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ABSTRACT

We consider a non-clairvoyant scheduling problem in which
the algorithm has access to a set of experts and must learn
in order to identify the useful experts. In particular, each
expert predicts a job size for each incoming job and the ob-
jective is to minimize total flow time in the M/G/1 setting.
With access to an empirical risk minimization oracle over
the experts, we are able to discover a good predictor from
a large set, rather than assuming we have a good predictor
from the beginning.

1. INTRODUCTION
The field of learning-augmented algorithms [8] focuses on

adding predictions into traditional algorithms to improve
performance when the predictions are good. Most works
have focused on using predictors with a specified perfor-
mance guarantee, and proving results on robustness and con-
sistency with respect to that guarantee (e.g., see the early
work of [6]).

A relatively underexplored area is integrating the method
by which a predictor is actually obtained, e.g., see [4, 5, 3].
The closest work to ours in considering “explicit predictors”
is that of [4], which introduces a setting where there is a
hypothesis class H that can be used to generate predictions.
The goal in [4] is to compete with the best hypothesis in
hindsight (in the agnostic setting), or the best offline algo-
rithm (in the realizable setting). We also similarly borrow
the terminology of “expert” from the experts problem [7] in
learning theory.

One weakness of the results in [4] is that the computation
time is linear in the size of the hypothesis class. As noted in
[2], models with large numbers of parameters have become
particularly relevant due to deep learning, and achieving
computational time logarithmic in the size of the hypothesis
class is a major goal in the contextual bandit setting [1].

In addition, while [4] focuses on static scheduling (where
all jobs are released at time 0), we study dynamic scheduling.
The settings of static and dynamic scheduling differ signif-
icantly in optimizing total flow time, as seen by the fact
that without predictions, static scheduling admits a sim-
ple 2-competitive algorithm (round robin) while dynamic
scheduling admits no constant-factor-competitive algorithm
[9]. Note that the total flow time is F (I) =

∑J
i=1 ci − ri

where ri and ci are the release and completion times, re-
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spectively, of job i. An algorithm is said to be c-competitive
for constant c if for any input I, F (I)/FOPT(I) ≤ c, where
FOPT(I) is the total flow time of the optimal offline al-
gorithm. Note that Shortest Remaining Processing Time
(SRPT) is an optimal offline algorithm [10].

The work [11] also studies dynamic scheduling with pre-
dictions in a stochastic setting, specifically the M/G/1. We
also study the M/G/1 setting. A lower bound of [4] shows
that if job arrivals and sizes are adversarial, it is impossible
to achieve total flow time loss (with respect to SRPT) that
is sublinear in the size of the hypothesis class, even in the
static, realizable case. A linear rate is not useful in the set-
ting of large hypothesis classes that we are interested in. In
[11], it is assumed that the algorithm has access to a pre-
dictor that, for a job of size s, outputs an estimate in the
range [αs, βs]. As discussed earlier, this does not explain
how the predictor was obtained, and in addition, it may
be unrealistic for a predictor to always output good predic-
tions. A predictor that does poorly on a small portion of the
job distribution should be possible to use effectively, and we
formalize this intuition.

2. SETTING
We study a stochastic M/G/1 setting. Note that the “M”

in the M/G/1 queue refers to inter-arrival times being drawn
i.i.d. from an exponential distribution with parameter λ.
The “G” refers to job sizes being drawn i.i.d. from some
distribution S with mean µ = E[S]. We also assume that
the inter-arrival times and job sizes are independent. The
“1” refers to having a single machine to process jobs with.
The load on the system is ρ = λµ. We assume that ρ < 1,
as in [11], specifically letting α = 1 − ρ with α > 0. This
corresponds to the assumption that jobs arrive slower than
the machine processes them, on average.

We will also assume that S is bounded (i.e., there exists
some B such that Ps∼S(s ≤ B) = 1), as in [4]. Then,
without loss of generality, we can assume that the maximum
possible job size is 1. In particular, if B > 1, then we can
work with A′ = A/B and S′ = S/B, Then,

E[S′]/E[A′] = (E[S]/B)/(E[A]/B) = E[S]/E[A]

so the new distributions can be regarded as a time-rescaled
version of the originals with the same load parameter ρ.

The set of experts we consider is F , where each f ∈ F
predicts a job size for each job. In particular, as each job
comes in, associated information xi is known, and f(xi) is
the prediction for job i. We assume that the contexts xi

come in i.i.d. from the context distribution X . Let si be the



true size of job i. The loss of each expert is the total ab-
solute deviation, specifically, loss(f) =

∑n
i=1 |f(xi)− si|. It

is not possible to achieve sublinear regret with unstructured
experts. We assume that structure exists in the form of
an ERM oracle [2], specifically an efficiently implementable
function that, when given (xi, si) pairs, outputs the expert
f∗ which minimizes loss(f) over those pairs.

3. CONTRIBUTIONS
We show that the following algorithm, which simply plays

the ERM on each round, has a total flow time that depends
smoothly on the loss of the best expert in hindsight.

Algorithm 1 ERM-based Algorithm

1: f∗ ← some arbitrary expert in F
2: for each time instant t do
3: A← the set of active jobs at time t
4: if A is not empty then
5: Schedule the job argmin

j∈A
f∗(j)

6: if job j completes then
7: f∗ ← ERM({(xi, si) from all completed jobs})
8: end if
9: end if
10: end for

Our analysis associates regret in the expert setting with
total flow time by establishing a structure of job completion
times for any work-conserving scheduler. In particular, we
show that any loss incurred by an expert affects only a small
(compared to n) number of jobs in the scheduler, due to the
regular occurrence of idle periods arising from α > 0.

In particular, in the agnostic setting, we prove that with
probability at least 1− δ, on instance I, the total flow time
F achieved by Algorithm 1 satisfies F (I) ≤ FOPT(I) +

O

((
log(n/δ)+λ

α

)(
loss(fOPT) +

√
n log(n|F|/δ)

2

))
where fOPT = argmin

f∈F
(
∑n

i=1 |f(xi) − si|). The proof

bounds the gap between the estimated and true losses of
each expert in a standard way using Hoeffding’s inequality
and a union bound.

In the realizable setting, where there exists f∗ that has
true loss of 0, we prove that with probability at least 1 −
δ, the total flow time F achieved by Algorithm 1 satisfies

F (I) ≤ FOPT(I) +O
((

log(n/δ)+λ
α

)
(log(n) log(n|F |/δ))

)
.

In this setting, the ERM computed on line 7 always has
an empirical loss of 0, and we apply a variance-based con-
centration inequality (specifically Freedman’s inequality) to
obtain a tighter bound than achievable through Hoeffding’s.

We also show that the number of ERM calls can be re-
duced from linear in n to logarithmic with an epoch-based
approach.
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