allows for the measurement of mutual in-
formation between local models and the global model, offer-
ing insights into how well local updates contribute to global
learning objectives. In addition, this analysis helps evaluate
the tradeoff between communication efficiency and model
performance, ensuring that FL systems balance update fre-
quency with learning effectiveness. Another critical aspect
is the quantification of information loss due to local updates
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and time-reversal constraints, which can affect model con-
vergence and overall efficiency. DT-QFL introduces time-
reversed model updates, directly impacting model diver-
gence, gradient entropy, and communication efficiency. By
leveraging these time-reversed updates, DT-QFL modifies
the information flow within federated training, potentially
reducing gradient drift while improving long-term stability
in distributed optimization.

1) PRELIMINARIES: MUTUAL INFORMATION AND ENTROPY
IN FL

For any random variable X, the entropy is defined as

HX)=— ZP(X =x)log P(X = x). (34)
xeX
For two random variables X and Y, the mutual information
is
IX;Y)=HX)—-HX|Y). 35)

In DT-QFL, we analyze mutual information between lo-
cal models 6 and the global model 6, incorporating time-
reversed updates.

K. INFORMATION-THEORETIC BOUNDS ON DT-QFL
Assumption 5 (Bounded Mutual Information in Local Mod-
els): For any client k, the mutual information between local
and global models satisfies

10,70 < B (36)

where § represents the information bottleneck due to privacy
constraints and model divergence.

Assumption 6 (Time-Reversal Mutual Information Devi-
ation): The information deviation due to time-reversal up-
dates satisfies

101 0.7 = M6} 0,™). (37)

where A is the time-reversal penalty parameter.

1) UPPER BOUND ON MUTUAL INFORMATION IN DT-QFL
Lemma 2 (Upper Bound on Mutual Information in DT-QFL):
For any federated round ¢, the mutual information between
the local and global models satisfies

2
1010 <10 0"™) + 0 <%> (38)
where o2
updates.
Proof: From FedAvg, we have

quantifies the gradient variance in federated

K
o = "ot (39)
k=1

By the chain rule of mutual information, we have

167101 <167 6) +16%:6""). (40)
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Substituting Assumption 2, we obtain
o2
100" < M (0} 00"") + O (?> . @D

|

This result indicates that the mutual information between

global and local models is directly regulated by A, meaning

that stronger time-reversal penalties reduce the rate at which

new information is injected per round, thereby stabilizing the
learning process.

2) INFORMATION-THEORETIC BOUND ON MODEL
DIVERGENCE

Theorem 2 (Upper Bound on Model Divergence in DT-
QFL): For any FL round ¢, the Kullback—Leibler (KL) di-
vergence between the local and global models satisfies

o

A 2
DByl 1Byen) = 516 = 6712 +0 ( = ) %)

Proof: By definition of KL divergence, we have

P9r+1
Dy (Fyre1[1Pgr1) = E | log Pk . (43)

i+l

Using Taylor expansion, we have
1
DKL(PQI’CH [|Pye+1) < EEHGI?H _pitl ||2 (44)

From FL updates, we have

2

o
EN6i — 012 < AE|6] — 6;" 1> + O <?> . (45)

Substituting into the KL bound, we obtain

A o?
DKL(P017(+1 [|Pyi+1) < §||91£ - Qli’m”z +0 <?> . (46)

|
This bound demonstrates that larger A values explicitly
limit the divergence between local and global models, en-

suring tighter model alignment across clients even in the
presence of heterogeneous data.

3) COMMUNICATION EFFICIENCY BOUND IN DT-QFL

Theorem 3 (Communication Complexity in DT-QFL): The
minimum number of communication rounds required for
convergence satisfies

1
log <
Ln?
10g(1—7’]u+7— >
where 7 is the learning rate, u is the strong convexity param-
eter, L is the smoothness constant, and A is the time-reversal

penalty.
Proof: From convergence analysis, we have

(47)

Tcomm E

2 T
E[L©OT)] - £ < <1 —nu+ bn” _ k) (LB = L£*).

2
(48)
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Setting a threshold € for convergence, we obtain

Ln? ’
<1—77H«+T—)»> <e. (49)
Taking the logarithm, we have
log 1
Teomm > < (50)

10g<1—rm+]%2—)\>.

This bound shows that increasing A can reduce the total
number of communication rounds required for convergence,
although excessive penalization may slow local adaptation;
hence, a balance must be struck to optimize both stability and
communication efficiency.

L. HYPERPARAMETER SENSITIVITY IN DT-QFL

The performance of DT-QFL is influenced by several key
hyperparameters that govern the dynamics of training and
convergence. The learning rate () plays a crucial role in con-
trolling the update step size, directly affecting the speed and
stability of model optimization. The time-reversal penalty
(1) enforces symmetry in training by regulating the impact
of past and future state integration, ensuring that the model
maintains consistency across federated rounds. In addition,
the batch size (B) influences gradient variance, with larger
batch sizes generally leading to more stable updates but po-
tentially slower adaptation to local data distributions. The
client participation fraction (C) determines the number of ac-
tive clients per round, affecting both convergence speed and
the overall generalization ability of the global model. Proper
tuning of these hyperparameters is essential to optimize DT-
QFL’s efficiency, stability, and robustness in FL environ-
ments. We establish bounds on convergence rate, stability,
and variance under different hyperparameter values.

M. HYPERPARAMETER INFLUENCE ON CONVERGENCE
Assumption 7 (Smoothness): Each local loss function
L (0) is L-smooth
IVL(O) = VL(O) < L6 —0"| V6,6 (51

Assumption 8 (Strong Convexity): Each local function is
u-strongly convex

Li(0) = L0+ VL(O) (0 —0') + %IIG —0'I1”. (52)

Theorem 4 (Convergence Rate Dependence on n and A):
For a fixed 1 and X, the expected convergence rate satisfies

>\
E[LOT)] - L* < (1 — it o - ,\) (LO°) — £*).
(53)
Proof: Using the standard descent lemma, we obtain

2
E[LO)] < £©") — nE|VLE)I* + L%Envc(mnz.

(54)
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In DT-QFL, the time-reversal regularization introduces
o't = 0" — gV L£(0") + 16" — 6"T). (55)

Since time-reversed updates are bounded, i.e.,

16" — 6"V < «|| VLEO|? (56)
we obtain
T * an ! 0 *
E(L©OH] - £* < 1—W+T—x (L©O°) — L£*).
(57)
|

This bound shows that while a larger learning rate n can
accelerate convergence up to its optimal value, the inclusion
of the A term dampens oscillations and enforces stability
across rounds, enabling DT-QFL to converge more reliably
than standard FL.

N. HYPERPARAMETER INFLUENCE ON VARIANCE
REDUCTION

Assumption 9 (Gradient Variance Bound): The variance
of the stochastic gradients is bounded by

E||VLi(0) — VLO)|*> < o2 (58)

Lemma 3 (Variance Reduction in DT-QFL): The variance
of model updates decreases as

2 82 -1
E[VLOH|? <0 (% + E) —a ZEHQI —ghrev)2,
t=0

(59)

This result indicates that increasing A directly reduces the

variance of model updates by penalizing discrepancies be-

tween forward and reversed states, improving stability espe-
cially under high data heterogeneity or smaller batch sizes.

Proof: Expanding the variance decomposition, we obtain

EVLO)? = EIVLEO") — VLEO™) + VLEO" ™).
(60)
Applying Jensen’s inequality, we obtain

E[[VLE)|? <E[VLEO )~ VLEO ™ )|>+E|VLEO ™).

(61)
Then we obtain
EVﬁQt <0l — — )= Eel_gt,rev )
vee <o (% + %) > ”
(62)
[ |

O. OPTIMAL HYPERPARAMETER SELECTION IN DT-QFL

Theorem 5 (Optimal n and A for Fastest Convergence):
The optimal learning rate n* and time-reversal penalty A*
satisfy

T-1
n* — 2 )\* — l ZEHQI _ ez,rev”2. (63)
Lp =

2101021

This expression formalizes that the optimal learning rate
n* depends solely on smoothness and convexity constants,
while the optimal A* is determined by the average forward—
reverse deviation, linking temporal regularization strength
directly to observed model dynamics.

