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Abstract

We investigate the problem of minimizing the ex-
pectation of smooth nonconvex functions in a dis-
tributed setting with multiple parallel workers that
are able to compute stochastic gradients. A signif-
icant challenge in this context is the presence of
arbitrarily heterogeneous and stochastic compute
times among workers, which can severely degrade
the performance of existing parallel stochastic gra-
dient descent (SGD) methods. While some parallel
SGD algorithms achieve optimal performance un-
der deterministic but heterogeneous delays, their
effectiveness diminishes when compute times are
random—a scenario not explicitly addressed in
their design. To bridge this gap, we introduce Mind-
Flayer SGD, a novel parallel SGD method specifi-
cally designed to handle stochastic and heteroge-
neous compute times. Through theoretical analy-
sis and empirical evaluation, we demonstrate that
MindFlayer SGD consistently outperforms existing
baselines, particularly in environments with heavy-
tailed noise. Our results highlight its robustness
and scalability, making it a compelling choice for
large-scale distributed learning tasks.

1 INTRODUCTION

We address the nonconvex optimization problem:

min
x∈Rd

{
f(x) := Eξ∼D [f(x; ξ)]

}
, (1)

where f : Rd × S → R, and ξ is a random variable with
some distribution D on S. In the context of machine learning,
S could represent the space of all possible data, D denotes
the distribution of the training dataset, and f(·, ξ) denotes
the loss of a data sample ξ.

The function f is assumed to be differentiable, and its gradi-

ent is L–Lipschitz continuous (see Assumptions 5.1–5.2).
We assume that we have n workers available to work in par-
allel, each able to compute independent, unbiased stochastic
gradients of f , whose variance is bounded by σ2 (see As-
sumption 5.3). In this paper, we study the time complexity
of methods working in this setup.

We also assume access to n parallel workers capable of
computing independent stochastic gradients, in which case
the classical approach is Minibatch SGD [Cotter et al., 2011,
Goyal et al., 2017, Gower et al., 2019].

1.1 MINIBATCH SGD

Minibatch SGD awaits the completion of all workers’ com-
putations of a single stochastic gradient before executing a
gradient-type step:

1. receive a single stochastic gradient ∇f(xk; ξki ) from
each worker i ∈ [n],

2. update the model:

xk+1 = xk − γ

n

n∑
i=1

∇f(xk; ξki ),

where [n] := {1, . . . , n}, γ > 0 is a stepsize, ξki are i.i.d.
samples from D, and the gradients ∇f(xk; ξki ) are calcu-
lated in parallel.

In real systems, each worker’s computational power may
differ from the others, leading to varying completion times
of gradient computation. A notable drawback of Minibatch
SGD is its failure to account for these differences in com-
pute times across workers. The duration of each step is
determined by the slowest worker’s computation time. As a
result, all other workers remain idle after completing their
tasks, waiting for the slowest device to finish. Meanwhile,
this idle time could potentially be used in a more efficient
way to improve the overall time complexity. Clearly, a re-
design of the algorithm is necessary.



1.2 ASYNCHRONOUS SGD

As a result, a new generation of algorithms
emerged—asynchronous stochastic gradient descent
(ASGD) methods—designed to fully utilize all available
computational resources [Recht et al., 2011, Agarwal and
Duchi, 2011, Feyzmahdavian et al., 2016, Mania et al.,
2017, Nguyen et al., 2018, Arjevani et al., 2020, Cohen
et al., 2021, Mishchenko et al., 2022, Koloskova et al.,
2022, Islamov et al., 2024, Maranjyan et al., 2025b].

Here, the server performs a gradient-type update immedi-
ately after receiving a stochastic gradient from any worker,
without waiting for the others. The updated model is then
sent back to the worker, which immediately begins comput-
ing a new stochastic gradient based on the updated model.
By the time the worker finishes computing this gradient,
the model may have already been updated multiple times
on the server due to gradients received from other workers.
This creates a delay in the model update, denoted as δk. The
algorithm can be described as follows:

1. receive a stochastic gradient ∇f(xk−δk ; ξk−δk) from
any worker,

2. update the model:

xk+1 = xk − γ∇f(xk−δk ; ξk−δk),

3. send new xk+1 to the worker so the worker computes
∇f(xk+1; ξk+1).

Cohen et al. [2021], Mishchenko et al. [2022], Koloskova
et al. [2022] showed that ASGD is provably faster in terms
of time complexity than Minibatch SGD.

However, it turns out that this untamed and wild asynchrony
can be detrimental. The drawback of ASGD lies in the as-
sumption that all worker computations are beneficial. It
suffers from the issue of updating the model with potentially
significantly delayed gradients, which ultimately harms con-
vergence and, consequently, the overall time complexity,
as discussed in the work of Tyurin and Richtárik [2024].
To address this, there was a need to introduce a method
that ignores outdated gradients while still maximizing the
utilization of available computational resources.

1.3 RENNALA SGD

Such a method was proposed in a recent breakthrough by
Tyurin and Richtárik [2024]. Their method, Rennala SGD,
is a semi-asynchronous variant of Minibatch SGD. At each
iteration, the server asynchronously collects a batch of gra-
dients, allowing workers to send as many gradients as they
can on the same point xk. Then, using this batch, Rennala
SGD proceeds with a gradient-type update using this batch
as in Minibatch SGD:

1. wait until the server receives B stochastic gradients at
point xk,

2. update the model:

xk+1 = xk − γ

B

B∑
j=1

∇f(xk; ξkj ),

more details on Rennala SGD are in Appendix D. In this
case, the faster the worker, the more gradients it sends. For
the struggling workers, it may happen that they are ignored.

Worker Time. Their approach assumes each worker i
requires a fixed τi > 0 seconds to compute a stochastic
gradient. For the first time lower bounds on time complexity
were obtained for first order asynchronous methods in the
fixed compute time regime for nonconvex functions with
Lipschitz gradients. They showed that Rennala SGD is mini-
max optimal in this setup in terms of time complexity.

Although it may seem like the story ends here, we challenge
the fixed time assumption, arguing that a random time model
better reflects reality. The claim of optimality no longer
holds due to this randomness, suggesting that the algorithms
should be reevaluated and redesigned. In this paper, we
focus on this redesign, aiming to better align the algorithms
with a more realistic model.

2 PROBLEM SETUP AND
CONTRIBUTIONS

The deterministic compute time setup considered by Tyurin
and Richtárik [2024], where Rennala SGD is optimal, fails to
capture the complexities of real-world distributed learning
environments. In practice, compute times are often uncertain
due to various factors such as failing hardware, preemption
by other jobs, delays in GPU computation, and inconsisten-
cies in network communications [Chen et al., 2016, Dutta
et al., 2018]. This uncertainty is even more pronounced in
federated learning scenarios, where client unreliability can
lead to unpredictable computation times or even incomplete
tasks [Kairouz et al., 2021].

To address these real-world challenges, we propose a prac-
tical setup that incorporates randomness in compute times.
Specifically, we consider a scenario where the stochastic
gradient computation time of worker i is given by:

τi + ηi, (2)

where τi > 0 is a constant representing the minimum time
for client i to complete the gradient computation, and ηi is a
non-negative random variable drawn from some distribution
Ji, modeling the aforementioned uncertainties.

In this more realistic setting, existing methods like Rennala
SGD and ASGD can perform poorly or even fail to converge.
We can illustrate this with a simple example:



Figure 1: We conducted an empirical evaluation on a quadratic optimization problem (see Appendix A for details on the
setup). In this experiment, we modeled the computation time for each worker as τi + ηi, where τi =

√
i is a fixed constant

and ηi ∼ lognormal(0, s) introduces noise for each worker i ∈ [n]. To investigate the effect of increasing noise variance,
we tested different values of s: s = 1 (left plot), s = 10 (middle plot), and s = 100 (right plot). As the variance increases,
MindFlayer SGD remains robust to the noise in worker computation times, whereas the convergence of the other methods
Rennala SGD, ASGD, and Ringmaster ASGD 1, degrade significantly. This highlights how MindFlayer SGD maintains efficiency
even in the presence of heavy-tailed noise. Finally, we observe that Adaptive-MindFlayer SGD, which does not assume prior
knowledge of the distributions and adjusts the thresholds for each client adaptively based on observed times, performs better
than MindFlayer SGD. This improvement comes from its ability to adaptively select batch sizes for each worker based on
random times, using a single batch size that is the sum of all individual ones.

Consider a scenario where each time we request a device
to compute a stochastic gradient, one of two outcomes oc-
curs. Either the device completes the computation exactly
after the minimum time τ without any delays, or something
goes wrong and the computation is never completed. This
situation can be modeled using a random time η as follows:

η =

{
0, with probability 1− q,

∞2, with probability q,
(3)

where 0 < q < 1.

In this scenario, any method that waits for a certain number
of batches on each iteration to perform a step runs the risk
of never receiving the required batch and getting stuck. This
includes methods like Rennala SGD or ASGD. Specifically,
if the algorithm waits for a single stochastic gradient on
each iteration, with probability qn, it will never receive it
and consequently never proceed.

To address these limitations, we propose a new method that,
unlike Rennala SGD or ASGD, does not wait for a fixed
number of gradients. Instead, it allocates a specific time
for computing each stochastic gradient. If a client fails to

1This algorithm is presented by Maranjyan et al. [2025b] and
was published after our work. It is included here due to its rele-
vance, but despite its novelty, our method still outperforms Ring-
master ASGD.

2We can view η as an extended real random variable, or just
assume that ∞ is a very big number.

complete its computation within the designated time, the
partial computation is discarded, and a new computation is
initiated. Our main contributions are as follows.

