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Abstract

We study online interval scheduling in the irrevocable set-
ting, where each interval must be immediately accepted or
rejected upon arrival. The objective is to maximize the to-
tal length of accepted intervals while ensuring that no two
accepted intervals overlap. We consider this problem in a
learning-augmented setting, where the algorithm has access
to (machine-learned) predictions. The goal is to design algo-
rithms that leverage these predictions to improve performance
while maintaining robust guarantees in the presence of pre-
diction errors.
Our main contribution is the SemiTrust-and-Switch frame-
work, which provides a unified approach for combining
prediction-based and classical interval scheduling algorithms.
This framework applies to both deterministic and random-
ized algorithms and captures the trade-off between consis-
tency (performance under accurate predictions) and robust-
ness (performance under adversarial inputs). Moreover, we
provide lower bounds, proving the tightness of this frame-
work in particular settings.
We further design a randomized algorithm that smoothly in-
terpolates between prediction-based and robust algorithms.
This algorithm achieves both robustness and smoothness–its
performance degrades gracefully with the quality of the pre-
diction.

Extended version — https://arxiv.org/abs/2511.16194

Introduction
The online interval scheduling problem is a well-studied
model in algorithm design that captures the challenge of se-
lecting a subset of non-overlapping time intervals with the
goal of optimizing a given objective. Intervals arrive sequen-
tially over time, and the algorithm must irrevocably decide,
upon each arrival, whether to accept or reject the interval
without knowledge of future inputs. Each interval typically
represents a task, job, or request, and one natural objective
is to maximize the total length of the accepted intervals.
This model arises in a wide range of practical applications,
including computing resource management, manufacturing
systems, and real-time service scheduling. Additional do-
mains include vehicle routing and satellite communication
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scheduling (Bar-Noy et al. 1999). Two surveys by (Kolen
et al. 2007; Kovalyov, Ng, and Cheng 2007) provide com-
prehensive overviews of interval scheduling and its many
application areas.

While classical online algorithms for interval scheduling,
such as greedy approaches, offer strong worst-case guaran-
tees, their performance can be overly pessimistic in practi-
cal settings. This is further highlighted by the fact that most
lower-bound proofs rely on very carefully designed and
fragile instances. In many real-world systems, partial infor-
mation about future intervals is often available through his-
torical trends or forecasting techniques, including machine-
learned predictions. This motivates the study of learning-
augmented algorithms (also known as algorithms with pre-
dictions), which aim to bridge the gap between worst-case
online guarantees and the performance of offline algorithms
by leveraging predicted information during the decision pro-
cess.

As in the traditional online setting, the standard formula-
tion of interval scheduling requires decisions, that is accep-
tance or rejection of intervals, to be made irrevocably. How-
ever, it is known that no online algorithm can achieve a con-
stant competitive ratio for this problem in general (Lipton
and Tomkins 1994; Long and Thakur 1993). To address this
limitation, a relaxed model has been considered in which
accepted intervals may be revoked prior to their deadlines,
while rejections remain final. Several objective functions
have been considered for the classic online interval schedul-
ing problem, including maximizing the number of accepted
intervals (unit-weight) and maximizing the total length of
accepted intervals (proportional-weight). (Boyar et al. 2023)
studies the unit-weight case, where the goal is to maximize
the number of accepted intervals using predicted informa-
tion. Moreover, (Karavasilis 2025) considers a proportional-
weight objective, aiming to maximize the total length of ac-
cepted intervals in a revocable setting.

This leaves a natural gap: the irrevocable setting with pro-
portional weights, which models many practical scenarios
where job values depend on duration and decisions cannot
be revoked. In this work, we fill this gap by providing a com-
prehensive analysis of learning-augmented interval schedul-
ing under irrevocable decisions. We present both upper and
lower bounds, characterizing the trade-offs between consis-
tency and robustness in both deterministic and randomized
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settings. Moreover, we propose a smooth randomized algo-
rithm and provide both theoretical guarantees and experi-
mental results demonstrating its effectiveness on real-world
data.

Our Results and Techniques
A common design pattern in learning-augmented algorithms
is to combine two strategies: one that follows the predictions
and one that ignores them entirely. This allows the algorithm
to adapt its behavior based on the quality of the prediction.
The challenge, of course, is deciding how and when to rely
on each component.