Proof: The optimal learning rate is obtained by
minimizing

an
1—17,u+7—k . (64)
Differentiating with respect to n gives
d Ln?
(=t ) =~ L. (65)
dn 2
Setting to zero, we obtain
2
[ 66
L P (66)

For 1*, the optimal value balances time-reversal correc-
tion, satisfying

T—1
1
A= - § E|6! — 6-7||%. (67)
=0

|
The influence of the learning rate n and the time-reversal
penalty A on DT-QFL can be rigorously characterized using
the convergence bound
an T
E[LOr)] - L" < (1 = - k) (L(6o) — L)
(68)
which shows that both n and A contribute linearly to the
contraction rate but with opposing effects: n accelerates con-
vergence up to an optimal n* = L+Lu’ whereas A enforces
stability by penalizing forward-reverse drift.
From the variance bound in (61), the stabilizing influence

of A is explicit

o2 52 !
E|VL©G)|? < O(E + E) - AZO 16: — 62V ]I* (69)
-

indicating that larger A values reduce gradient variance but
risk slowing adaptation to new data distributions.

To empirically validate these theoretical relationships,
we conducted an ablation experiment on CIFAR-10 (K =
50, p = 0.2) by varying (5, 1) over representative ranges.
Table 1 summarizes the effects on convergence rounds
(Teonv), final test accuracy, and variance stability index (VSI),
defined as

1
VSI = —
T

1
1 + Var(VL,)"

M'ﬂ

(70)
t=1
The results confirm that n = 0.05 and A = 0.5 achieve

the best tradeoff between convergence speed and stability,
consistent with the theoretical n* and the stabilizing role of
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TABLE 1. Ablation Study on Hyperparameters  and A for DT-QFL on CIFAR-10 Over 30 Runs (Mean = std; 95% Cl in Parentheses)

n A Teonv Accuracy (%)
0.01 0.5 72 88.3 + 0.5 (88.1, 88.5)
0.01 2.0 85 87.54+0.4(87.3,87.7)
0.05 0.5 48 89.1 + 0.6 (88.8, 89.4)
0.05 2.0 56 88.8 + 0.5 (88.6, 89.0)
0.10 0.5 42 88.2 + 0.5 (88.0, 88.4)
0.10 2.0 51 87.9+ 0.4 (87.7, 88.1)

VSI Observations
0.84 +0.02 (0.83, 0.85) Stable, slower convergence
0.92 £ 0.01 (0.91, 0.93) Highest stability, lowest speed
0.81 4+ 0.02 (0.80, 0.82) Optimal speed—stability balance
0.88 +0.02 (0.87, 0.89) Stability gain, mild slowdown
0.72 £0.03 (0.71, 0.73) Fast but less stable
0.83 +0.02 (0.82,0.84)  Restored stability, slower than 0.5

TABLE 2. Effect of Temporal Distribution Shift (Round 50) Under Optimal
(n*, A*) Compared to Baseline QFL

Method Variance Increase (%)
15.2 +1.1(14.7,15.7)

4.5£0.8(4.1,4.9)

Accuracy Drop (%)
Baseline QFL 7.8+ 0.6 (7.5,8.1)
DT-QFL (n*,A*)  2.340.4(2.1,2.5)

Metrics are mean + std; 95% CI in parentheses over 30 runs.

A. Increasing A beyond 0.5 improves VSI but incurs addi-
tional communication cost due to more rounds, as predicted
by the communication—accuracy tradeoff in (84). This joint
analysis ensures that DT-QFL hyperparameters can be tuned
systematically to balance convergence speed, stability, and
memory integration efficiency.

Temporal Consistency Evaluation Under Optimal Param-
eters: To demonstrate the importance of avoiding temporal
inconsistencies when hyperparameters are optimally tuned,
we simulate a non-IID client environment where each client’s
data distribution shifts halfway through training (round 50 of
100) (see Table 2). Without time reversal (baseline QFL), the
global model’s accuracy dropped by 7.8% within five rounds
after the shift, and gradient variance increased by 15.2%.
With DT-QFL tuned to (n*, A*), the accuracy drop was lim-
ited to 2.3%, and variance increased by only 4.5%. This
confirms that the optimal A setting not only balances con-
vergence speed and stability but also plays a critical role in
maintaining performance across temporal distribution shifts.

Our sensitivity analysis reveals that selecting optimal hy-
perparameters is crucial for ensuring both stable and fast
convergence in DT-QFL. Proper tuning of key parameters
allows the model to efficiently balance learning speed and
stability. Increasing the time-reversal penalty (A) enhances
training stability by enforcing stronger temporal consistency
in updates, but at the cost of slower convergence. In addition,
using a smaller batch size (B) introduces greater gradient
variance, which can lead to noisier updates and hinder sta-
bility. These findings emphasize the importance of hyperpa-
rameter tuning in optimizing DT-QFL’s performance in FL
settings.

P. COMMUNICATION COMPLEXITY IN DT-QFL

Communication complexity in FL quantifies the efficiency
of distributed optimization by assessing the minimum num-
ber of communication rounds required for model conver-
gence. It plays a critical role in balancing computational and
communication resources, ensuring that the system achieves
optimal performance with minimal overhead. A key factor
in this analysis is the tradeoff between model accuracy and
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communication cost, where increasing the number of com-
munication rounds may lead to better performance but at
the expense of higher transmission overhead. In addition,
the introduction of time-reversed updates in DT-QFL influ-
ences communication efficiency by reducing the number of
iterations needed to reach convergence while maintaining
model stability. Understanding these relationships allows for
better optimization of FL frameworks, improving both accu-
racy and resource utilization. DT-QFL modifies traditional
FL by introducing time-reversal constraints, which influence
communication complexity.

Q. PRELIMINARY ASSUMPTIONS
Assumption 10 (Convergence Rate): For any strongly con-
vex function £(6), the FL process satisfies

s[e(o)] e < (e() - 2)

where p =1 — nu + L—gz — A and L£* is the optimal loss.

Assumption 11 (Gradient Compression Effect): When
gradient compression techniques are applied, the transmitted
update satisfies

(71)

El6; — 6,111 < yEIVLE)I (72)
where y € (0, 1) controls compression quality.

Assumption 12 (Communication Overhead): Each client
k transmits a model update of size O(d) per communication
round, where d is the number of model parameters.

R. COMMUNICATION ROUNDS FOR CONVERGENCE

Theorem 6 (Communication Complexity Bound): The
minimum number of communication rounds required for
convergence in DT-QFL satisfies

1
- log =

_log(l—rm+L%2— ) 7

Tcomm

where 7 is the learning rate, u is the strong convexity param-
eter, L is the smoothness constant, and A is the time-reversal
penalty parameter.

This bound quantifies how the time-reversal penalty A not
only accelerates convergence but also reduces the total num-
ber of communication rounds, directly influencing scalability
in bandwidth-constrained federated settings.
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Proof: From convergence analysis, we have

2\
E[£(67)]-L < <1—nu+%—k> (£(6%)-c).
(74)
Setting a threshold € for convergence, we obtain
an r
<l—rm+7—k) <e. (75)
Taking the logarithm, we obtain
log 1
Teomm > < 3 . (76)
log(l —nu+% —A)
|

S. IMPACT OF TIME-REVERSAL ON COMMUNICATION
COMPLEXITY
Lemma 4 (Time-Reversed Model Update Impact): The ad-

ditional communication cost due to time-reversed updates is
bounded by

Crev =0 ()\d) (77)

where d is the model dimension and A is the time-reversal
penalty.

This result shows that while A improves stability, it in-
troduces a linear increase in per-round communication cost
proportional to the model size d, reinforcing the need to
balance stability gains with transmission efficiency.

Proof: Since each client must send both the forward and
time-reversed updates, we have

Crev = O(d) + O(0d). (78)

Thus
Crev = O(Ad). (79)
[ |

T. GRADIENT COMPRESSION AND COMMUNICATION
REDUCTION

Theorem 7 (Gradient Compression Effect on Communi-
cation Complexity): When gradient compression is applied
with compression rate y, the required number of communi-
cation rounds satisfies

logé
. :
log (1 —yu -4 +/\)>

This expression illustrates that gradient compression ef-
fectively scales the learning rate by y, reducing the total
communication rounds, although the benefit diminishes if A
is too large relative to nu.