• In Section 5, we introduce a time-efficient parallel SGD
method, MindFlayer SGD (Algorithm 1), designed for
the heterogeneous and random worker compute time
regime described in (2). To the best of our knowledge,
MindFlayer SGD is the first algorithm tailored to this
regime. We demonstrate that our method generalizes
Rennala SGD, making it optimal in the deterministic
compute time setup. Furthermore, when the distribu-
tion of computation times is positively skewed, we
show that MindFlayer SGD outperforms the other meth-
ods, with the performance gap widening as the skew-
ness coefficient increases. As illustrated in Figure 1,
where Ji = lognormal(0, s), increasing s results in a
higher skewness coefficient, which worsens the perfor-
mance of Rennala SGD and ASGD. In contrast, Mind-
Flayer SGD remains robust to changes in variance.
Additional experiments using various functions and
distributions are presented in Appendix A. For distribu-
tions, we explore lognormal, log-Cauchy, and Infinite-
Bernoulli (defined in (3)). For functions, we examine
a quadratic loss and a neural network trained on the
MNIST [LeCun et al., 1998] dataset. This diverse test-
ing framework highlights MindFlayer SGD’s robustness
and effectiveness across a wide range of challenging
scenarios.

https://yann.lecun.com/exdb/mnist/


• In Section 6, we introduce Adaptive-MindFlayer SGD, a
version of our algorithm that enhances practicality in
two ways: it adapts to the computation time distribution
during the learning process, eliminating the need for
prior knowledge of the distribution, and it reduces the
number of hyperparameters by treating all workers as
a single entity, using only two hyperparameters in total.
These improvements make Adaptive-MindFlayer SGD
more suitable for real-world implementation.

• In Section 7, we compare our theoretical time com-
plexity with that of Rennala SGD, which is optimal in
the deterministic time setting. We show that the time
complexity of Rennala SGD worsens as the distribu-
tion’s tails become heavier or as the skewness coef-
ficient increases, leading to an arbitrary performance
gap compared to MindFlayer SGD.

• In Appendix C, we expand our theory to develop Vecna
SGD, designed for the heterogeneous case, where work-
ers have datasets that are coming from different distri-
butions.

3 RELATED WORK

There are several other related works. Dutta et al. [2018] ex-
plore the error-runtime trade-offs in distributed SGD, reveal-
ing how slower and stale gradients can sometimes enhance
convergence processes. Woodworth et al. [2020] compare
local SGD with minibatch SGD, analyzing the efficiency
of local updates in different distributed settings. Wu et al.
[2022] advance the understanding of asynchronous meth-
ods by proposing delay-adaptive step-sizes that adjust to
asynchronous learning environments, optimizing the conver-
gence rates. Furthermore, Hanna et al. [2022, 2020] focus
on adaptive stochastic gradient descent to improve commu-
nication efficiency in distributed learning, offering strategies
that reduce communication demands while maintaining fast
convergence.

4 MOTIVATION AND SINGLE DEVICE
CASE

To illustrate the motivation behind the design of our method,
let us consider a single device setup. Recall the scenario
introduced in Equation (3) where we have single device and
it either returns a gradient after τ time or gets stuck with
probability q. A straightforward and optimal workaround to
this issue is to wait exactly τ seconds. If we do not receive
a gradient within this time frame, it indicates that we will
never receive it, so there is no point in waiting longer. In
this case, we discard the current computation, which would
never finish anyway, and request the device to compute the
gradient again. The probability of getting stuck again is
lower, so eventually, we will receive a gradient and proceed.

Consider the following two strategies for each step.

• Strategy 1: Rennala SGD. We wait for the first B
stochastic gradients. Thus, the time for one step for
this strategy is the random variable:

TB =

B∑
j=1

(τ + ηj).

• Strategy 2: MindFlayer SGD. We repeat the following
random trial B times: allocate time τ + t to computing
a stochastic gradient. If no gradient is received within
that time, discard the current computation and start
over. Then the time for the j-th trial is given by:

T j(t) =

{
τ + ηj , if ηj ≤ t,

τ + t, if ηj > t.

Thus, the time per step is a random variable:

T̃B(t) =

B∑
j=1

T j(t).

In the second case, rather than waiting for B gradients, we
attempt to compute B gradients. Essentially, we limit the
time spent on computing a stochastic gradient. In expec-
tation, Strategy 2 will collect Bp gradients per iteration,
where p = P (η ≤ t) is the probability of collecting a gra-
dient within a trial. Setting t = ∞ removes this restriction,
resulting in the same strategy as the first one.

The fact that MindFlayer SGD receives Bp gradients on aver-
age makes it effectively a scaled-down version of Rennala
SGD. Consequently, MindFlayer SGD is expected to require
1/p times more iterations than Rennala SGD to achieve the
same level of convergence. However, this trade-off is inten-
tional and necessary to handle the heavy-tailed nature of
computation times.

We have the following proposition.

Proposition 4.1 (Proof in Appendix F). Consider the single
device setup. Let K be the number of iterations required by
Rennala SGD with batch size B to find an ε-stationary point.
For sufficiently small ε, MindFlayer SGD with the same batch
size B, needs K/p iterations to find an ε-stationary point.

Thus, the time complexities in this setting are given by:

TRennalaSGD = KE [TB ] = KB(τ + E [η]), (4)

TMindFlayerSGD(t) =
K

p
E
[
T̃B(t)

]
=

K

p
B(τ + (1− p)t+ pE [τ |τ ≤ t])

≤ K

p
B(τ + t). (5)

This leads us to the following remark.
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Figure 2: We consider a single-device setting with computation time τ + η, where τ = 1 and η ∼ lognormal(0, s) for
s = 2.5. On the left, we compare the expected time complexity of MindFlayer SGD (5) as a function of the time threshold t
with the constant time complexity of Rennala SGD (4), showing the efficiency of MindFlayer SGD for various choices of t.
We set K = 1 since it appears in both algorithms and does not affect the comparison. Four key values of t are highlighted:
a very small one, the optimal choice from (6), the median of η, and a very large number. As expected, MindFlayer SGD
degrades for small t due to the server receiving fewer gradients, remains unchanged between the median and optimal values,
and worsens as t increases, approaching Rennala SGD. In the middle, we present an empirical evaluation on a quadratic
optimization problem (see Appendix A), confirming time complexity reductions for MindFlayer SGD across the same four
thresholds. On the right, we plot the ratio of time complexities between Rennala SGD and MindFlayer SGD across different
standard deviations s, revealing exponential efficiency gains at optimal clipping times, with similar trends at median values.

Remark 4.2. For the case where n = 1, MindFlayer SGD
is faster than Rennala SGD if there exists a time threshold
t > 0 such that the following inequality holds:

P (η ≤ t) ≥ τ + t

τ + E [η]
.

The optimal choice of t is given by

t = argmin
t>0

τ + t

P (η ≤ t)
. (6)

Note that it is necessary that t ≤ E [η]. In case where E [η] =
∞, this assumption hold for any finite values of t > 0.
An example of this scenario is given in (3). Many other
distributions also have an infinite expectation, including
Pareto, log-Cauchy, Lévy, log-t, and Landau distributions,
among others.

A less restrictive example of distributions are positively
skewed distributions. Let

s = E [η]−Med[η]

be the skewness coefficient of the distribution J , where
Med[η] denotes the median of η. If s > 0 we say that
the distribution is positively skewed. Then we have the
following proposition.

Proposition 4.3 (Proof in Appendix F). For the n = 1
case, if s > τ +Med[η] then MindFlayer SGD is faster than
Rennala SGD. Moreover, if s = (τ +Med[η]) (2α− 1) then

TRennalaSGD

TMindFlayerSGD (Med[η])
≥ α.

Therefore, Rennala SGD can be arbitrarily bad. As an ex-
ample consider the lognormal(µ, σ2) distribution. For this
distribution, we have:

s = E [η]−Med[η] = exp

(
µ+

σ2

2

)
− exp(µ).

Thus, as we increase σ, the difference becomes arbitrarily
large. To verify this, we also conducted a small experiment,
see Figure 2. The right plot showcases how the ratio of time
complexity between Rennala SGD and MindFlayer SGD can
get arbitrarily large for the optimal clipping time

t∗ := argmin
t

TMindFlayerSGD(t)

and even the median of the distribution tmedian = Med[η].
The left and middle plots showcase the potential improve-
ment, and even loss resulting from different choices of clip-
ping time t.

5 MINDFLAYER SGD

Here, we introduce MindFlayer SGD for the multi-device
setting (n > 1) Algorithm 1. For the heterogeneous case,
see Appendix C.

MindFlayer SGD starts at an initial point x0 ∈ Rd with step-
size γ > 0, time allowances ti > 0, and trial counts Bi ≥ 0
for each client. At each iteration k, ranging from 1 to K, the
server sends the current point xk to all clients.



Algorithm 1 MindFlayer SGD 3

1: Input: Initial point x0 ∈ Rd, stepsize γ > 0, allot-
ted times t1, . . . , tn ≥ 0, number of trials per client
B1, . . . , Bn ≥ 0, probabilities pi = P (ηi ≤ ti)

2: for k = 1, 2, . . . ,K do
3: Send xk to all clients i ∈ [n], each executes Bi trials
4: Compute the gradient estimate:

gk =
∑n

i=1

∑Bi

j=1 I(η
j
i < ti)∇f(xk; ξji )

5: Update: xk+1 = xk − γ
B gk, where B =

∑n
i=1 piBi

6: end for

Each client i makes Bi attempts to compute stochastic gradi-
ents. During each attempt, it computes a stochastic gradient,
but if the computation exceeds the allotted time τi + ti, the
gradient is discarded, and a new attempt begins. This behav-
ior is captured by the indicator function I(ηji < ti) in line 4
of Algorithm 1.

The probability of completing the computation within the
time limit is defined as pi := P (ηji < ti). Thus, the number
of stochastic gradients received from client i is a random
variable ranging from 0 to Bi, with an expected value of
piBi. Summing over all clients, the expected total number
of stochastic gradients is B =

∑n
i=1 piBi. Finally, after

aggregating the collected gradients, the server updates the
point using an unbiased gradient estimator, following the
update rule xk+1 = xk − γ

B gk.

In the special case where the computation time is determin-
istic, i.e., ηi = 0 for every worker i ∈ [n], we have pi = 1
for all i. While Rennala SGD does not explicitly specify the
number of gradient computations Bi for each client, in the
deterministic setting, each client will send a fixed number
of gradients per communication round. Consequently, for
any t > 0, MindFlayer SGD Algorithm 1, by choosing Bi

appropriately, reduces to Rennala SGD Algorithm 5.

However, the situation changes when ηi > 0 is not deter-
ministic. If we set ti = ∞ for all i ∈ [n], MindFlayer SGD
Algorithm 1 does not reduce to Rennala SGD Algorithm 5.
This is because, in the case of Rennala SGD, the randomness
in each iteration causes the number of stochastic gradients
computed by each client to vary across different communi-
cation rounds. Nevertheless, this scenario is not our primary
focus, as we will demonstrate that allowing each worker to
complete its gradient computation by setting ti = ∞ is in-
efficient when dealing with positively skewed distributions.