A natural approach is to switch between a predictive and
a classic algorithm based on the reliability of the prediction.
This technique has been used effectively in several mini-
mization problems (Lykouris and Vassilvitskii 2021; Puro-
hit, Svitkina, and Kumar 2018; Rohatgi 2020; Antoniadis
et al. 2023; Wei 2020; Bamas et al. 2020; Bansal et al.
2020), where the algorithm initially relies on the prediction
and transitions to a backup strategy when the prediction ap-
pears unreliable, potentially continuing to switch as new ev-
idence emerges. While switching in maximization problems
poses additional challenges, it has been explored in online
bipartite matching with imperfect advice (Choo et al. 2024).
In this paper, we apply the switching technique to irrevo-
cable online interval scheduling, where early commitments
may permanently block future high-value intervals. There-
fore, the timing of the switch, as well as the behavior in the
prediction-trusting phase, becomes particularly delicate.

While switching is a natural way to combine two strate-
gies—one that trusts the prediction and one that ignores
it—another powerful approach arises in the randomized set-
ting: merging strategies probabilistically. We can define a
randomized algorithm that selects between a predictive and
a classic strategy based on a carefully chosen probabil-
ity distribution. Leveraging this idea, we design a random-
ized algorithm that not only maintains robustness but also
achieves smoothness—its performance degrades gracefully
as the prediction quality deteriorates.

We now summarize our main results and techniques,
which build on these merging principles.

The TRUST-AND-SWITCH Framework. We introduce a
general mechanism that allows algorithms to balance predic-
tive and non-predictive behavior. The TRUST-AND-SWITCH
framework takes as input a prediction model and a classic
algorithm, and it decides—based on an online evaluation
of the prediction—when to switch from trusting the predic-
tion to relying on the classic algorithm. The switch occurs
at most once and is irrevocable. We show that this simple
structure captures the trade-off between consistency and ro-
bustness. More specifically, it achieves 1-consistency, and if
the algorithm used after the switch is θ-competitive, then the
overall solution satisfies

|OPT| ≤ θ · |ALG|+ 2k,

where k is the maximum interval length.

The SEMITRUST-AND-SWITCH Framework. In addi-
tion to distinguishing between additive and multiplicative
loss, our goal is to expose a tunable trade-off between con-
sistency and robustness. This motivates a refined variant of
the framework: instead of blindly following the prediction,

the algorithm only follows the prediction for intervals whose
length is below a threshold τ , and accepts longer intervals
greedily. This hybrid approach improves robustness with-
out sacrificing too much consistency—in effect, it interpo-
lates between fully trusting and fully ignoring the predic-
tion. More specifically, it achieves (1 + k

τ )-consistency, and
if the algorithm used after the switch is θ-competitive, then
the overall solution satisfies

|OPT| ≤ max(θ,∆+ 1) · |ALG|+ τ,

where ∆ is the ratio between the longest and shortest interval
lengths.

Prediction Settings and Lower Bounds. Our frameworks
work with a binary prediction model (denoted Ô), where
predictions arrive online with the intervals and suggest
whether to accept (ôi = 1) or reject (ôi = 0) interval
Ii. We also establish lower bounds under a stronger, full-
information setting (denoted Î). Interestingly, our results
show that having access to more detailed predictions, or re-
ceiving them offline, does not improve the achievable guar-
antees. In particular, for the TRUST-AND-SWITCH frame-
work, we prove matching bounds for two-value instances:
any (1 + α)-consistent algorithm ALG′ with α < ⌈∆⌉−1

∆

must incur a robustness loss of at least ∆ · |ALG′| + k,
even when given full predictions. This matches the guar-
antee of the framework for this class of instances, making
the TRUST-AND-SWITCH framework optimal even when
full predictions are available. Moreover, we provide a lower
bound for our SEMITRUST-AND-SWITCH framework.

The SMOOTHMERGE Algorithm. We introduce a ran-
domized algorithm, SMOOTHMERGE, that merges the be-
haviors of two strategies in a probabilistic manner. The algo-
rithm simulates both strategies in parallel and independently.
Upon the arrival of each interval, proceeds as follows: if the
interval conflicts with previously accepted intervals, it is im-
mediately rejected; otherwise, if both simulations agree on
accepting (or rejecting), the algorithm follows that unan-
imous decision. When the simulations disagree, the algo-
rithm accepts the interval with probabilities pt and pg , cor-
responding to the two strategies. This probabilistic merging
yields both smoothness and robustness properties. Specifi-
cally, letting η denote the prediction error, we have:

E[|ALG|] ≥ max
{
|OPT| · (1− η) · pt · (1− pg),

pg − ptpg

1− ptpg
· |GREEDY|

}
.