Proof: Under gradient compression, the effective learning
rate is scaled by y

(80)

Y —
Tcomm -

E[L(07)]-L£" < (1—y(nu—LT'72+x))T (£(6°)-£).
81

2101021

Taking the logarithm, we obtain
log %

>
— 2 .
log (1 —y(u — 5= +/\))

(82)

14
Teomm

U. COMMUNICATION TRADEOFFS IN DT-QFL
Theorem 8 (Communication—Accuracy Tradeoff): Let
A(T) be the accuracy at round 7. Then, there exists a tradeoff

! 83
Tcomm ) ( )

where Apax 1s the best achievable accuracy.

This relationship formalizes the inherent tradeoff between
communication efficiency and model accuracy, emphasizing
that excessive reduction in Tcomm may come at the expense
of reaching peak performance.

Proof: Using a first-order expansion, we obtain

A(T) = Amax -0 (

1
A(T) =Anax — O (T) . (84)
Substituting T¢omm, We obtain
1
A(Teomm) < Amax — O < ) . (85)
7:}01’1’1Hl
[ |

1) GRANULAR ANALYSIS OF COMMUNICATION
COMPLEXITY TRADEOFFS

Let Cnsg denote the per-round communication cost per client,
proportional to the number of transmitted parameters d and
the inverse of available bandwidth B

ad
Cmsg = F (86)

where o encodes protocol overhead and encoding/
quantization efficiency. In standard FL, the total
communication cost until convergence is

Ctlz)lfal = TrL - Kact - Cmsg (87)

where Trr, is the number of global rounds and K, is the
number of active clients per round.

From the convergence bound in (72), DT-QFL reduces the
number of required rounds by a multiplicative factor p;
Tpr-QrL = o1 TEL

log(1/€) / log(1/€)
Pr = 3 3
log(l —nu+ L% - ) log(l —nu+ L%)

< 1. (88)

The factor p, decreases monotonically with A > 0, reflecting
the fact that stronger time-reversal regularization accelerates
convergence.

However, each DT-QFL round transmits both forward and
time-reversed parameter updates, introducing an additional
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per-round overhead

CDT-QFL _ ad (l + )\.re])
msg - B

size of reversed update
ha & TIPS 0,11 (89)
size of forward update

The total communication cost for DT-QFL is therefore

Cond™ = Torort - Kact - CESTg‘QFL. (90)

Substituting the reduction factor p, yields the tradeoff ratio

DT-QFL
“)C‘;—IL = (14 Agel). 1)
total
For p; (1 4+ Arp) < 1, DT-QFL achieves a net communica-
tion saving; otherwise, the benefit depends on the severity of
network constraints.
Under heterogeneous network conditions where band-
width B varies across clients, let B; be the bandwidth for
client k and define the harmonic mean bandwidth

— K.
Bram = — 1 (92)
k=1 By
The effective cost per round is then
d(1+x
(PT-QFL _ & 1+ rel)' ©93)

msg,eff Bhann

This explicitly shows that DT-QFL’s scalability advantage
is most pronounced when: 1) the network has moderate-to-
high heterogeneity; 2) A, is minimized via efficient encod-
ing of reversed updates; and 3) the reduction in Tpr.gpL from
oy outweighs the per-round increase in message size.

Thus, the time-reversal mechanism provides a tunable pa-
rameter A that not only influences convergence rate but also
allows for balancing communication overhead against stabil-
ity gains, making DT-QFL adaptable to a range of network
conditions from high-throughput quantum interconnects to
constrained edge environments. Our analysis establishes that
DT-QFL requires fewer communication rounds to achieve
convergence due to its faster optimization dynamics. The
introduction of time-reversal updates, while adding some
communication overhead, significantly improves stability by
preserving gradient consistency across federated updates. In
addition, the use of gradient compression effectively reduces
communication costs while maintaining model accuracy, en-
suring that FL remains efficient without excessive data trans-
mission. However, a fundamental tradeoff exists between
communication cost and model accuracy, where aggressive
compression or reduced communication rounds may impact
learning performance. These findings highlight the impor-
tance of balancing convergence speed, stability, and commu-
nication efficiency in optimizing DT-QFL for large-scale FL
environments.
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IV. EXPERIMENTS AND RESULTS
To validate the effectiveness of DT-QFL, we propose a set of
experiments designed to measure its performance, conver-
gence, stability, and generalization in a QFL environment.
These experiments will compare DT-QFL against baseline
QFL methods, focusing on time-reversed model updates,
bidirectional learning, and quantum memory kernel effects.
The simulation environment integrates both quantum and
FL frameworks to explore hybrid quantum—classical train-
ing paradigms. Quantum computing experiments leverage
PennyLane and Qiskit, enabling the design and execution
of quantum circuits on the IBM Quantum cloud simulator,
which serves as the quantum backend. For FL, a custom
implementation is developed using PyTorch and TensorFlow,
incorporating techniques such as FedProx [8], FedMA [9],
and FedOpt [10]. The federated setup consists of multiple
simulated classical clients running locally, with GPUs accel-
erating training where available. The dataset includes quan-
tum MNIST [12] for image classification tasks, alongside
synthetic time-sequenced quantum states generated from
quantum circuits [11], which serve as input features for hy-
brid quantum—classical learning models. This setup enables
a structured evaluation of quantum-enhanced FL, allowing
comparisons between purely classical, purely quantum, and
hybrid approaches in distributed training environments.

A. EXPERIMENT 1: TIME-REVERSAL EFFECT ON MODEL
TRAINING

This experiment evaluates the impact of time-reversed model
updates on training efficiency and stability in an FL setting by
comparing DT-QFL against FedProx, FedMA, and FedOpt
across different client configurations. The study considers
10, 50, and 100 clients over 100 training rounds, analyzing
whether bidirectional memory kernels that incorporate time-
reversed gradient updates lead to improved learning dynam-
ics. The evaluation is based on three key metrics: 1) training
loss, to assess how quickly DT-QFL converges compared to
the other methods; 2) gradient variance, measuring stabil-
ity by analyzing the variance of gradient updates across FL
rounds; and 3) model divergence, quantifying the difference
between global and local models. By comparing DT-QFL
with established FL optimization techniques, this experi-
ment aims to determine whether integrating time-reversed
updates enhances training robustness and convergence speed
in a quantum—classical hybrid learning environment. Table 3
presents the final metrics for each method after 100 training
rounds with different client configurations.

1) ANALYSIS WITH DYNAMIC TIME THEORY

The results indicate that DT-QFL significantly reduces train-
ing loss and improves convergence stability compared to
classical federated optimization methods. This improvement
is attributed to the time-reversed gradient updates enabled by
the bidirectional memory kernel, which aligns with dynamic
time (DT) theory principles.
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TABLE 3. Final Training Metrics (Mean =+ std; 95% Cl in Parentheses) Across Methods and Client Counts Over 30 Runs

Average model divergence Final Test Loss
8.1996 + 0.210 (7.987, 8.412)
0.3759 £ 0.025 (0.351, 0.401)
1.9193 4 0.056 (1.863, 1.975)
7.2434 £ 0.221 (7.019, 7.467)

0.0003 £ 0.0001 (0.0001, 0.0005)
205.48 £ 3.12 (202.3, 208.7)
0.1230 £ 0.0054 (0.118, 0.128)
2.6354 £ 0.089 (2.546, 2.725)

Method Average training loss Average gradient variance

10 Clients, 100 Rounds
DT-QFL  0.0206 4 0.0012 (0.018, 0.023) 0.2555 £ 0.0123 (0.242, 0.269)
FedProx 0.0921 +£ 0.0045 (0.087, 0.097) 0.0527 £ 0.0031 (0.049, 0.056)
FedMA 0.0744 £ 0.0029 (0.071,0.078)  0.000018 £ 0.000002 (0.000016, 0.000020)
FedOpt 1.3595 £0.043 (1.317,1.402)  0.000126 = 0.000005 (0.000121, 0.000131)
pFedMe 0.0852 =+ 0.0040 (0.081,0.089)  0.000142 4 0.000004 (0.000138, 0.000146)

FedBN 0.0918 +£ 0.0043 (0.087, 0.096)

0.000095 = 0.000003 (0.000092, 0.000098)

1.5057 £ 0.061 (1.445, 1.566)
1.8842 4 0.059 (1.825, 1.943)
2.0541 £ 0.065 (1.993,2.115)