Since Algorithm 1 has multiple hyperparameters, we pro-
vide a more practical version in Section 6, where a single
batch size B and a single probability p are used instead
of client-specific values. While this simplification is useful

3We name our method MindFlayer SGD, drawing inspiration
from The Mind Flayer from Stranger Things, due to its ability to
precisely control its clients, analogous to the creature’s supreme
control over its victims (The Flayed).

in practice, the more fine-grained version with per-client
hyperparameters is generally more effective when computa-
tion time distributions are known. In such cases, choosing
the hyperparameters optimally is straightforward, making
this version preferable when efficiency is a priority. For this
reason, we begin with a theoretical analysis of the more
flexible version before introducing its practical counterpart.

5.1 THEORETICAL ANALYSIS

We consider standard assumptions used in nonconvex opti-
mization.

Assumption 5.1. Function f is differentiable, and its gradi-
ent is L–Lipschitz continuous, i.e.,

∥∇f(x)−∇f(y)∥ ≤ L ∥x− y∥ , for all x, y ∈ Rd.

Assumption 5.2. The function f(x) is bounded below, and
we denote its infimum by f inf ∈ R. Let x0 be the initial
point of the optimization method, define ∆ := f(x0)−f inf .

Assumption 5.3. For all x ∈ Rd, stochastic gradients
∇f(x; ξ) are unbiased and σ2-variance-bounded, i.e.,

Eξ [∇f(x; ξ)] = ∇f(x),

Eξ

[
∥∇f(x; ξ)−∇f(x)∥2

]
≤ σ2,

where σ2 ≥ 0.

5.1.1 Convergence Theory

The following theorem gives iterations guarantees for the
convergence of MindFlayer SGD.

Even though MindFlayer SGD is similar to Rennala SGD
the convergence analysis require additional considerations,
since the batch size is a random variable here as apposed to
the case of Rennala SGD.

Theorem 5.4 (Proof in Appendix G.1). Assume that As-
sumptions 5.1, 5.2 and 5.3 hold. Let

B =

n∑
i=1

piBi and γ =
1

2L
min

{
1,

εB

σ2

}
in Algorithm 1. Then, the method guarantees that
1
K

∑K−1
k=0 E

[∥∥∇f(xk)
∥∥2] ≤ ε after

K ≥ max

{
1,

σ2

εB

}
8L
(
f(x0)− f inf

)
ε

iterations.

Note that the rate is inversely proportional to the probabili-
ties pi, which is expected—smaller pi implies a potentially
smaller batch size, leading to more iterations.

https://strangerthings.fandom.com/wiki/The_Mind_Flayer


In the deterministic case where ηi = 0 for all i ∈ [n], we
have pi = P (ηi ≤ ti) = 1 for all i ∈ [n], resulting in the
same rate with B =

∑n
i=1 Bi. This recovers the rate of

Rennala SGD, up to a constant factor. Similarly, as ti → ∞
for all i, we get pi → 1, again leading to the same rate.

On the other hand, if ti = 0 for all i ∈ [n], then K = ∞,
which is expected—if the success probability is zero for all
clients, the server never receives any stochastic gradients,
making progress impossible.

5.1.2 Time Complexity

The following theorem gives time complexity for MindFlayer
SGD.

Theorem 5.5 (Proof in Appendix G.2). Assume that As-
sumptions 5.1, 5.2 and 5.3 hold. Let

B =

n∑
i=1

piBi and γ =
1

2L
min

{
1,

εB

σ2

}
in Algorithm 1. Let t = (t1, . . . , tn), t1, . . . , tn ≥ 0. With-
out loss of generality assume that

0 < τ1 + t1 ≤ · · · ≤ τn + tn.

Let

t(m) =

 m∑
j=1

pj
τj + tj

−1S +

m∑
j=1

pj

 ,

where S = max
{
1, σ2

ε

}
. Let m∗ = argminm∈[n] t(m), if

there are several minimizers we take the smallest one. Put

Bi = ⌈bi⌉, bi =

{
t(m∗)
τi+ti

− 1, if i ≤ m∗,

0, if i > m∗.

Then, MindFlayer SGD guarantees to find an ϵ-stationary
point within

TMindFlayerSGD(t)

≤ 8∆L

ε
× min

m∈[n]


 1

m

m∑
j=1

pj
τj + tj

−1(
S

m
+ p̄

)
seconds, where p̄ = 1

m

∑m
j=1 pj .

The term τi+ti/pi also appears in the single-device case (Re-
mark 4.2), where the optimal choice of ti minimizes this
quantity, similar to (6). As in the single-device case, we
observe an inverse dependence on pi: smaller pi increases
τi+ti/pi, which may lead to certain devices being excluded
from m∗. This is expected, as a small pi indicates an unreli-
able device.

For the first m∗ selected workers, the optimal allocation
of Bi depends on τi + ti: the smaller this value (i.e., the
faster the device), the more trials it should receive. Thus, the
choice of Bi takes into account both the speed of a device
(τi) and its reliability (pi). Some devices may be fast (small
τi) but unreliable (small pi), leading to Bi = 0 for such
devices.

This allocation strategy ensures that devices with high com-
putation times and low reliability are excluded. For example,
a device might be computationally fast but suffer from fre-
quent network issues, preventing gradients from reaching
the server. In such cases, the server should not rely on this
device and should exclude it from gradient computations.

In the deterministic case where ηi = 0, we have pi = 1
for all i ∈ [n]. The optimal choice in this setting is ti = 0,
which recovers the same time complexity as Rennala SGD.

This theorem assumes that the computation time distribu-
tions of the devices are known. While this may seem re-
strictive, it is often reasonable in distributed systems, where
models are trained repeatedly. Over time, these repeated
executions provide enough data to approximate the distri-
butions with high confidence, making such an assumption
practical in many cases.

However, relying on this prior knowledge is not always
feasible, especially in settings like federated learning, where
devices may be unpredictable or newly introduced into the
system. To address this, in the next section, we present
a practical version of the algorithm that does not require
knowledge of computation time distributions, making it
more adaptable to real-world scenarios.

6 PRACTICAL MINDFLAYER SGD

To run our algorithm, we need to specify Bi for each client.
One possible approach is to learn the distribution of each
client’s behavior on the fly and assign an appropriate Bi

accordingly. Similar ideas are explored by Maranjyan et al.
[2025a]. However, this is not straightforward in our setting,
since we perform thresholding and cannot directly observe
or learn the distribution of clients’ compute times. Instead,
in this work, we replace the client-specific parameters Bi

with a single global parameter B. To make this possible,
we treat all clients in a uniform way. If every client had
the same probability p of successfully sending a gradient of
equal quality, such a simplification would be justified.

To enforce this uniform probability, we need to set ti such
that each client has a probability p of completing its compu-
tation within the given threshold. Since we do not assume
prior knowledge of the computation time distribution, we
estimate ti empirically. For each client, we need to solve the
following problem: given p, find t such that

P (τ + η ≤ t) = p.



Since P (τ + η < t) is a non-decreasing function of t and
I(τ + η ≤ t) is an unbiased estimator, we can solve this us-
ing Robbins-Monro stochastic approximation method [Rob-
bins and Monro, 1951]. This algorithm iteratively updates
the threshold t using the rule:

tr+1 = tr − αr (I(τ + ηr ≤ tr)− p) , (7)

where αr is the stepsize, which we take αr = α0/i with
α0 > 0.

Note that we do not need to know τ and ηr; we only re-
quire I(τ + ηr ≤ tr), which is 1 if the worker finishes the
computation within the threshold and 0 otherwise.

Putting all the pieces together we derive our algorithm Al-
gorithm 2.

Algorithm 2 Adaptive-MindFlayer SGD

1: Input: Initial point x0 ∈ Rd, stepsize γ > 0, probabil-
ity p ∈ (0, 1], number of trials B ≥ 0

2: Robbins-Monro inputs: initial thresholds t0i , initial
stepsizes α0

i > 0 for all i ∈ [n]
3: for k = 1, 2, . . . ,K do
4: Each worker i ∈ [n] computes a gradient at xk

5: Initialize gk = 0 and b = 0
6: while b < B do
7: Wait for the fastest client i to finish its trial
8: Receive g = I(τi + ηkb

i ≤ tkb
i )∇f(xk; ξkb

i )

9: Update tkb
i using (7)

10: Update: gk = gk + g; b = b+ 1
11: end while
12: Update xk+1 = xk − γ

pB gk

13: end for

The algorithm is controlled by two key parameters: p and B.
The parameter p represents system reliability and is shared
across all clients, allowing us to define a single global param-
eter B. Although the Robbins-Monro process requires per-
client parameters, these are not critical for the algorithm’s
performance. For the initial threshold, one can simply start
with a large value, as the algorithm will automatically adjust
it over time. Similarly, the step size is not highly sensitive;
in our experiments, we used 1, but the algorithm performs
well with other choices.

By dynamically adjusting ti based on real-time observa-
tions of worker compute times, Adaptive-MindFlayer SGD
continuously aligns the clipping threshold with the desired
completion probability p. This eliminates the need for ex-
tensive manual tuning of hyperparameters and improves
robustness to variability in compute times.

Even without assuming prior knowledge of computation
time distributions, this empirical threshold selection per-
forms nearly as well as the previous approach, which relied
on such knowledge. In Figure 1, we show that Adaptive-
MindFlayer SGD achieves comparable performance to Mind-

Flayer SGD while simplifying hyperparameter selection,
making it particularly practical for distributed systems with
heterogeneous and unpredictable worker compute times.

7 COMPARING TO RENNALA SGD

Comparing the theoretical performance of Rennala SGD and
MindFlayer SGD is particularly challenging due to the in-
herent randomness in the time complexity of Rennala SGD
and the dependence of MindFlayer SGD on optimizing time
variables ti. A comparison based on expected time complex-
ity overlook the nuances of each algorithm’s performance
across different distributions. Therefore, we turn to an em-
pirical comparison to provide insights into their practical
behavior. Particularly, we demonstrate how MindFlayer SGD
can achieve arbitrarily small time complexity in heavy-tailed
distributions.