Related Work
Online Interval Scheduling. The online interval schedul-
ing problem was introduced by (Lipton and Tomkins 1994),
who established the classical model in which intervals ar-
rive sequentially and must be irrevocably accepted or re-
jected upon arrival. The goal is to maximize the total length
of accepted, non-overlapping intervals. (Long and Thakur
1993) showed that there is no deterministic algorithm that
can achieve a constant competitive ratio, and (Lipton and
Tomkins 1994) showed that no randomized algorithm can
achieve a competitive ratio better than O(log∆), where ∆
is the ratio between the longest and shortest intervals, and
they provided an O((log∆)1+ϵ)-competitive algorithm.
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Several extensions of online interval scheduling have
been studied. In the revocable setting, where accepted in-
tervals can be later removed, improved competitive guar-
antees are possible (Borodin and Karavasilis 2023; Garay
et al. 1997; Tomkins 1995). Another extension of online in-
terval scheduling is the any order setting (Borodin and Kar-
avasilis 2023), where the order of intervals can be arbitrary,
and the sorted order setting (Lipton and Tomkins 1994),
where the intervals arrive in order of their release time. In
the weighted setting, where intervals have arbitrary weights,
no deterministic or randomized algorithm can achieve a fi-
nite competitive ratio in general (Woeginger 1994; Canetti
and Irani 1995). However, for weight functions tied to inter-
val length, (Woeginger 1994) identified classes (e.g., benev-
olent functions) that admit finite guarantees, and (Seiden
2000) gave improved randomized bounds. For a comprehen-
sive overview of the extensive literature on interval schedul-
ing, we refer to the survey by (Kolen et al. 2007), which
provides thorough coverage of algorithmic techniques and
complexity results across various problem variants.

Learning-augmented Algorithms. Traditional worst-
case analysis often fails to capture the practical performance
of algorithms, motivating the study of beyond worst-case
analysis (Roughgarden 2021). One prominent framework in
this direction is that of learning-augmented algorithms (also
known as algorithms with predictions), which incorporate
machine-learned advice into decision-making (Mitzen-
macher and Vassilvitskii 2022). (Lykouris and Vassilvitskii
2021) formalized this approach in the context of online
caching, introducing the now-standard notions of consis-
tency and robustness to measure how well an algorithm
performs under both accurate and adversarial predictions.
This framework has since been applied to a wide range of
online problems, including caching (Lykouris and Vassil-
vitskii 2021; Antoniadis et al. 2023; Rohatgi 2020; Wei
2020), secretary and matching problems (Antoniadis et al.
2020; Dütting et al. 2021), online graph algorithms (Azar,
Panigrahi, and Touitou 2022), and various scheduling
problems (Purohit, Svitkina, and Kumar 2018; Bamas et al.
2020; Mitzenmacher 2020; Lattanzi et al. 2020; Antoniadis,
Jabbarzade, and Shahkarami 2022). The scope of this area
also extends beyond online problems. For an up-to-date list
of papers in this field, we refer the reader to a curated online
repository by (Lindermayr and Megow 2025).

Online Interval Scheduling with Predictions. Finally,
the closest works to our own are (Boyar et al. 2023)
and (Karavasilis 2025). (Boyar et al. 2023) study the unit-
weight interval scheduling problem, where the objective is
to maximize the number of accepted intervals, given predic-
tions about the input sequence. They provide tight bounds on
the competitive ratio achievable by deterministic algorithms.
Their approach combines prediction-following with greedy
acceptance when it is possible without a decrease in the
profit of the planned solution. More recently, (Karavasilis
2025) considered proportional-weight interval scheduling in
a revocable setting, where the objective is to maximize the
total length of accepted intervals and decisions can be re-
voked before deadlines. This work focuses on binary pre-

dictions and develops algorithms that can adaptively mod-
ify their decisions based on observed prediction quality.
Our work addresses a crucial gap by studying proportional-
weight interval scheduling with irrevocable decisions.