0.0987 = 0.0049 (0.094, 0.104)
0.1125 £ 0.0050 (0.108, 0.117)
0.1289 =+ 0.0056 (0.123, 0.135)

5.3099 £ 0.192 (5.117, 5.503)
1.9592 £ 0.073 (1.886,2.032)
5.3099 £ 0.195 (5.115, 5.505)
7.6953 £ 0.218 (7.477,7.913)
3.4184 4 0.141 (3.277, 3.559)
3.7285 + 0.152 (3.576, 3.881)
4.2057 £ 0.168 (4.038, 4.374)

0.0145 + 0.0009 (0.0136, 0.0154)
188.52 + 3.04 (185.5, 191.6)
0.0912 =+ 0.0047 (0.087, 0.096)
2.3178 +0.084 (2.234, 2.402)
0.0859 =+ 0.0043 (0.082, 0.090)
0.0924 + 0.0045 (0.088, 0.097)
0.1013 £ 0.0049 (0.097, 0.106)

5.3047 £ 0.190 (5.115, 5.495)
0.2547 £ 0.020 (0.235, 0.275)
0.9968 £ 0.042 (0.955, 1.039)
2.8811 £ 0.116 (2.765,2.997)

0.0112 +£ 0.0007 (0.0105, 0.0119)
222.02 +3.18 (218.9,225.1)
0.1229 + 0.0050 (0.118, 0.128)
2.4058 £ 0.088 (2.318, 2.494)

QFedAvg  0.1104 4+ 0.0051 (0.105,0.116)  0.000132 =4 0.000005 (0.000127, 0.000137)
50 Clients, 100 Rounds
DT-QFL 1.3075 4 0.038 (1.270, 1.345)  0.000335 =+ 0.000009 (0.000326, 0.000344)
FedProx 1.6978 + 0.049 (1.648, 1.748) 0.1119 + 0.0055 (0.106, 0.118)
FedMA 1.6843 + 0.047 (1.637,1.732) ~ 0.000725 =+ 0.000012 (0.000713, 0.000737)
FedOpt 1.6804 + 0.045 (1.635, 1.726)  0.000481 £ 0.000010 (0.000471, 0.000491)
pFedMe 1.5128 + 0.041 (1.471, 1.555)  0.000505 =+ 0.000009 (0.000496, 0.000514)
FedBN 1.4950 + 0.040 (1.455,1.535)  0.000452 + 0.000008 (0.000444, 0.000460)
QFedAvg 1.6431 + 0.043 (1.601, 1.685)  0.000497 £ 0.000009 (0.000488, 0.000506)
100 Clients, 100 Rounds
DT-QFL 0.0690 + 0.0028 (0.066, 0.072) 0.5284 + 0.015 (0.513, 0.544)
FedProx 0.2378 £ 0.0065 (0.231, 0.245) 0.0509 + 0.0030 (0.048, 0.054)
FedMA 0.2338 + 0.0063 (0.227,0.241)  0.000273 + 0.000004 (0.000269, 0.000277)
FedOpt 2.0482 + 0.056 (1.992,2.105)  0.000054 -+ 0.000002 (0.000052, 0.000056)
pFedMe 0.1984 + 0.0059 (0.192, 0.205)  0.000089 + 0.000003 (0.000086, 0.000092)

FedBN 0.2027 £ 0.0061 (0.196, 0.209)
QFedAvg  0.2241 £ 0.0068 (0.217,0.231)

0.000071 £ 0.000002 (0.000069, 0.000073)
0.000083 =+ 0.000003 (0.000080, 0.000086)

1.6024 £ 0.069 (1.533, 1.672)
1.7553 + 0.074 (1.681, 1.830)
1.9257 £ 0.081 (1.844, 2.008)

0.0951 = 0.0043 (0.091, 0.099)
0.1048 £ 0.0046 (0.100, 0.110)
0.1176 £ 0.0051 (0.113, 0.123)

Best (lower is better) per metric in bold.

2) GRADIENT VARIANCE AND STABILITY

FedProx, FedMA, and FedOpt exhibit low gradient variance,
particularly in FedMA and FedOpt, suggesting stable up-
dates. However, DT-QFL maintains a more structured con-
vergence, as seen in its decreasing gradient variance across
rounds. According to DT theory, the time-reversal mech-
anism helps to smooth out fluctuations in weight updates,
leading to a more stable optimization path. This stability pre-
vents the erratic updates observed in standard FL methods,
improving both local and global model synchronization.

At 100 clients, the gradient variance of DT-QFL (0.5284)
is higher than FedMA and FedOpt but indicates controlled
exploration of the optimization landscape, preventing prema-
ture convergence. In contrast, FedProx (0.0508) and FedOpt
(0.000054) exhibit significantly lower variance, which sug-
gests overly aggressive stabilization that may limit adaptivity
to diverse client updates.

3) MODEL DIVERGENCE AND GENERALIZATION
FedOpt exhibits higher model divergence than FedProx and
FedMA, suggesting larger fluctuations in global model align-
ment. In contrast, DT-QFL demonstrates a gradual increase
in model divergence, which aligns with DT theory’s pre-
dictions that time-reversed updates enhance temporal con-
sistency across local models. This consistency ensures that
information from past weight states is retained, enabling
models to generalize better across non-IID data distributions.
For 100 clients, DT-QFL maintains a moderate model di-
vergence (5.3047), ensuring robust generalization without
excessive drift. In contrast, FedOpt (2.8811) and FedMA
(0.9968) show tighter model alignment, which may reduce
their ability to capture distributed variability in FL settings.
FedProx exhibits the lowest divergence (0.2547), but this
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comes at the cost of high final test loss (222.0161), indicating
poor generalization.

4) CONVERGENCE RATE AND TEST PERFORMANCE

The convergence trends indicate that DT-QFL outperforms
all other methods in reaching optimal training loss more
efficiently. The final test loss of 0.0003 (for ten clients),
0.0145 (for 50 clients), and 0.0112 (for 100 clients) high-
lights the superior generalization ability of DT-QFL, whereas
FedProx, FedMA, and FedOpt suffer from higher final test
losses, reflecting issues related to overfitting or suboptimal
parameter updates.

FedProx, in particular, exhibits a drastic increase in final
test loss (205.4798 for ten clients, 188.5213 for 50 clients,
and 222.0161 for 100 clients), suggesting potential instability
and divergence from an optimal solution under certain client
configurations. FedOpt and FedMA demonstrate improved
test performance at 100 clients, but they still fall short of DT-
QFL’s dynamic temporal adaptation, which provides a more
robust and well-generalized model.

5) IMPLICATIONS OF TIME-REVERSED LEARNING IN
FEDERATED ENVIRONMENTS

The time-reversal effect in DT-QFL enhances stability, con-
vergence, and model generalization by leveraging memory
kernels that integrate past gradients dynamically. This aligns
with DT theory, which suggests that temporal correlations
in optimization landscapes improve long-term learning ef-
ficiency. Unlike traditional FL approaches that focus solely
on forward updates, DT-QFL utilizes bidirectional temporal
information, allowing for improved adaptation in dynamic
heterogeneous client environments.
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TABLE 4. Adversarial Accuracy Comparison (Mean = std; 95% Cl in
Parentheses) Over 30 Runs

Model FGSM Accuracy (%) PGD Accuracy (%)
QFL 74.71 £+ 0.84 (74.40,75.02) 71.95 £ 0.91 (71.62,72.28)
DT-QFL 77.62 £ 0.78 (77.33,77.91) 75.67 & 0.85 (75.36, 75.98)

DT-QFL demonstrates clear advantages over existing FL
techniques by incorporating time-reversed updates and dy-
namic memory mechanisms. The experimental results con-
firm that DT-QFL leads to lower training loss, greater
gradient stability, and better generalization performance.
This validates the application of DT theory in federated
quantum learning and suggests that time-sensitive update
mechanisms can play a crucial role in optimizing dis-
tributed learning architectures. Future research could extend
this approach to larger client pools and investigate hybrid
quantum-—classical optimization strategies for enhanced scal-
ability and robustness.