To begin, we derive the time complexity of Rennala SGD in
the context of random times. Let

B :=

{
(B1, B2, . . . , Bn) : Bi ∈ N0;

n∑
i=1

Bi = B

}

be the set of all possible batch sizes for each device, the
time TB required for one step with batch size B of Rennala
SGD is given by:

TB = min
B

 max
i∈[1,n]

Biτi +

Bi∑
j=1

ηji


 ≥ T1

= min
i∈[n]

{
τi + η1i

}
≥ min

i∈[n]
τi + min

i∈[n]
η1i .

Thus, the expected time to collect a batch B is

E [TB ] ≥ τmin + E
[
min
i∈[n]

ηi

]
.

Note that if the distribution of mini∈[n] ηi is heavy-tailed,
then the expected time complexity may be infinite, thus
favoring MindFlayer SGD over Rennala SGD. A simple illus-
tration of this occurs when extending the Equation (3) case,
where η is either zero or infinite, to scenarios involving mul-
tiple devices. In such cases, the expectation of the minimum
time across devices, mini∈[n] ηi, also results in an infinite
expected time complexity.

While a detailed theoretical comparison is intractable, we
conduct an empirical comparison to highlight practical dif-
ferences between the two algorithms. To capture the random-
ness in Rennala SGD’s rate, we generate a histogram of TB

and convolve it with itself K times, where K is the number
of iterations needed for ϵ-convergence. We set n = 100 and
B = 250. Additional details are provided in Appendix A.1.

For MindFlayer SGD, we compare the theoretical time com-
plexity from Theorem 5.5. We evaluate two strategies for



Figure 3: Empirical comparison of the theoretical time complexities of Rennala SGD and MindFlayer SGD. We set n = 100
and B = 250 (see Appendix A.1 for details). Since Rennala SGD’s time complexity is a random variable, we plot a histogram
with its empirical mean. For MindFlayer SGD, we compare the theoretical time complexity from Theorem 5.5, evaluating two
strategies for selecting ti: (1) using the median of the distributions Ji, and (2) finding the optimal ti from (6). We examine
three distributions: lognormal, log-Cauchy, and log-t (5 degrees of freedom), shown in each column. As variance increases
(rows: 5, 10, 20), MindFlayer SGD increasingly outperforms Rennala SGD.

selecting ti: (1) using the median of the distributions Ji,
and (2) solving the following optimization problem:

Fix m ∈ [n], minimize t(m) over
t = (t1, · · · , tn), (remember pj = Fj(tj)).

We optimize this using the L-BFGS-B algorithm, a well-
suited method for solving smooth, convex, or mildly non-
convex problems due to its efficiency and robustness [Zhu
et al., 1997]. For each m, we take the minimum over all
possible configurations.

Our empirical results, illustrated in Figure 3, demonstrate
that as the variance of the underlying distribution increases,
MindFlayer SGD consistently outperforms Rennala SGD. The
heavy-tailed nature of the distributions causes Rennala SGD
to experience extreme slowdowns, while MindFlayer SGD
maintains robust performance.

8 CONCLUSION AND FUTURE WORK

In this paper, we address the problem of minimizing the
expectation of nonconvex functions with Lipschitz gradi-
ents, with the use of parallel workers computing stochas-
tic gradients. Our focus lies on the challenging scenario
where worker compute times are heterogeneous and ran-
dom, expanding on recent developments in ASGD methods
like Rennala SGD. We observe that while Rennala SGD per-
forms optimally in environments with deterministic compute
times, its effectiveness diminishes under random compute
conditions.

To better understand and improve stochastic optimization in

these conditions, we introduce a novel asynchronous SGD
method named MindFlayer SGD. This method adjusts to the
randomness in computation times by not adhering to a fixed
batch size but rather setting specific times for computing sin-
gle stochastic gradients. If a client fails to deliver within this
time frame, the computation is discarded, and the process
restarts. This flexibility allows MindFlayer SGD to perform
robustly across various conditions, notably outperforming
both Rennala SGD and standard Asynchronous SGD (ASGD)
in our theoretical and empirical analysis.

Our results demonstrate that MindFlayer SGD significantly
reduces time complexity, particularly in environments char-
acterized by positively skewed distribution of computation
times. We empirically validate this in simulations with sev-
eral distributions conditions where MindFlayer SGD consis-
tently outperforms the other methods, particularly in high-
variance scenarios. This showcases its superiority in adapt-
ing to the unpredictable duration of gradient computations
typical in real-world applications such as federated learning
environments.

In this study, our analysis was confined to computation
times, with no consideration given to communication times.
Future research will extend our investigation to include
communication times. Moreover, we plan to explore the
application of gradient estimators with varying variance
bounds across different clients. We hypothesize that control-
ling these variance bounds could yield further benefits in
the optimization process.
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Jakub Konečný, H Brendan McMahan, Felix X Yu, Peter
Richtárik, Ananda Theertha Suresh, and Dave Bacon.
Federated learning: Strategies for improving communica-
tion efficiency. arXiv preprint arXiv:1610.05492, 2016.

Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick
Haffner. Gradient-based learning applied to document
recognition. Proceedings of the IEEE, 86(11):2278–2324,
1998.

Horia Mania, Xinghao Pan, Dimitris Papailiopoulos, Ben-
jamin Recht, Kannan Ramchandran, and Michael I Jor-
dan. Perturbed iterate analysis for asynchronous stochas-
tic optimization. SIAM Journal on Optimization, 27(4):
2202–2229, 2017.



Artavazd Maranjyan, El Mehdi Saad, Peter Richtárik, and
Francesco Orabona. ATA: Adaptive task allocation for
efficient resource management in distributed machine
learning. In International Conference on Machine Learn-
ing, 2025a.

Artavazd Maranjyan, Alexander Tyurin, and Peter Richtárik.
Ringmaster ASGD: The first Asynchronous SGD with
optimal time complexity. In International Conference on
Machine Learning, 2025b.

Konstantin Mishchenko, Franck Iutzeler, Jérôme Malick,
and Massih-Reza Amini. A delay-tolerant proximal-
gradient algorithm for distributed learning. In Interna-
tional Conference on Machine Learning, pages 3587–
3595. PMLR, 2018.

Konstantin Mishchenko, Francis Bach, Mathieu Even, and
Blake Woodworth. Asynchronous SGD beats mini-
batch SGD under arbitrary delays. arXiv preprint
arXiv:2206.07638, 2022.

John Nguyen, Kshitiz Malik, Hongyuan Zhan, Ashkan
Yousefpour, Mike Rabbat, Mani Malek, and Dzmitry
Huba. Federated learning with buffered asynchronous
aggregation. In International Conference on Artificial In-
telligence and Statistics, pages 3581–3607. PMLR, 2022.

Lam Nguyen, Phuong Ha Nguyen, Marten Dijk, Peter
Richtárik, Katya Scheinberg, and Martin Takác. SGD
and hogwild! convergence without the bounded gradients
assumption. In International Conference on Machine
Learning, pages 3750–3758. PMLR, 2018.

Benjamin Recht, Christopher Re, Stephen Wright, and Feng
Niu. Hogwild!: A lock-free approach to parallelizing
stochastic gradient descent. Advances in Neural Informa-
tion Processing Systems, 24, 2011.

Herbert Robbins and Sutton Monro. A stochastic approxi-
mation method. The Annals of Mathematical Statistics,
22(3):400–407, 1951. doi: 10.1214/aoms/1177729586.

Alexander Tyurin and Peter Richtárik. Optimal time com-
plexities of parallel stochastic optimization methods un-
der a fixed computation model. Advances in Neural In-
formation Processing Systems, 36, 2024.

Blake Woodworth, Kumar Kshitij Patel, Sebastian Stich,
Zhen Dai, Brian Bullins, Brendan Mcmahan, Ohad
Shamir, and Nathan Srebro. Is local SGD better than
minibatch SGD? In International Conference on Ma-
chine Learning, pages 10334–10343. PMLR, 2020.

Xuyang Wu, Sindri Magnusson, Hamid Reza Feyzmahda-
vian, and Mikael Johansson. Delay-adaptive step-sizes for
asynchronous learning. arXiv preprint arXiv:2202.08550,
2022.

Ciyou Zhu, Richard H Byrd, Peihuang Lu, and Jorge No-
cedal. Algorithm 778: L-bfgs-b: Fortran subroutines for
large-scale bound-constrained optimization. ACM Trans-
actions on Mathematical Software (TOMS), 23(4):550–
560, 1997.



MindFlayer: Efficient Parallel SGD in the Presence of
Heterogeneous and Random Worker Compute Times

(Supplementary Material)

Artavazd Maranjyan1 Omar Shaikh Omar1 Peter Richtárik1

1King Abdullah University of Science and Technology, Thuwal, Saudi Arabia

CONTENTS

1 Introduction 1

1.1 Minibatch SGD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Asynchronous SGD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Rennala SGD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Problem Setup and Contributions 2

3 Related Work 4

4 Motivation and Single Device Case 4

5 MindFlayer SGD 5

5.1 Theoretical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

5.1.1 Convergence Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

5.1.2 Time Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

6 Practical MindFlayer SGD 7

7 Comparing to Rennala SGD 8

8 Conclusion and Future Work 9

A Experimental details 14

A.1 Comparing Theoretical Time Complexities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

B Table of Notations 16

C Heterogeneous Regime 16



C.1 Related work and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

C.2 Vecna SGD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

C.3 Convergence theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

C.4 Time Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

D The Rennala Algorithm 18

E The classical SGD theory 19

F Proofs for Propositions in Section 4 19

G Proofs for Homogeneous Regime 20

G.1 Proof of Theorem 5.4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

G.1.1 Proof of Lemma G.1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

G.1.2 Proof of Lemma G.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

G.2 Proof of Theorem 5.5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

G.2.1 Proof of Lemma G.3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

H Proofs for Heterogeneous Regime 25

H.1 Proof of Theorem C.1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

H.1.1 Proof of Lemma H.1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

H.1.2 Proof of Lemma H.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

H.2 Proof of Theorem C.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

H.2.1 Proof of Lemma H.3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29



A EXPERIMENTAL DETAILS

In this section we explain the setup for comparing MindFlayer SGD, Rennala SGD, and ASGD, which we used throughout this
paper. We compare the algorithms’ performance on a quadratic optimization (8) task with access to a stochastic gradient. The
parallelism was simulated on a machine with 2 Intel(R) Xeon(R) Gold 6226R CPUs @ 2.90GHz, with a total of 64 logical
CPUs. For each setting of the algorithm, we run 10 different seeds for the random time and plot the average, minimum and
maximum, see Figure 1, Figure 2, etc.