Preliminaries
The input to the online interval scheduling problem consists
of a set I of n intervals. Each interval Ij ∈ I is defined by a
release time rj and a deadline dj , with length lj = dj − rj .
Intervals arrive online: the information about interval Ij ,
namely its release time, deadline, and length, becomes avail-
able to the algorithm only at time rj . Upon arrival, the al-
gorithm must make an irrevocable decision to either accept
or reject the interval, without knowledge of future intervals.
The accepted intervals must be non-overlapping, and the ob-
jective is to maximize the total length of the accepted subset.

Throughout this work, we assume that intervals arrive in
non-decreasing order of their release times. Without loss of
generality, we label the intervals I1, I2, . . . , In in order of
arrival, so that r1 ≤ r2 ≤ · · · ≤ rn.

We define the following key parameters:

• k = maxIj∈I lj : the maximum length of any interval.

• ∆ = k
minIj∈I lj

: the ratio between the maximum and
minimum interval lengths.

Given an algorithm A, we use A(I) to denote the out-
come of A on instance I, and |A(I)| to denote the total
length of intervals selected by it.

We define notation for subsets of intervals based on their
release times and deadlines. For timepoints t1, t2 ∈ R≥0,
let I(t1, t2) denote the subset of intervals in I whose re-
lease times and deadlines satisfy constraints determined by
t1 and t2, respectively. We use the symbol · to indicate that
no constraint is applied to that component (release time or
deadline). Superscripts ← and → indicate the direction of
the inequality: for a timepoint t, t← denotes times at or be-
fore t (i.e., ≤ t), and t→ denotes times strictly after t (i.e.,
> t). For example:

• I(t←1 , ·) is the set of intervals with release time ≤ t1 (no
constraint on deadline),

• I(·, t←2 ) is the set of intervals with deadline ≤ t2 (no
constraint on release time),

• I(t←1 , t→2 ) is the set of intervals with release time ≤ t1
and deadline > t2.

We denote the optimal offline algorithm by OPT. In partic-
ular, |OPT(I)| denotes the total length of the optimal offline
solution, and |ALG(I)| denotes the total length achieved by
the online algorithm under consideration.

The performance of an online algorithm is evaluated using
the competitive ratio, which measures the worst-case perfor-
mance relative to the optimal offline solution. The competi-
tive ratio is defined as:

competitive ratio = sup
I

|OPT(I)|
|ALG(I)|

,

where the supremum is taken over all possible input in-
stances I. An online algorithm is said to be c-competitive
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if competitive ratio ≤ c. In this case, the total length of in-
tervals accepted by the algorithm is guaranteed to be at least
1/c of the total length of intervals accepted by the optimal
offline solution for any input instance.

For randomized algorithms, the competitive ratio is de-
fined based on the expected performance of the algorithm.
Let E[ALG(I)] denote the expected total length of intervals
accepted by the randomized online algorithm. The competi-
tive ratio for randomized algorithms is defined as:

competitive ratio (randomized) = sup
I

|OPT(I)|
E[ALG(I)]

.

A randomized online algorithm is said to be c-competitive
if competitive ratio (randomized) ≤ c, meaning that the ex-
pected total length of intervals accepted by the algorithm is
at least 1/c of the total length accepted by the optimal offline
solution, for any input instance I.

Prediction Setup. Learning-augmented algorithms repre-
sent a class of algorithms that leverage pre-computed predic-
tions to enhance decision-making in online settings. These
predictions, often derived from sources such as statistical
models or machine learning systems, provide guidance to
the algorithm without requiring it to learn from real-time
data. In the context of the online interval scheduling prob-
lem, we consider the following prediction settings:

• Predictions Ô: The predictions Ô = {ô1, ô2, . . . , ôn}
are a binary vector, where ôi ∈ {0, 1} for each inter-
val Ii ∈ I. The value ôi = 1 indicates that the interval
Ii should be accepted, while ôi = 0 indicates that the
interval should be rejected. This prediction represents a
suggested optimal solution.

• Predictions Î: The predictions Î aim to provide complete
foresight into the characteristics of all intervals in the in-
put. Specifically, Î = {(r̂1, d̂1), (r̂2, d̂2), . . . , (r̂n, d̂n)},
where each tuple (r̂i, d̂i) contains the predicted release
time r̂i and deadline d̂i of interval Ii. The length of each
interval can be computed as l̂i = d̂i− r̂i. This prediction
setting aims to provide the algorithm with more detailed
information to guide its decisions.