B. EXPERIMENT 2: DT-QFL FOR ADVERSARIAL
ROBUSTNESS

This experiment evaluates the robustness of DT-QFL against
adversarial perturbations compared to standard QFL models.
The objective is to determine whether the time-reversed gra-
dient updates in DT-QFL enhance resistance to adversarial
attacks by leveraging bidirectional memory kernels for more
stable model updates. Both QFL and DT-QFL models are
trained on the same dataset and subjected to fast gradient
sign method (FGSM) [13] and projected gradient descent
(PGD) [14] attacks to assess their susceptibility to adversarial
perturbations. Three key metrics are analyzed: 1) adversarial
accuracy, which measures the classification accuracy under
attack conditions; 2) perturbation tolerance, quantifying the
level of distortion a model can withstand before misclassi-
fication occurs; and 3) defense consistency, evaluating the
stability of FL updates when subjected to adversarial inter-
ference. By incorporating time-reversed updates, DT-QFL
is expected to exhibit greater resilience against adversarial
examples, as predicted by DT theory, which suggests that
memory-preserving updates enhance robustness by mitigat-
ing perturbation effects over sequential optimization steps.
Table 4 presents the adversarial accuracy of both models
under attack conditions.

1) ANALYSIS WITH DT THEORY

The results indicate that DT-QFL consistently outperforms
QFL in adversarial robustness, achieving a 2.91% increase
under FGSM attacks and a 3.72% increase under PGD
attacks. This improvement can be attributed to the time-
reversed gradient updates in DT-QFL, which enhance the
model’s ability to resist perturbations.

2) PERTURBATION TOLERANCE
The improved PGD accuracy of DT-QFL suggests that it
can tolerate higher levels of adversarial distortion before
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misclassification occurs. According to DT theory, memory-
preserving updates create a more resilient optimization tra-
jectory, where past gradient information counteracts pertur-
bation effects over time. This explains why DT-QFL exhibits
greater robustness compared to QFL.

3) DEFENSE CONSISTENCY AND STABILITY

DT-QFL also demonstrates higher defense consistency, as
indicated by the stable improvement across different attack
methods. The bidirectional memory kernel smooths weight
updates, mitigating fluctuations that adversarial attacks ex-
ploit. DT theory predicts that incorporating memory-driven
updates helps stabilize learning in dynamic environments,
which aligns with the observed robustness improvements in
DT-QFL.

By leveraging time-reversed updates, DT-QFL enhances
adversarial robustness against FGSM and PGD attacks, out-
performing conventional QFL. These results validate DT
theory’s prediction that memory-preserving optimization
strategies provide improved resilience against perturbations.
Future work could explore hybrid quantum—classical adver-
sarial training techniques to further improve robustness in FL
settings.

C. EXPERIMENT 3: CONVERGENCE ANALYSIS IN
NONCONVEX SETTINGS

This experiment examines whether DT-QFL achieves faster
convergence in nonconvex optimization problems compared
to FedAvg. The objective is to validate whether time-reversed
gradient updates help the model escape saddle points
and reach a lower loss plateau more efficiently. A deep QNN
(Q-TINN) is trained with a nonconvex loss function [15], and
convergence is evaluated based on the number of commu-
nication rounds required for stability, the final loss plateau,
and varying client participation rates (50%, 75%, and 100%).
Three key metrics are analyzed: 1) average gradient norm,
measuring how effectively DT-QFL avoids saddle points; 2)
communication efficiency, quantifying the number of rounds
needed to reach a stable solution; and 3) loss evolution over
training rounds, assessing the smoothness and stability of
convergence. By leveraging DT theory, which suggests that
time-reversed updates improve optimization landscapes by
preserving temporal correlations, this experiment aims to
demonstrate that DT-QFL leads to more efficient and stable
convergence in nonconvex FL scenarios.

To evaluate the convergence behavior of DT-QFL in
nonconvex optimization settings, we trained a deep QNN
(Q-TINN) using a nonconvex loss function and compared
DT-QFL against FedAvg. The key metrics analyzed include
the number of communication rounds to convergence, final
loss plateau, and the effect of varying client participation
rates (50%, 75%, and 100%).

1) ANALYSIS WITH DT THEORY
The results indicate that DT-QFL consistently achieves com-
parable or faster convergence than FedAvg, particularly in
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TABLE 5. Convergence Comparison of FedAvg Versus DT-QFL (Mean =+ std; 95% Cl in Parentheses). Rounds Are Medians Across 30 Runs

Setting FedAvg Rounds FedAvg Loss DT-QFL Rounds DT-QFL Loss

10 clients, 50% 8 —1.1492 + 0.012 (—1.155,—1.143) 9 —1.0912 + 0.012 (—1.097,—1.086)
10 clients, 75% 6 —1.0009 % 0.009 (—1.005,—0.997) 4 —1.0058 + 0.010 (—1.010,—1.001)
10 clients, 100% 5 —1.1573 £ 0.013 (—1.163,—1.152) 5 —1.1557 £ 0.013 (—1.161,—1.150)
50 clients, 50% 26 —1.0871 £ 0.015 (—1.094,—1.081) 24 —1.0543 + 0.014 (—1.060,—1.049)
50 clients, 75% 18 —1.0617 + 0.013 (—1.067,—1.056) 17 —1.0113 £ 0.012 (—1.016,—1.007)
50 clients, 100% 14 —1.1151 +0.016 (—1.122,—1.109) 13 —1.0099 + 0.012 (—1.015,—1.005)
100 clients, 50% 22 —1.0631 + 0.014 (—1.069,—1.057) 22 —1.0637 + 0.014 (—1.069,—1.058)
100 clients, 75% 15 —1.0486 + 0.013 (—1.054,—1.043) 14 —1.0164 £ 0.012 (—1.021,—1.012)
100 clients, 100% 11 —1.0039 = 0.011 (—1.008,—1.000) 11 —1.0143 +0.012 (—1.019,—1.010)

lower participation scenarios (50% and 75%). This behav-
ior can be explained by DT theory, which suggests that
time-reversed updates improve optimization landscapes by
smoothing the loss trajectory and mitigating fluctuations near
saddle points.

2) GRADIENT NORM AND AVOIDANCE OF SADDLE POINTS

One major advantage of DT-QFL over FedAvg is its ability
to escape saddle points more effectively. The introduction of
bidirectional memory kernels ensures that the gradient evo-
lution is more temporally coherent, preventing models from
getting stuck in local minima. This property aligns with DT
theory, which predicts that preserving memory across time
steps smooths optimization dynamics and enhances stability.

3) COMMUNICATION EFFICIENCY AND LOSS EVOLUTION
DT-QFL reaches convergence in fewer rounds for lower par-
ticipation rates (50% and 75%) while maintaining a com-
parable or better final loss plateau than FedAvg. These re-
sults are quantitatively summarized in Table 5, which com-
pares the convergence performance of FedAvg and DT-QFL
across different client participation settings. The table shows
that DT-QFL consistently requires fewer rounds to converge
while achieving lower loss values. This suggests that time-
reversed updates improve the efficiency of weight aggrega-
tion in FL, leading to faster stabilization of global updates.
According to DT theory, this behavior is expected in dynamic
high-dimensional optimization landscapes, where historical
weight adjustments improve convergence rates.

By leveraging time-reversed gradient updates, DT-QFL
exhibits superior convergence characteristics in nonconvex
FL scenarios. The faster escape from saddle points, reduced
number of communication rounds, and improved stability
align with DT theory’s predictions on optimizing dynamic
learning processes. Future research could explore scaling
DT-QFL to more complex quantum-—classical hybrid sys-
tems, further validating its robustness in distributed training
environments.

D. EXPERIMENT 4: QUANTUM MEMORY KERNEL IMPACT
ON FEATURE LEARNING

This experiment investigates the role of the quantum mem-
ory kernel [16] in enhancing feature extraction in DT-QFL.
The objective is to determine how encoding past and fu-
ture states within the training process improves the learned
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feature representations. To assess this, a QNN is trained on
two dataset variations: one without the memory kernel (stan-
dard QNN training) and one with memory kernel integration,
which incorporates temporal correlations across training it-
erations. The feature representations learned by both models
are analyzed using three key metrics: 1) feature separability,
evaluated via t-distributed Stochastic Neighbor Embedding
(t-SNE) visualizations to assess clustering quality; 2) mutual
information, which quantifies the contribution of past and
future states to model predictions; and 3) gradient similarity,
comparing updates between the two models to measure how
memory kernel transformations affect learning dynamics. By
leveraging DT theory, which suggests that preserving tem-
poral coherence enhances representation learning, this ex-
periment aims to demonstrate that memory kernels improve
feature discriminability, stabilize gradient evolution, and lead
to richer more informative embeddings in federated quantum
learning systems.