We use a similar setup to the one employed by Tyurin and Richtárik [2024], but modify it so that we have a known expected
variance. We make this choice, so we can compare theoretical parameters, as we did in Figure 2.

Furthermore, we consider the homogeneous optimization problem 1, with the convex quadratic function:

f(x) =
1

2
x⊤Ax− b⊤x ∀x ∈ Rd . (8)

We take d = 1000,

A = 1
4


2 −1 0

−1
. . . . . .
. . . . . . −1

0 −1 2

 ∈ Rd×d and b = 1
4


−1
0
...
0

 ∈ Rd.

Assume that all n workers has access to the following unbiased stochastic gradients:

[∇f(x, ξ)]j := ∇jf(x) + ξ ,

where ξ ∼ N (0, 0.00032), thus, we get that in Assumption 5.3 we have,

σ2 = 0.00032 · d = 0.00032 · 1000 .

Now setting the convergence threshold ϵ = 10−4, we can infer all theoretical parameters. To find the optimal time
corresponding to Rennala SGD we need to fix the times, we do that by either removing the randomness, or adding the
expected randomness. On the other hand, for MindFlayer SGD we use the results from Theorem 5.5 to set the theoretical
number of trials for each client. For some experiments we used theoretical stepsizes, e.g. Figure 2, for others we used the
range of stepsizes from a set {2i|i ∈ [−10, 10]}, e.g. Figures 1, 1, and 4, similarly to Tyurin and Richtárik [2024]. Finally,
for the nonconvex problem in Figure 5 we tried the set {0.01, 0.001, 0.0001}.

In addition to the experimental results shown throughout the paper, we ran two more experiments. One with the Infinite-
Bernoulli distribution on the same quadratic problem, and a second with the log-Cauchy distribution with a small two-layer
neural network on the MNIST dataset, see Figure 4 and Figure 5.

A.1 COMPARING THEORETICAL TIME COMPLEXITIES

To produce the empirical comparison demonstrated in Figure 3, we design a synthetic setup to compare the time complexities
of MindFlayer SGD and Rennala SGD. We use distributions with varying tail behaviors and levels of variance. Specifically,
the base task time for each worker is defined as τi = 100

√
i, which accentuates systematic variation in task durations across

workers. On top of this base time, random delays are added, drawn from one of the distributions listed in Table 1. These
distributions are parameterized by varying scale factors s = 5, 10, 20. The log-t distribution uses df = 5 to control its tail
behavior.

The rate of MindFlayer SGD is derived from Theorem 5.5, expressed as:

TMindFlayerSGD(t) ≤ 8× min
m∈[n]


 1

m

m∑
j=1

pj
τj + tj

−1 S

m
+

1

m

m∑
j=1

pj

 ∆L

ε





Figure 4: We ran an experiment as described in Appendix A where we employ the same Ji = InfBernoulli(q) distribution
for all clients i ∈ [n], with different q values. From left to right we have q = 0.6, 0.7, 0.8. Additionally, we set τi =

√
i. As

we observe, with an increase of the probability of failure q unlike Rennala SGD and ASGD, MindFlayer SGD demonstrates the
ability to continue optimizing and not be stuck

Figure 5: We train a two layer Neural Network on the MNIST dataset where we set the distribution Ji = log-Cauchy(s) for
all clients i ∈ [n], with different scale values s. From left to right we have s = 1, 10, 100. Additionally, we set τi =

√
i.

We observe that MindFlayer SGD convergence doesn’t suffer from the increase in the scale parameter s. On the other hand,
Rennala and ASGD are delayed significantly with bigger scale parameters s

Here, the rates depend on the clipping times t = (t1, . . . , tn), which determine pi := Fi(ti). As described in Section 7, we
use both the medians of the distributions and the output of an optimizer as baselines for t.

For Rennala SGD, the time complexity is modeled as an approximation of the random variable
∑K

i=1 T
i
B , where K =

max
{
1, σ2

ε

}
8∆L
ε is the iteration complexity, as demonstrated in the proof of Proposition 4.1 in Section F. The random

variables T i
B represent the time to collect a theoretical batch of size B = ⌈σ2/ε⌉. As described in Section 7, we obtain an

approximation of the distribution of the sum using convolution.

Both rates depend on the problem constants ε, σ2, L,∆, which are defined in Table 2.

Distribution Parameters
log-Normal Scale s = 5, 10, 20, Mean µ = 0
log-Cauchy Location µ = 0, Scale s = 5, 10, 20

log-t Degrees of freedom df = 5, Location µ = 0, Scale s = 5, 10, 20

Table 1: Random Time Setup for Worker Task Times



Symbol Description Value
σ Standard deviation of noise

√
0.025

ϵ Convergence threshold 10−4

∆ · L Lipschitz constant multiplied by suboptimality 1
B Rennala SGD batch size ⌈σ2/ϵ⌉
S Theoretical Parameter in MindFlayer SGD ⌈σ2/ϵ⌉
n Number of workers 100

nsamples Number of random samples to estimate TB 1000
τi Fixed compute time for worker i 100

√
i

Table 2: Experimental Parameters

B TABLE OF NOTATIONS

Notation Meaning

[n] {1, . . . , n}
L Lipschitz constant of gradients, i.e., ∥∇f(x)−∇f(y)∥ ≤ L ∥x− y∥ (Assumption 5.1)
f inf Minimum value of the function, i.e., f inf ≤ f(x) (Assumption 5.2)
∆ ∆ := f(x0)− f inf , where x0 is the starting point of optimization methods

σ2 Variance bound on gradients, i.e., Eξ

[
∥∇f(x; ξ)−∇f(x)∥2

]
≤ σ2 (Assumption 5.3)

γ Stepsize
τi Minimum time required for client i to compute a gradient
ηi Additional random time taken while computing the gradient
Ji Distribution of the non-negative random variable ηi
ti Allotted time for worker i to compute a gradient

C HETEROGENEOUS REGIME

So far, we have discussed the scenario where all workers compute i.i.d. stochastic gradients. However, in distributed
optimization and federated learning [Konečný et al., 2016], workers may have different datasets. Consider the following
optimization problem:

min
x∈Rd

{
f(x) :=

1

n

n∑
i=1

Eξi∼Di
[fi(x; ξi)]

}
, (9)

where fi : Rd × Si → Rd and ξi are random variables with some distributions Di on Si. Problem (9) generalizes problem
(1).

C.1 RELATED WORK AND DISCUSSION

The optimization problem (9) has been thoroughly studied in many papers, including [Aytekin et al., 2016, Mishchenko et al.,
2018, Nguyen et al., 2022, Wu et al., 2022, Koloskova et al., 2022, Mishchenko et al., 2022]. There have been attempts to
analyze Asynchronous SGD in the heterogeneous setting. For example, Mishchenko et al. [2022] demonstrated convergence
only to a neighborhood of the solution. In general, achieving good rates for Asynchronous SGD is difficult without making
additional assumptions about the similarity of the functions fi [Koloskova et al., 2022, Mishchenko et al., 2022].

In the deterministic case, when σ2 = 0, Wu et al. [2022] analyzed the PIAG method in the deterministic heterogeneous
regime and showed convergence. Although the performance of PIAG can be good in practice, in the worst case PIAG requires
O
(
τnL̂∆/ε

)
seconds to converge, where τn is the time delay of the slowest worker, L̂ :=

√∑n
i=1 L

2
i , and Li is a Lipschitz

constant of ∇fi. Note that the synchronous Minibatch SGD (see Section 1.1) method has the complexity O(τnL∆/ε), which



is always better.1

Tyurin and Richtárik [2024] proposed an optimal method in the regime where worker computation times are deterministic,
similar to the homogeneous setup.

C.2 VECNA SGD

Here we describe our method called Vecna SGD.

Algorithm 3 Vecna SGD 2

1: Input: starting point x0 ∈ Rd, stepsize γ > 0, allotted times t1, . . . , tn ≥ 0, number of trials per client B1, . . . , Bn ≥ 0

2: for k = 1, 2, . . . ,K do
3: Put gki = 0
4: Send xk to all clients
5: Run Method 4 in all clients i = 1, 2, . . . , n
6: while there is a client that has trials to perform do
7: Wait for the fastest client
8: Receive gradient gi from client i
9: gki = gki + g

10: end while
11: gk = 1

n

∑n
i=1

gk
i

piBi
, ⋄ pi = Fi(ti) = P (ηi ≤ ti).

12: xk+1 = xk − γgk

13: end for

Algorithm 4 Client i-s k-th step

1: Receive xk from the server
2: for j = 1, 2, . . . , Bi do
3: Sample ηji ∼ Ji ⋄ Start computing gradient estimator.
4: if ηji ≤ ti then
5: g = ∇f(xk; ξji ), ξji ∼ D ⋄ The computation completes within the allotted time ti.
6: Send g to the server
7: end if
8: end for

The Vecna SGD algorithm begins with an initialization at a starting point x0 in Rd, with a specified stepsize γ, time
allowances ti, and trial counts Bi for each client. In each iteration k, ranging from k = 1 to K, the server distributes the
current point xk to all clients. Each client i then executes a subroutine (Algorithm 4) to attempt to compute Bi stochastic
gradients from samples ξji drawn from a distribution D. During each attempt, client i starts computing a stochastic gradient; if
the computation exceeds the allotted time ti, they discard the current gradient and begin another computation. Consequently,
the actual number of stochastic gradients received from each client i becomes a random variable, ranging from 0 to Bi. The
expected number of gradients from client i is given by piBi. The server normalizes the gradients by the expected batch size
piBi and then aggregates them. Finally, the point is updated to xk+1 = xk − γgk following each aggregation round.

C.3 CONVERGENCE THEORY

The following theorem gives iterations guarantees for the convergence of Vecna SGD.

1In the nonconvex case, L̂ can be arbitrarily larger than L.
2We name our method Vecna SGD, drawing inspiration from Vecna from Stranger Things.

https://strangerthings.fandom.com/wiki/Vecna


Theorem C.1 (Proof in Appendix H.1). Assume that Assumptions 5.1, 5.2 and 5.3 hold for function fi for all i ∈ [n]. Let

γ = min
{

1√
LαK

, 1
Lβ ,

ε
2Lζ

}
in Algorithm 3. Then after

K ≥ 12∆L

ε
max

{
β,

12∆α

ε
,
2ζ

ε

}
,

iterations, the method guarantees that min0≤k≤K E
[∥∥∇f(xk)

∥∥2] ≤ ε, and

α =
L

n
max
i∈[n]

{
1− pi
piBi

}
, β = 1, ζ =

σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf ,

where ∆inf :=
∑n

i=1

(
f inf − f inf

i

)
.

C.4 TIME COMPLEXITY

The following theorem gives time complexity for Vecna SGD.

Theorem C.2 (Proof in Appendix H.2). Assume that Assumptions 5.1, 5.2 and 5.3 hold for function fi for all i ∈ [n]. Let

γ = min
{

1√
LαK

, 1
L ,

ε
2L

}
in Algorithm 3, where

α =
L

n
max
i∈[n]

{
1− pi
piBi

}
, ζ =

σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf .

Let t = (t1, . . . , tn), t1, . . . , tn ≥ 0. Without loss of generality assume that 0 < τ1 + t1 ≤ · · · ≤ τn + tn. Let

T = τn + tn +

[
1

n

n∑
i=1

τi + ti
pi

]
σ2

nε
+max

i∈[n]

{
1− pi
pi

(τi + ti)

}
L
(
∆+∆inf

)
nε

.

Put
Bi = ⌈bi⌉, bi =

T

τi + ti
.

Then, Vecna SGD guarantees to find an ϵ-stationary point after

TVecnaSGD(t) ≤ 288× ∆L

ε

(
τn + tn +

[
1

n

n∑
i=1

τi + ti
pi

]
σ2

nε
+max

i∈[n]

{
1− pi
pi

(τi + ti)

}
L
(
∆+∆inf

)
nε

)
seconds.

D THE RENNALA ALGORITHM

Algorithm 5 Rennala SGD

1: Input: starting point x0, stepsize γ, batch size S
2: Run Method 6 in all workers
3: for k = 0, 1, . . . ,K − 1 do
4: Init gk = 0 and s = 1
5: while s ≤ S do
6: Wait for the next worker
7: Receive gradient and iteration index (g, k′)
8: if k′ = k then
9: gk = gk + 1

S g; s = s+ 1
10: end if
11: Send (xk, k) to the worker
12: end while
13: xk+1 = xk − γgk

14: end for

Algorithm 6 Worker’s Infinite Loop

1: Init g = 0 and k′ = −1
2: while True do
3: Send (g, k′) to the server
4: Receive (xk, k) from the server
5: k′ = k
6: g = ∇f(xk; ξ), ξ ∼ D
7: end while



We mention the Rennala SGD throughout the paper, here we provide a brief introduction to the method and its development.
Algorithm 5 shows the work done by the server. Essentially, the server asynchronously waits to collect a batch of size S,
whenever it receives a gradient from a worker that has the same iteration as the algorithm, it assigns it to compute a gradient
at the same point xk. After collecting the batch, we preform a synchronous update (given that all gradients were made on
the same point xk), using an average of the collected batch.

E THE CLASSICAL SGD THEORY

In this section, we present the classical SGD theory as developed by Ghadimi and Lan [2013] and Khaled and Richtárik
[2020]. Our analysis will follow the approach of the latter.

We consider the stochastic gradient descent (SGD) method:

xk+1 = xk − γg(xk),

where x0 ∈ Rd is the initial point, and g(x) is a stochastic gradient estimator at x.

We make the following assumption:

Assumption E.1. The stochastic gradient estimator g(x) satisfies:

E [g(x)] = ∇f(x)

E
[
∥g(x)∥2

]
≤ 2α

(
f(x)− f inf

)
+ β ∥∇f(x)∥2 + ζ,

for all x ∈ Rd and some constants α, β, ζ ≥ 0.

This assumption is both general and reasonable, and it is satisfied by many modern SGD-type methods. For further details,
refer to Khaled and Richtárik [2020].

Under this assumption, we can derive the following convergence result.

Theorem E.2 (Corollary 1 [Khaled and Richtárik, 2020]). Assume that Assumptions 5.1, 5.2 and E.1 hold. Then for any
ε > 0

min
0≤k≤K

E
[∥∥∇f(xk)

∥∥2] ≤ ε

for

γ = min

{
1√
LαK

,
1

Lβ
,

ε

2Lζ

}
,

and

K ≥
12L

(
f(x0)− f inf

)
ε

max

{
β,

12∆α

ε
,
2ζ

ε

}
.

F PROOFS FOR PROPOSITIONS IN SECTION 4

Proposition 4.1. Consider the single device setup. Let K be the number of iterations required by Rennala SGD with
batch size B to find an ε-stationary point. For sufficiently small ε, MindFlayer SGD with the same batch size B, needs K/p
iterations to find an ε-stationary point.

Proof. The iterations of Rennala SGD can be viewed as iterations of Minibatch SGD. Thus, we can apply the classical SGD
theory (Theorem E.2) to derive its iteration complexity:

K = max

{
1,

σ2

εB

}
8L(f(x0)− f inf)

ε
.



For MindFlayer SGD, the iteration complexity follows from Theorem 5.4. Therefore, the number of iterations KM required
for MindFlayer SGD to guarantee that

1

KM

KM−1∑
k=0

E
[∥∥∇f(xk)

∥∥2] ≤ ε

is given by

KM = max

{
1,

σ2

εBp

}
8L(f(x0)− f inf)

ε
.

If ε ≤ σ2

B , we have

KM =
K

p
.

Proposition 4.3. For the n = 1 case, if s > τ +Med[η] then MindFlayer SGD is faster than Rennala SGD. Moreover, if
s = (τ +Med[η]) (2α− 1) then

TRennalaSGD

TMindFlayerSGD (Med[η])
≥ α.

Proof. Let t = Med[η] =: m, recall that s = E [η]−m, then we have:

TMindFlayerSGD(m) ≤ K

p
B(τ + t) = 2KB (τ +m) ,

TRennalaSGD = KB(τ + E [η]) = KB(τ +m+ s).

Thus, if s > τ +m then MindFlayer SGD is faster than Rennala SGD.

Now, let s = (τ +m) (2α− 1) then

TRennalaSGD

TMindFlayerSGD (m)
≥ τ +m+ s

2 (τ +m)
=

2α (τ +m)

2 (τ +m)
= α.

G PROOFS FOR HOMOGENEOUS REGIME

G.1 PROOF OF THEOREM 5.4

First, we rewrite MindFlayer SGD in a classical SGD way where we do gradient step with an unbiased estimator of the
gradient at each iteration.

Algorithm 7 MindFlayer SGD

1: Input: starting point x0, stepsize γ, time budgets t1, . . . , tn ≥ 0, batch sizes B1, . . . , Bn ≥ 0,
2: for k = 0, 1, . . . ,K − 1 do
3: gk = 1

B

∑n
i=1

∑Bi

j=1 I
(
ηji ≤ ti

)
∇f

(
xk; ξji

)
4: xk+1 = xk − γgk

5: end for

where B =
∑n

i=1 piBi, pi = F (ti) = P (ηi ≤ ti) and I(·) denotes the indicator function. To prove the theorem we need to
establish some properties of the gradient estimator. First, we need an unbiased estimator.

Lemma G.1 (Proof in Appendix G.1.1). The gradient estimator in Algorithm 7 given by

g(x) :=
1

B

n∑
i=1

Bi∑
j=1

I
(
ηji ≤ ti

)
∇f

(
x; ξji

)
is unbiased, i.e., E [g(x)] = ∇f(x) for all x ∈ Rd.



Next, we obtain an upper bound for the variance of this estimator.

Lemma G.2 (Proof in Appendix G.1.2). The gradient estimator in Algorithm 7 given by

g(x) :=
1

B

n∑
i=1

Bi∑
j=1

I
(
ηji ≤ ti

)
∇f

(
x; ξji

)
satisfies

E
[∥∥g(x)2∥∥] ≤ 2 ∥∇f(x)∥2 + 1

B
σ2.

We are ready to prove the Theorem 5.4.

Theorem 5.4. Assume that Assumptions 5.1, 5.2 and 5.3 hold. Let

B =

n∑
i=1

piBi and γ =
1

2L
min

{
1,

εB

σ2

}
in Algorithm 1. Then, after

K ≥ max

{
1,

σ2

εB

}
8L
(
f(x0)− f inf

)
ε

iterations, the method guarantees that 1
K

∑K−1
k=0 E

[∥∥∇f(xk)
∥∥2] ≤ ε.

Proof. Note that Algorithm 1 can be viewed as a special case of classical stochastic gradient descent (SGD), as reformulated
in Algorithm 7. We need to verify that the gradient estimator fulfills the conditions required by classical SGD (Theorem E.2).
The two preceding lemmas address this requirement precisely. Specifically, Lemma G.1 confirms that the gradient estimator
used in Algorithm 7 is unbiased, while Lemma G.2 verifies that the variance of this estimator meets the conditions specified
in Assumption E.1, with α = 0, β = 2 and ζ = σ2

B . Consequently, it remains to apply Theorem E.2.

G.1.1 Proof of Lemma G.1

Lemma G.1. The gradient estimator in Algorithm 7 given by

g(x) :=
1

B

n∑
i=1

Bi∑
j=1

I
(
ηji ≤ ti

)
∇f

(
x; ξji

)
is unbiased, i.e., E [g(x)] = ∇f(x) for all x ∈ Rd, where B =

∑n
i=1 piBi.

Proof. This follows from direct computation:

E [g(x)] = E

 1

B

n∑
i=1

Bi∑
j=1

I
(
ηji ≤ ti

)
∇f

(
x; ξji

)
=

1

B

n∑
i=1

Bi∑
j=1

E
[
I
(
ηji ≤ ti

)
∇f

(
x; ξji

)]
(ηj

i⊥⊥ξji )
=

1

B

n∑
i=1

Bi∑
j=1

E
[
I
(
ηji ≤ ti

)]
E
[
∇f

(
x; ξji

)]

=
1

B

n∑
i=1

Bi∑
j=1

pi∇f(x)

= ∇f(x)
1

B

n∑
i=1

piBi

= ∇f(x).