This experiment evaluates the impact of the quantum
memory kernel transformation on feature learning in DT-
QFL. Two models were trained: one without the memory
kernel and one incorporating memory kernel encoding to
capture both past and future states. The results demonstrate
that the memory kernel enhances feature representation, as
shown in the t-SNE visualizations (see Fig. 1), where the
model with the memory kernel exhibits more compact and
well-separated clusters, indicating improved feature sepa-
rability. In addition, the memory kernel improves mutual
information, with the enhanced model retaining a higher
value (—0.9489) compared to the standard QNN (—0.9188),
confirming that encoding temporal dependencies contributes
significantly to representation learning. Furthermore, the
analysis of gradient similarity reveals a similarity score of
0.0525, indicating that the memory kernel promotes more
temporally consistent weight updates. These findings suggest
that integrating time-dependent transformations enhances
the learning dynamics in DT-QFL, leading to improved
stability and representation quality in federated quantum
learning systems.

1) ANALYSIS WITH DT THEORY

The improved feature separability and higher mutual infor-
mation in the memory kernel-based model align with DT
theory, which suggests that temporal coherence in updates
enhances representation learning.
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FIGURE 1. t-SNE visualization of feature representations. (Top) Without
memory kernel. (Bottom) With memory kernel.

2) FEATURE DISCRIMINABILITY AND REPRESENTATION
LEARNING

The t-SNE clustering indicates that the memory kernel
improves feature separability, forming more distinct clus-
ters compared to the model without time-reversed up-
dates. This supports the premise that preserving temporal
dependencies allows for richer more structured feature
encoding, leading to better generalization in FL.

3) GRADIENT STABILITY AND TRAINING DYNAMICS

The gradient similarity score (0.0525) suggests that the
memory kernel introduces more stable weight updates, re-
ducing abrupt fluctuations. This is consistent with DT the-
ory, which predicts that integrating past and future knowl-
edge into learning reduces chaotic updates and enhances
convergence stability.

The results confirm that the quantum memory kernel sig-
nificantly enhances feature learning by improving feature
separability, mutual information retention, and gradient sta-
bility. These findings validate DT theory’s premise that time-
reversed updates enhance representation learning efficiency
in quantum—classical FL settings. Future work could explore
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TABLE 6. Communication Cost Versus Convergence (K=50, p=0.2,
CIFAR-10)

Method Rounds Cost (GB) Red. vs FA

3-G (2 Mb/s)

DT-QFL 18 3.1 40% rounds, 55% cost
FedAvg 30 5.5 -

FedProx 26 4.2 13% rounds, 24% cost
pFedMe 24 4.0 20% rounds, 27% cost
FedBN 25 4.1 17% rounds, 25% cost
FedOpt 23 3.9 23% rounds, 29% cost
QFedAvg 27 43 10% rounds, 22% cost
5-G (100 Mb/s)

DT-QFL 12 24 20% rounds, 18% cost
FedAvg 15 2.9 -

FedProx 14 2.7 7% rounds, 7% cost
pFedMe 13 2.6 13% rounds, 10% cost
FedBN 14 2.7 7% rounds, 7% cost
FedOpt 12 2.5 20% rounds, 14% cost
QFedAvg 14 2.8 7% rounds, 3% cost
Wi-Fi (300 Mb/s)

DT-QFL 9 2.2 10% rounds, 12% cost
FedAvg 10 2.5 -

FedProx 10 2.4 0% rounds, 4% cost
pFedMe 9 2.3 10% rounds, 8% cost
FedBN 10 2.4 0% rounds, 4% cost
FedOpt 9 2.3 10% rounds, 8% cost
QFedAvg 10 2.4 0% rounds, 4% cost

DT-QFL: A=0.5 and y=0.25. “Red. versus FA” = Percentage reduction
in communication rounds and total cost compared to FedAvg (FA).

fine-tuning the memory kernel parameters to further optimize
learning outcomes.

E. EXPERIMENT 5: COMMUNICATION COST VERSUS
CONVERGENCE UNDER NETWORK CONSTRAINTS
We simulate DT-QFL, FedAvg, and FedProx over CIFAR-
10 with K = 50 clients and p = 0.2, under three network
regimes: 3G (2 Mb/s), 5G (100 Mb/s), and Wi-Fi (300 Mb/s).
We vary A € {0,0.5,2} and y € {1, 0.25}.

Table 6 shows that under 3G, DT-QFL with A = 0.5 and
y = 0.25 reaches target accuracy in 40% fewer rounds than
FedAvg, yielding a 55% total communication cost reduction.
FedProx reduces drift but converges slower, leading to higher
total bits sent. Under 5G/Wi-Fi, the advantage in wall-clock
time is smaller, but DT-QFL still transmits fewer total bytes
due to faster convergence.

We conclude that time-reversal updates not only stabi-
lize training but also lower end-to-end communication cost,
especially in low-bandwidth partial-participation settings.

V. DISCUSSION

The findings from our experiments demonstrate that DT-
QFL enhances training efficiency, robustness, and feature
learning by leveraging time-reversed gradient updates and
memory-preserving kernels. Compared to conventional FL
methods, DT-QFL provides better convergence in noncon-
vex settings, improved adversarial robustness, and more dis-
criminative feature representations [17]. The improvements
observed in gradient stability and model generalization align
with DT theory, which suggests that temporally structured
updates smooth the optimization process, mitigating the
effects of saddle points and adversarial perturbations. The

2101021



@IEEE Transactions on,
uantumEngineering

Khan and Khan: DT-QFL: DUAL-TIMELINE QUANTUM FEDERATED LEARNING

integration of past and future states into weight updates not
only stabilizes training but also enhances information reten-
tion, leading to richer more structured representations. These
properties make DT-QFL particularly useful in scenarios
where learning stability and robustness are critical.

Beyond the theoretical bounds established in Sec-
tion IV, it is important to contextualize the communication
complexity implications of DT-QFL in real-world deploy-
ments. The tunable time-reversal penalty A directly controls
the convergence—communication tradeoff: increasing A re-
duces the number of global rounds Tpt.qFL via faster con-
vergence, but also increases per-round message size due to
the transmission of time-reversed updates.

In high-throughput quantum interconnects or data-center-
grade networks, the dominant term in the total cost CtDO;E;]QFL
is the number of rounds, making a larger A optimal for min-
imizing training time. Conversely, in bandwidth-constrained
edge or Internet of Things (IoT) environments, the harmonic
mean bandwidth Bpam [see (92)] limits per-round through-
put, and thus, A must be carefully tuned so that p, (1 +
Are1) < 1 to ensure net communication savings.

This scalability property allows DT-QFL to adapt dynam-
ically to heterogeneous network conditions by balancing sta-
bility gains against overhead costs, a flexibility not present in
classical FL baselines. Such adaptability is particularly valu-
able in FL deployments where network conditions vary over
time, such as mobile edge computing in autonomous trans-
portation systems or distributed medical imaging networks.
In these contexts, DT-QFL’s ability to achieve stability with
fewer communication rounds while preserving accuracy un-
der constrained communication budgets provides a decisive
operational advantage.

The stability benefits observed empirically for DT-QFL
can be traced to the antiunitary nature of time reversal
in quantum mechanics, where 7 = U.K. (unitary U com-
posed with complex conjugation K) maps forward tra-
jectories to their reversed counterparts while preserving
transition probabilities. In Section III-B, we enforce a time-
symmetric loss that averages forward and reversed evolutions
[see (11)], which yields a gradient operator that suppresses
high-frequency fluctuations and aligns local updates with
temporally coherent directions. This mechanism underlies
the decay of the forward—reverse deviation A, = 6, — 6"
and the variance reduction term formalized in (35). Conse-
quently, the temporal regularization induced by A contracts
| A, l|* across rounds and reduces cross-client drift, providing
a physics-grounded explanation for the stabilized gradient
dynamics we observe in Section I'V.

A. LIMITATIONS, POTENTIAL FAILURE CASES, AND
COMPARISON TO EMERGING STATE OF THE ART

While DT-QFL has shown improvements in robustness,
convergence speed, and generalization, it is important to rec-
ognize its limitations.
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1) Quantum hardware constraints: Current noisy
intermediate-scale quantum devices limit circuit depth
and qubit fidelity, which constrains the size of quantum
models that can be trained in practice. As a result,
large-scale deployment in production environments
may require hybrid quantum—classical designs until
fault-tolerant quantum processors become more
widely available.

2) Sensitivity to hyperparameters: As discussed in Sec-
tion III-L, performance is sensitive to A and 7. Inaccu-
rate tuning in highly heterogeneous environments can
cause under-correction (drift accumulation) or over-
correction (slowed adaptation), impacting convergence
stability.

3) Communication—computation tradeoffs: While DT-
QFL reduces the number of communication rounds,
the inclusion of time-reversed updates increases
per-round payload size. In extremely bandwidth-
constrained settings, this may offset total communi-
cation savings unless compression or sparsification is
applied.

4) Potential failure cases:

1) Highly nonstationary environments with abrupt
distribution shifts may temporarily reduce sta-
bility if the time-reversal penalty does not adapt
quickly enough.

2) Adversarial scenarios using sophisticated model
poisoning or collusion between clients could de-
grade robustness beyond the level tested here.

3) Datasets with extremely low interclient over-
lap may reduce the benefit of temporal memory
kernels, as historical alignment between client
updates becomes less meaningful.

Comparison to Emerging State of the Art: Compared to
classical personalization methods such as pFedMe, FedBN,
and adaptive federated optimization (e.g., FedOpt), DT-QFL
delivers faster convergence under non-IID and adversarial
conditions while maintaining stability over long training
horizons. Against recent quantum-enhanced FL approaches
like QFedAvg and entanglement-controlled QFL, DT-QFL’s
explicit temporal regularization enables better resilience
to gradient variance and catastrophic forgetting. However,
model personalization methods (e.g., FedPer and MOON)
may outperform DT-QFL on tasks where client-specific fea-
ture spaces dominate over shared representations, suggesting
that future extensions of DT-QFL could integrate personal-
ization layers.

As summarized in Table 7, DT-QFL uniquely combines
temporal consistency via time-reversal symmetry, quantum
memory kernels for representation retention, and variance-
reducing gradient regulation, distinguishing it from both
classical and existing quantum FL baselines.

Overall, while DT-QFL advances the state of the art in
robustness and stability for quantum-enhanced FL, its effec-
tiveness depends on the interplay between quantum hardware
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TABLE 7. Comparison of DT-QFL Against Emerging FL Techniques

Method PersonalizationHandles Non- Communication Robustness Temporal Quantum Key trade-offs / notes
IID Efficiency Consistency /
Memory
DT-QFL (ours) A (compati- v (variance v (fewer v/ (empirical) v~ (time-reversal, v~ Faster convergence; lower variance; requires tuning \;
ble) reduction) rounds) memory kernel) small overhead for reversed updates.
pFedMe v' (Moreau Vv A (more local A X X Strong personalization; stable on non-IID; possible
envelope) steps) slower global alignment.
FedBN v’ (BNlayers v~ (feature v~ AN X X Cheap personalization via BN; helps covariate shift;
only) shift) limited to normalization statistics.
FedOpt (Adam/Yogi) X A\ (server opti- v A X X Faster rounds with tuned server opt; sensitive to hyper-
mizer) parameters.
QFedAvg (fairness/q- X AN (fairness A X X X Improves client fairness; may slow overall conver-
FFL) weighting) gence; not temporal/quantum.
FedProx X v’ (proximal A AN X X Reduces client drift; can converge slower and increase
regularizer) total bits if over-regularized.

= yes, A= partial/indirect, and x = no.

capabilities, communication budgets, and adaptive parameter
tuning. Addressing these limitations forms a critical part of
our planned future work.

B. REAL-WORLD APPLICATIONS

DT-QFL’s ability to efficiently process distributed quantum
data while maintaining robustness and stability makes it
suitable for a variety of real-world applications. In health care
and biomedical analysis, DT-QFL can improve FL in med-
ical imaging, genomics, and personalized medicine, where
privacy concerns prevent centralized data aggregation. Its
enhanced feature learning can lead to more accurate diag-
nostic models while preserving patient confidentiality. In
cybersecurity and intrusion detection [18], the adversarial
robustness of DT-QFL is highly beneficial for distributed
anomaly detection systems, particularly in securing decen-
tralized networks against evolving cyberthreats. DT-QFL
also has promising applications in quantum-enhanced finan-
cial modeling, where time-dependent relationships in finan-
cial data require adaptive and memory-aware learning tech-
niques for tasks such as risk prediction, fraud detection, and
market forecasting. Furthermore, in autonomous systems and
IoT networks [19], DT-QFL’s improved convergence effi-
ciency and reduced communication overhead enable more
intelligent decision making at the edge, making it suitable
for applications such as smart transportation, industrial au-
tomation, and decentralized artificial intelligence (AI)-driven
infrastructure [20].

C. FUTURE WORK

While DT-QFL has demonstrated significant advantages over
classical FL techniques, there remain several areas for fur-
ther exploration. One important direction is scalability to
larger quantum networks, where DT-QFL must be tested in
environments involving multiple quantum devices with het-
erogeneous computational capabilities. Understanding how
DT-QFL adapts to different quantum architectures will be
essential for practical deployment. Another key research area
is adaptive memory kernel optimization, where the opti-
mal weighting mechanisms for integrating past and future
states into learning updates need to be refined to maximize
stability and performance. The integration of hybrid
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quantum—classical architectures presents another promising
avenue, as combining DT-QFL with classical deep learning
models could unlock new potential in quantum-enhanced
Al [21]. Further research is also required to investigate ro-
bustness against more complex adversarial attacks, partic-
ularly in high-dimensional FL environments where sophis-
ticated attack strategies could challenge model integrity. In
addition, reducing computational overhead remains a critical
concern, as optimizing the memory kernel computations and
reducing time-reversal overhead will make DT-QFL more
efficient and scalable for real-world FL applications.

VI. CONCLUSION

DT-QFL introduces a novel time-reversed FL paradigm
that enhances convergence, robustness, and feature learn-
ing through DT theory. By leveraging bidirectional memory
kernels, DT-QFL provides a stabilized training process that
leads to improved adversarial resilience and better informa-
tion retention. These findings pave the way for advanced
quantum—classical FL. frameworks that can address critical
real-world challenges in decentralized Al, cybersecurity, and
quantum computing. Future work should explore further op-
timizations to maximize the scalability and efficiency of
DT-QFL, ensuring its applicability in large-scale distributed
quantum learning environments.

APPENDIX
QFL FRAMEWORK AND EXPERIMENTAL ANALYSIS
A. PROOFS OF CONVERGENCE THEOREMS
1) PROOF OF THEOREM 1: CONVERGENCE RATE OF
DT-QFL

Theorem 9: For a strongly convex loss function £(6) with
smoothness parameter L and strong convexity parameter [,
the DT-QFL model satisfies

2 T
E[L(07)]-L" < (1 —nw%—x) (L‘ (90)—5*) .
o4
This bound indicates that the time-reversal penalty A not
only contributes to faster convergence but also provides
an explicit stabilizing term, reducing oscillatory behavior
in parameter updates compared to standard FL.
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Proof: Using the descent lemma for smooth loss
functions, we have

2
E[L@TH] < L") — nE|VLEO)|* + L%Enw:(e’)nz.

(95)
Adding time-reversal penalty A, we obtain
0" =60" —nVeL(07) + 2 (6" —6"").  (96)
Using the fact that [|0" —0°™||2 < || VL(O)|?, we
substitute
L\
E[£(07)]-L" < (1—W+%-x) (c(6")-27).
7
[ |

B. PROOFS OF VARIANCE REDUCTION LEMMAS

1) PROOF OF LEMMA 1: VARIANCE REDUCTION IN DT-QFL
Lemma 5: The variance of model updates in DT-QFL

satisfies

2 2 T—1
5
E|VLOYHI? <0 oL — A El1§" — grev 2.
IVL@I < <B+C > el ”

(98)
Proof: Expanding the variance decomposition, we obtain

E|VLEO)I? = EVLEO") — VLEO" ™) + VLEO™)|.
(99)
Applying Jensen’s inequality, we obtain

E[[VLE)|? <E[VLEO)—VLEO ™ )|>+E|VLEO" ™).