G.1.2 Proof of Lemma G.2

Lemma G.2. The gradient estimator in Algorithm 7 given by

g(x) :=
1

B

n∑
i=1

Bi∑
j=1

I
(
ηji ≤ ti

)
∇f

(
x; ξji

)
satisfies

E
[∥∥g(x)2∥∥] ≤ 2 ∥∇f(x)∥2 + 1

B
σ2,

where B =
∑n

i=1 piBi.

Proof. In order to simplify notation, let

ai :=

Bi∑
j=1

bji ,

where
bji := I

(
ηji ≤ ti

)
∇f

(
x; ξji

)
.

Step 1 (Initial expression). We express E
[
∥g(x)∥2

]
in terms of ai:

E
[
∥g(x)∥2

]
= E

∥∥∥∥∥ 1

B

n∑
i=1

ai

∥∥∥∥∥
2
 =

1

B2
E

 n∑
i=1

∥ai∥2 +
∑
i ̸=j

⟨ai, aj⟩

 .

We further simplify both terms via:

∥ai∥2 =

∥∥∥∥∥∥
Bi∑
j=1

bji

∥∥∥∥∥∥
2

=

Bi∑
j=1

∥∥∥bji∥∥∥2 +∑
k ̸=l

〈
bki , b

l
i

〉
, (10)

⟨ai, aj⟩ =

〈
Bi∑
k=1

bki ,

Bj∑
l=1

blj

〉
=

Bi∑
k=1

Bj∑
l=1

〈
bki , b

l
j

〉
. (11)

Step 2. (Finding the expectations). Further

E
[∥∥∥bji∥∥∥2] = E

[(
I
(
ηji ≤ ti

))2 ∥∥∥∇f
(
x; ξji

)∥∥∥2]
(ηj

i⊥⊥ξji )
= E

[(
I
(
ηji ≤ ti

))2]
E
[∥∥∥∇f

(
x; ξji

)∥∥∥2]
≤ pi

(
∥∇f(x)∥2 + E

[∥∥∥∇f
(
x; ξji

)
−∇f(x)

∥∥∥2])
(Assumption 5.3)

≤ pi

(
∥∇f(x)∥2 + σ2

)
, (12)

and

E
[〈
bki , b

l
j

〉]
= E

[〈
I
(
ηki ≤ ti

)
∇f

(
x; ξki

)
, I
(
ηlj ≤ tj

)
∇f

(
x; ξlj

)〉]
(⊥⊥)
= E

[
I
(
ηki ≤ ti

)]
E
[
I
(
ηlj ≤ tj

)] 〈
E
[
∇f

(
x; ξki

)]
,E
[
∇f

(
x; ξlj

)]〉
= pipj ∥∇f(x)∥2 . (13)



Step 3 (Putting everything together). We start with

E
[
∥ai∥2

] (10,12,13)

≤ Bipi

(
∥∇f(x)∥2 + σ2

)
+Bi (Bi − 1) p2i ∥∇f(x)∥2

≤ Bipi

(
∥∇f(x)∥2 + σ2

)
+B2

i p
2
i ∥∇f(x)∥2 ,

using this and recalling the definition of B, we get

E

[
n∑

i=1

∥ai∥2
]
≤ B ∥∇f(x)∥2 +Bσ2 + ∥∇f(x)∥2

n∑
i=1

B2
i p

2
i .

Next

⟨ai, aj⟩
(11,13)
= BipiBjpj ∥∇f(x)∥2 ,

finally,

E
[
∥g(x)∥2

]
=

1

B2
E

 n∑
i=1

∥ai∥2 +
∑
i̸=j

⟨ai, aj⟩


≤ 1

B2

B ∥∇f(x)∥2 +Bσ2 +

 n∑
i=1

B2
i p

2
i +

∑
i ̸=j

BipiBjpj

 ∥∇f(x)∥2


=
1

B2

(
B +B2

)
∥∇f(x)∥2 + σ2

B

≤ 2 ∥∇f(x)∥2 + σ2

B
.

G.2 PROOF OF THEOREM 5.5

The following lemma gives time complexity for any choice of B1, . . . , Bn and t = (t1, . . . , tn) in MindFlayer SGD.

Lemma G.3 (Proof in Appendix G.2.1). Assume that Assumptions 5.1, 5.2 and 5.3 hold. Let

B =

n∑
i=1

piBi and γ =
1

2L
min

{
1,

εB

σ2

}
in Algorithm 1. Then after

TMindFlayerSGD(t) ≤ max
i∈[n]

{Bi (τi + ti)}max

{
1,

σ2

εB

}
8L
(
f(x0)− f inf

)
ε

seconds, the method guarantees to find an ϵ-stationary point.

Now we are ready to prove the theorem.

Theorem 5.5. Assume that Assumptions 5.1, 5.2 and 5.3 hold. Let

B =

n∑
i=1

piBi and γ =
1

2L
min

{
1,

εB

σ2

}
in Algorithm 1. Let t = (t1, . . . , tn), t1, . . . , tn ≥ 0. Without loss of generality assume that 0 < τ1 + t1 ≤ · · · ≤ τn + tn.
Let

t(m) =

 m∑
j=1

pj
τj + tj

−1S +

m∑
j=1

pj

 ,



where S = max
{
1, σ2

ε

}
. Let m∗ = argminm∈[n] t(m), if there are several minimizers we take the smallest one. Put

Bi = ⌈bi⌉, bi =

{
t(m∗)
τi+ti

− 1, if i ≤ m∗,

0, if i > m∗.

Then, MindFlayer SGD guarantees to find an ϵ-stationary point after

TMindFlayerSGD(t) ≤ 8× min
m∈[n]


 1

m

m∑
j=1

pj
τj + tj

−1 S

m
+

1

m

m∑
j=1

pj

 ∆L

ε


seconds.

Proof. First we show that Bi-s are valid choice, i.e. bi > 0 for i ≤ m∗. If m∗ = 1, then t(1) = τ1+t1
p1

(S + p1), thus
b1 = S

p1
> 0. If m∗ > 1, then, by its definition, t(m∗) < t(m∗ − 1). This impliesm∗∑

j=1

pj
τj + tj

−1S +

m∗∑
j=1

pj

 <

m∗−1∑
j=1

pj
τj + tj

−1S +

m∗−1∑
j=1

pj

 ,

leading to m∗−1∑
j=1

pj
τj + tj

S +

m∗∑
j=1

pj

 <

m∗∑
j=1

pj
τj + tj

S +

m∗−1∑
j=1

pj


and

pm∗

m∗∑
j=1

pj
τj + tj

 <
pm∗

τm∗ + tm∗

S +

m∗∑
j=1

pj

 .

From the last inequality, we get that τm∗ + tm∗ < t(m∗), thus bi ≥ bm∗ > 0 for all i ≤ m∗.

It remains to find the time complexity with these choices of Bi. From Lemma G.3, we have that the time complexity is

TMindFlayerSGD(t) ≤ max
i∈[n]

{Bi (τi + ti)}max

{
1,

σ2

εB

}
8∆L

ε
.

Then,
max
i∈[n]

{Bi (τi + ti)} ≤ max
bi ̸=0

{(bi + 1) (τi + ti)} = t(m∗).

On the other hand

B =

n∑
i=1

piBi ≥
n∑

i=1

pibi =

m∗∑
i=1

t(m∗)
pi

τi + ti
−

m∗∑
i=1

pi

=

m∗∑
j=1

pj
τj + tj

−1S +

m∗∑
j=1

pj

 m∗∑
i=1

pi
τi + ti

−
m∗∑
i=1

pi = S ≥ σ2

ε
.

Therefore, the time complexity is

TMindFlayerSGD(t) ≤ t(m∗)
8∆L

ε

= min
m∈[n]


 m∑

j=1

pj
τj + tj

−1S +

m∑
j=1

pj


 8∆L

ε
.



G.2.1 Proof of Lemma G.3

Lemma G.3. Assume that Assumptions 5.1, 5.2 and 5.3 hold. Let B =
∑n

i=1 piBi and γ = 1
2L min

{
1, εB

σ2

}
in Method 1.

Then after

TMindFlayerSGD(t) ≤ max
i∈[n]

{Bi (τi + ti)}max

{
1,

σ2

εB

}
8L
(
f(x0)− f inf

)
ε

seconds, the method guarantees to find an ϵ-stationary point.

Proof. Let T j
i (ti) be the random time taken by client i in the j-th attempt of calculating gradient estimator. We have

T j
i (ti) =

{
τi + ηji , if ηji ≤ ti,

τi + ti, if ηji > ti.
(14)

Thus, the random time taken for client i to finish it’s all bi trials is

Ti(ti) :=
Bi∑
j=1

T j
i (ti) ≤ Bi (τi + ti) . (15)

Finally, let T be the random time required for one iteration of MindFlayer SGD. We get

T = max
i∈[n]

Ti(ti) ≤ max
i∈[n]

{Bi (τi + ti)}. (16)

It remains to multiply T with the number of iterations K given by Theorem 5.4.

H PROOFS FOR HETEROGENEOUS REGIME

H.1 PROOF OF THEOREM C.1

Here, we rewrite Vecna SGD (Algorithm 3) in a classical SGD way.

Algorithm 8 Vecna SGD

1: Input: starting point x0, stepsize γ, time budgets t1, . . . , tn ≥ 0, batch sizes b1, . . . , bn ≥ 0,
2: for k = 0, 1, . . . ,K − 1 do
3: gk = 1

n

∑n
i=1

1
piBi

∑Bi

j=1 I
(
ηji ≤ ti

)
∇fi

(
xk; ξji

)
4: xk+1 = xk − γgk

5: end for

where pi = F (ti) = P (ηi ≤ ti).

To prove the theorem we need to establish some properties of the gradient estimator. First, we need an unbiased estimator.

Lemma H.1 (Proof in Appendix H.1.1). The gradient estimator in Algorithm 8 given by

g(x) :=
1

n

n∑
i=1

1

piBi

Bi∑
j=1

I
(
ηji ≤ ti

)
∇fi

(
x; ξji

)
is unbiased, i.e., E [g(x)] = ∇f(x) for all x ∈ Rd.

Next, we obtain an upper bound for the variance of this estimator.



Lemma H.2 (Proof in Appendix H.1.2). The gradient estimator in Algorithm 8 given by

g(x) :=
1

n

n∑
i=1

1

piBi

Bi∑
j=1

I
(
ηji ≤ ti

)
∇fi

(
x; ξji

)

satisfies

E
[∥∥g(x)2∥∥] ≤ 2L∆

n
max
i∈[n]

{
1− pi
piBi

}
+ ∥∇f(x)∥2 + σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf .

We are ready to prove Theorem C.1. First, let us restate the theorem.

Theorem C.1. Assume that Assumptions 5.1, 5.2 and 5.3 hold for function fi for all i ∈ [n]. Let

γ = min

{
1√
LαK

,
1

Lβ
,

ε

2Lζ

}

in Algorithm 3. Then after

K ≥ 12∆L

ε
max

{
β,

12∆α

ε
,
2ζ

ε

}
,

iterations, the method guarantees that min0≤k≤K E
[∥∥∇f(xk)

∥∥2] ≤ ε, and

α =
L

n
max
i∈[n]

{
1− pi
piBi

}
, β = 1, ζ =

σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf .

Proof. Note that Algorithm 3 can be viewed as a special case of classical stochastic gradient descent (SGD), as reformulated
in Algorithm 8. We need to verify that the gradient estimator fulfills the conditions required by classical SGD (Theorem E.2).
The two preceding lemmas address this requirement precisely. Specifically, Lemma H.1 confirms that the gradient estimator
used in Algorithm 8 is unbiased, while Lemma H.2 verifies that the variance of this estimator meets the conditions specified
in Assumption E.1. Consequently, it remains to apply Theorem E.2.

H.1.1 Proof of Lemma H.1

Lemma H.1.1. The gradient estimator in Algorithm 8 given by

g(x) :=
1

n

n∑
i=1

1

piBi

Bi∑
j=1

I
(
ηji ≤ ti

)
∇fi

(
x; ξji

)

is unbiased, i.e., E [g(x)] = ∇f(x) for all x ∈ Rd.



Proof. This follows from direct computation:

E [g(x)] = E

 1

n

n∑
i=1

1

piBi

Bi∑
j=1

I
(
ηji ≤ ti

)
∇fi

(
x; ξji

)
=

1

n

n∑
i=1

1

piBi

Bi∑
j=1

E
[
I
(
ηji ≤ ti

)
∇fi

(
x; ξji

)]
(ηj

i⊥⊥ξji )
=

1

n

n∑
i=1

1

piBi

Bi∑
j=1

E
[
I
(
ηji ≤ ti

)]
E
[
∇fi

(
x; ξji

)]

=
1

n

n∑
i=1

1

piBi

Bi∑
j=1

pi∇fi(x)

=
1

n

n∑
i=1

∇fi(x)

= ∇f(x).

H.1.2 Proof of Lemma H.2

Lemma H.2. The gradient estimator in Algorithm 8 given by

g(x) :=
1

n

n∑
i=1

1

piBi

Bi∑
j=1

I
(
ηji ≤ ti

)
∇fi

(
x; ξji

)
satisfies

E
[∥∥g(x)2∥∥] ≤ 2L∆

n
max
i∈[n]

{
1− pi
piBi

}
+ ∥∇f(x)∥2 + σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf .

Proof. Since ηji and ξji are independent of each other for all i ∈ [n] and j, we have

Var (g(x)) =
1

n2

n∑
i=1

1

p2iB
2
i

Bi∑
j=1

Var
(
I
(
ηji ≤ ti

)
∇fi

(
x; ξji

))
,

then we use the fact that

Var (XY ) = Var (X)Var (Y ) + Var (X)E [Y ]
2
+Var (Y )E [X]

2
,

where X and Y are independent random variables. Hence, we obtain the following bound on the variance

Var
(
I
(
ηji ≤ ti

)
∇fi

(
x; ξji

))
≤ pi(1− pi)σ

2 + pi (1− pi) ∥∇fi(x)∥2 + σ2p2i

= piσ
2 + pi (1− pi) ∥∇fi(x)∥2 .

As a result, the variance of g(x) is bounded by

Var (g(x)) ≤ 1

n2

n∑
i=1

1

p2iB
2
i

Bi∑
j=1

(
piσ

2 + pi (1− pi) ∥∇fi(x)∥2
)

=
1

n2

n∑
i=1

1

piBi

(
σ2 + (1− pi) ∥∇fi(x)∥2

)
.



Finally

E
[∥∥g(x)2∥∥] = Var (g(x)) + ∥E [g(x)] ∥2

≤ ∥∇f(x)∥2 + 1

n2

n∑
i=1

1− pi
piBi

∥∇fi(x)∥2 +
σ2

n2

n∑
i=1

1

piBi
.

Next we use ∥∇fi(x)∥2 ≤ 2L
(
fi(x)− f inf

i

)
, thus

E
[∥∥g(x)2∥∥] ≤ 2L

n2

n∑
i=1

1− pi
piBi

(
fi(x)− f inf

i

)
+ ∥∇f(x)∥2 + σ2

n2

n∑
i=1

1

piBi

≤ 2L

n
max
i∈[n]

{
1− pi
piBi

}
1

n

n∑
i=1

(
fi(x)− f inf

i

)
+ ∥∇f(x)∥2 + σ2

n2

n∑
i=1

1

piBi

=
2L

n
max
i∈[n]

{
1− pi
piBi

}(
f(x)− f inf

)
+ ∥∇f(x)∥2

+
σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
1

n

n∑
i=1

(
f inf − f inf

i

)
.

H.2 PROOF OF THEOREM C.2

The following lemma gives time complexity for any choice of B1, . . . , Bn and t = (t1, . . . , tn) in Vecna SGD.

Lemma H.3 (Proof in Appendix H.2.1). Assume that Assumptions 5.1, 5.2 and 5.3 hold for function fi for all i ∈ [n]. Let

γ = min
{

1√
LαK

, 1
L ,

ε
2Lζ

}
in Algorithm 3. Then after

TVecnaSGD(t) ≤ max
i∈[n]

{Bi (τi + ti)}
12∆L

ε
max

{
1,

12∆α

ε
,
2ζ

ε

}
seconds, where the method guarantees to find an ϵ-stationary point, where ∆ = f(x0)− f inf and

α =
L

n
max
i∈[n]

{
1− pi
piBi

}
, ζ =

σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf .

Now we are ready to prove the theorem.

Theorem C.2. Assume that Assumptions 5.1, 5.2 and 5.3 hold for function fi for all i ∈ [n]. Let γ = min
{

1√
LαK

, 1
L ,

ε
2L

}
in Algorithm 3, where

α =
L

n
max
i∈[n]

{
1− pi
piBi

}
, ζ =

σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf .

Let t = (t1, . . . , tn), t1, . . . , tn ≥ 0. Without loss of generality assume that 0 < τ1 + t1 ≤ · · · ≤ τn + tn. Let

T = τn + tn +

[
1

n

n∑
i=1

τi + ti
pi

]
σ2

nε
+max

i∈[n]

{
1− pi
pi

(τi + ti)

}
L
(
∆+∆inf

)
nε

.

Put

Bi = ⌈bi⌉, bi =
T

τi + ti
.



Then, Vecna SGD guarantees to find an ϵ-stationary point after

TVecnaSGD(t) ≤ 288× ∆L

ε

(
τn + tn +

[
1

n

n∑
i=1

τi + ti
pi

]
σ2

nε
+

[
1

n

n∑
i=1

1− pi
pi

(τi + ti)

]
∆L

nε

)

seconds.

Proof. Since we have bi ≥ 1 for all i ∈ [n], we get

max
i∈[n]

{Bi (τi + ti)} ≤ max
bi ̸=0

{(bi + 1) (τi + ti)} ≤ 2max
i∈[n]

{bi (τi + ti)} = 2T.

It remains to apply Lemma H.3. We get

12∆α

ε
=

12∆L

εn
max
i∈[n]

{
1− pi
piBi

}
≤ 12∆L

εn
max
i∈[n]

{
1− pi
pibi

}
=

12∆L

nε

1

T
max
i∈[n]

{
1− pi
pi

(τi + ti)

}
≤ 12,

and

2ζ

ε
=

2σ2

εn2

n∑
i=1

1

piBi
+

4L∆inf

nε
max
i∈[n]

{
1− pi
piBi

}

≤ 2σ2

εn2

n∑
i=1

1

pibi
+

4L∆inf

nε
max
i∈[n]

{
1− pi
pibi

}

≤ 2σ2

nε

1

T

1

n

n∑
i=1

τi + ti
pi

+
4L∆inf

nε

1

T
max
i∈[n]

{
1− pi
pi

(τi + ti)

}
≤ 4.

Finally, we get that Algorithm 3 returns a solution after

TMindFlayerSGD(t) ≤ max
i∈[n]

{Bi (τi + ti)}
12∆L

ε
max

{
1,

12∆α

ε
,
2ζ

ε

}
≤ 288

∆L

ε
T

≤ 288
∆L

ε

(
τn + tn +

[
1

n

n∑
i=1

τi + ti
pi

]
σ2

nε
+max

i∈[n]

{
1− pi
pi

(τi + ti)

}
L
(
∆+∆inf

)
nε

)

seconds.

H.2.1 Proof of Lemma H.3

Lemma H.3. Assume that Assumptions 5.1, 5.2 and 5.3 hold for function fi for all i ∈ [n]. Let γ = min
{

1√
LαK

, 1
L ,

ε
2Lζ

}
in Algorithm 3. Then after

TVecnaSGD(t) ≤ max
i∈[n]

{Bi (τi + ti)}
12∆L

ε
max

{
1,

12∆α

ε
,
2ζ

ε

}
seconds, where the method guarantees to find an ϵ-stationary point, and

α =
L

n
max
i∈[n]

{
1− pi
piBi

}
, ζ =

σ2

n2

n∑
i=1

1

piBi
+

2L

n
max
i∈[n]

{
1− pi
piBi

}
∆inf .



Proof. Let T j
i (ti) be the random time taken by client i in the j-th attempt of calculating gradient estimator. We have

T j
i (ti) =

{
τi + ηji , if ηji ≤ ti,

τi + ti, if ηji > ti.
(17)

Thus, the random time taken for client i to finish it’s all Bi trials is

Ti(ti) :=
Bi∑
j=1

T j
i (ti) ≤ Bi (τi + ti) . (18)

Finally, let T be the random time required for one iteration of Vecna SGD. We get

T = max
i∈[n]

Ti(ti) ≤ max
i∈[n]

{Bi (τi + ti)}. (19)

It remains to multiply T with the number of iterations K given by Theorem C.1.
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