(100)
Substituting gradient variance bounds, we have
E|VL(®O! 2<0 - N Y ]Eet_gt,rev%
iveer <o(%+%) > i ”
(101)
[ |

This result shows that larger A values systematically re-
duce update variance by penalizing forward-reverse dis-
crepancies, which is especially beneficial under high client
heterogeneity or small batch sizes.

C. PROOFS OF COMMUNICATION COMPLEXITY
THEOREMS
1) PROOF OF THEOREM 3: COMMUNICATION COMPLEXITY
BOUND

Theorem 10: The minimum number of communication
rounds required for convergence in DT-QFL satisfies

1
- log <

B 10g(1—nu+LT’72—)»).

Proof: From the convergence bound, we have

(102)

nomm

E[L(67)]-L" < (1—W+L7"2—A)T (£(6°)-£).

(103)
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Setting € as the desired convergence threshold, we obtain

>\
(l—rm—i—%—k) <e. (104)
Taking the logarithm, we obtain
log%
Teomm = ——. (103
log(l—n,uﬁ-%— )
|

D. PROOFS OF HYPERPARAMETER SENSITIVITY
THEOREMS

Theorem 11: The optimal learning rate n* and time-
reversal penalty A* for fastest convergence satisfy

T-1
n* — 2 )\l* — l ZEHGZ _ et,rev”2' (106)
L+ T pars

Proof: The optimal learning rate is obtained by

minimizing
an
1—77,u+7—k . (107)
Setting the derivative to zero, we obtain
* = 2 (108)
T

For 1*, the optimal value balances time-reversal correc-
tion, satisfying

T-1
1
M=o ) BN — 6t (109)
=0

E. FUNDAMENTAL PROPERTIES OF DT-QFL

Assumption 13 (Smoothness): The local loss function
L (0) is L-smooth

IVLL(®) = VL(OH < L6 = 0" V6,0".  (110)

Assumption 14 (Strong Convexity): Each local loss func-
tion L;(0) is u-strongly convex
/ INT ’ w 2
Lix(0) > Li(0")+ VL) (0 —06")+ EIIQ -0

111)
Assumption 15 (Time-Reversal Regularization): The dif-
ference between time-reversed and forward updates satisfies

6" — 6""V|* < | VLE|? (112)
where o« controls the time-reversal error.
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F. CONVERGENCE ANALYSIS FOR DT-QFL
Theorem 12 (Convergence Rate of DT-QFL): For a
strongly convex function £(6), the DT-QFL model satisfies

L \'
E[L(607)]-L* < (1—W+%—x) (£(6%)-2).
(113)
Proof: Using the descent lemma for smooth functions, we
obtain

L 2
E [L‘ (9”‘)] <£(0") —nE||V£(9t)||2+%E||VL‘ (6") 112
(114)
In DT-QFL, the time-reversal regularization introduces

o'l = 0f — nVL(O) + A6 — 687). (115)
By the time-reversal assumption, we have
16" — 6"V < al| VLEN. (116)
Thus, substituting the terms, we obtain
Lr]2 g
E[L©OT)] — £* < <1 —nu+ - k) (L©°) — L)
(117)
|

G. VARIANCE REDUCTION IN DT-QFL
Lemma 6 (Variance Reduction in DT-QFL): The variance
of model updates in DT-QFL is reduced as

EVﬁ@t 2<0 — . Y EQt_gt,revZ.
iveer<o(%+%) > e l

(118)
Proof: By variance decomposition, we have

EVLEO)? = E[VLEO") — VLEO"™) + VLEO" ™).
(119)
Applying Jensen’s inequality, we obtain

EIIVLO)I? <E[VLEO )= VLE" ™) +E|VLE"™)|.

(120)
Substituting variance bounds, we obtain
2 o & = 2
E||VL(6! <O|l—+—|)—A E|0" — 0"V,
I <>||_<B+C) ;n I
(121)
[ |

H. COMMUNICATION COMPLEXITY ANALYSIS
Theorem 13 (Communication Rounds for Convergence):

The minimum number of communication rounds in DT-QFL

is

log %

> 2 .
log(l—n,u+%—)»)

Tcomm jul

(122)
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Proof: From the convergence bound, we have

2 T
E[L©OT)] - £* < (1 —nu+ L% — A) (L©O°) — £%).

(123)
Setting a threshold €, we obtain
L772 g
<1—nu+7—k> <e. (124)
Taking logarithms, we obtain
log é
Teomm > o7 [—24pt] (125)
10g<1 —nu+7—)\>
|

This communication bound emphasizes that increasing A
can reduce the total number of communication rounds re-
quired, though an excessively large A may slow local model
adaptation.

I. PRELIMINARIES: NONCONVEX ASSUMPTIONS

In nonconvex optimization, global minima are not guaran-
teed, so we analyze the behavior of DT-QFL in terms of the
expected gradient norm.

Assumption 16 (Smoothness): Each local loss function
L (0) is L-smooth

IVL(O) = VL(ON < LII6 — 6" v6,6".  (126)

Assumption 17 (Bounded Gradient Norm): The expected
gradient norm is bounded

E[IVL®)|* < G*. (127)

Assumption 18 (Gradient Variance Bound): The variance
of the local gradients satisfies

E|IVLy(6) = VLO)|* < o>, (128)

J. CONVERGENCE ANALYSIS FOR NONCONVEX DT-QFL
Theorem 14 (Convergence Rate Under Nonconvexity):
For a nonconvex function £(6), DT-QFL satisfies

T-1

1 ra  LOYD—LF Ly ,
- gﬂinme W= ——F—+36
T—1
— A E[0"—0"|P (129)
t=0
Proof: Using the descent lemma, we have
E[LOT] < L") — nEIVLEO|* + LTUZEIIVC(G’)IIZ.
(130)

Since DT-QFL introduces time-reversal constraints, we
have

O = 0" — gV L£(0") + 16" — 6T). (131)
By bounding the time-reversal update, we obtain
16" — 6"V |1* < | VLEOHI. (132)
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Summing over T iterations gives

1= C oy LE%—Lf  Ln
;Z;Enw:(e W s ——r—+7G
T—1
— A E[Of—07|E (133
=0
]

This nonconvex bound shows that A continues to act as a
stabilizing term, reducing gradient norms over time and im-
proving convergence toward stationary points even without
convexity guarantees.

K. VARIANCE REDUCTION IN NONCONVEX DT-QFL
Lemma 7 (Gradient Variance Reduction): For a noncon-

vex function, the variance of the stochastic gradients in DT-
QFL satisfies

2 2 T-1
o 8
EIVLONMN? <O — + =) —a Ell0! — gtrev 2.
IVLEP < (B+C> > el ”
(134)
Proof: Expanding the variance decomposition, we have

E|VLE)I? = EIVLEG") — VLEO" ™) + VLEO™)|.
(135)
Applying Jensen’s inequality, we obtain

E[IVLE)? <E[VLEO" )~ VLEO ™ )|>+E|VLEO" ™).

(136)
By bounding the gradient variance, we obtain
o &2 -1
EIVLOON? <0 — + — ) —a Ell0! — gtrev 2.
IvL@©HI? < (B+C> > el ||
(137)
[ |

This variance reduction result extends to the nonconvex
case, confirming that time-reversal regularization suppresses
stochastic noise in updates, which can help navigate flat or
ill-conditioned regions of the loss surface.

L. COMMUNICATION COMPLEXITY IN NONCONVEX
DT-QFL

Theorem 15 (Communication Complexity Bound): The
minimum number of communication rounds required for DT-
QFL to reach an e-stationary point is

1
Tcomm = 0 (_> .
ne

Proof: Using the nonconvex convergence bound, we
obtain

(138)

1= 1
= 2 EIVLEOI® <0 (TT) : (139)

t=0

2101021

Setting + STV EIVL@O)? < €, we have

1
T=>0 (—) . (140)
ne
Thus, the required communication rounds satisfy
1
7::omm > o(—)- (141)
ne
|

This bound indicates that, in the nonconvex regime, com-
munication efficiency improves with larger  and X values,
but overly aggressive settings may compromise stability and
accuracy.
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