Performance Metrics. We use ∗ to denote a generic pre-
diction model, which can represent any of the specific pre-
diction settings considered in this work (e.g., Ô or Î). If
I ◁ ∗ denotes all instances I for which the prediction ∗
is accurate, an algorithm is
• α-consistent if it is α-competitive when the prediction is

correct, i.e.,

max
I,∗:I◁∗

{
|OPT(I)|

|ALG(I, ∗)|

}
≤ α,

where ALG(I, ∗) denotes the solution returned by the
algorithm using the prediction ∗, and OPT(I) denotes
the optimal offline solution.

• β-robust if it is β-competitive regardless of the quality of
the prediction, i.e.,

max
I,∗

{
|OPT(I)|

|ALG(I, ∗)|

}
≤ β,

where I denotes all possible input instances, and the al-
gorithm’s performance is bounded even when the predic-
tion ∗ is arbitrarily inaccurate.
We denote by TRUST the algorithm that follows the pre-
diction blindly. Given a prediction Ô, for each interval
Ij , it accepts Ij if and only if ôj = 1.

Missing proofs and technical details are provided in the sup-
plementary material.

TRUST-AND-SWITCH Framework
In this section, we introduce a general framework for ad-
dressing the online interval scheduling problem with predic-
tions. Roughly speaking, the idea is to begin by following
the predictions and fall back to a classic algorithm once it is
certain that the predictions are not perfectly accurate. Using
this framework, we design both deterministic and random-
ized algorithms that utilize predictions Ô about the optimal
set of intervals.

At time rj , the algorithm has access to the set I(r←j , ·),
that is, all intervals released up to that point, alongside with
the corresponding predictions for these intervals.

Framework TRUST-AND-SWITCH. The general frame-
work receives intervals and predictions in an online manner,
along with a classic algorithm as input, and returns a robust
consistent online algorithm. It consists of two phases: the
trust phase and the independent phase. The algorithm begins
in the trust phase, where it follows the predictions blindly
and may transition to the independent phase at a designated
time point if the predictions are found to be inaccurate. In
the trust phase, decisions on whether to accept or reject an
interval are made solely based on the prediction. In contrast,
the independent phase ignores the predictions entirely and
makes decisions using the given classic algorithm, without
relying on any prediction.

Upon the arrival of interval Ij at time rj , the framework
evaluates the predictions, and the moment it is certain that
the predictions are inaccurate, it decides to switch to the
classic algorithm. Although the framework re-evaluates the
accuracy of the predictions at each release time rj , it also
takes into account the whole of I(r←j , ·).

More formally, upon the arrival of interval Ij at time rj ,
the framework computes the evaluation point:

tj := max
(
{rj} ∪ {di | Ii ∈ I(r←j , ·), ôi = 1}

)
.

This value ensures that if there is an accepted interval pre-
dicted to be in Ô that is still active at time rj , we evaluate
the prediction up to the last deadline among predicted inter-
vals in I(r←j , ·). Otherwise, we simply consider rj as the
evaluation point.

Note that if ôj = 1, then the corresponding evaluation
point is tj = dj ; however, if we are already certain at rj
about the inaccuracy of the predictions, the switch to the
independent phase can take place earlier.

To evaluate the accuracy of the prediction up to the time
tj , the algorithm first verifies the consistency of Ô: in other
words, whether all intervals in I(r←j , ·) with ôi = 1, in-
cluding Ij , are non-overlapping. If not, the prediction Ô is
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rj dj

ri diIi ∈ Ô

tj = di
I1 I2 I3

Figure 1: Classification of intervals when, at timepoint rj ,
the framework decides to switch based on the evaluation up
to tj = di, where Ii ∈ Ô. The three classes I1, I2, and I3
are illustrated with distinct visual styles in the figure.

clearly invalid, and the algorithm switches as soon as possi-
ble to the independent phase.

Otherwise, it compares the quality of the prediction with
the offline optimum up to time tj . Specifically, it verifies
whether

|OPT(I(r←j , t←j ))| > |TRUST(I(r←j , t←j ))|.

If this inequality holds, the algorithm transitions to the
independent phase and starts to run the classic algorithm as
soon as possible – that is: at rj if Ij ∈ Ô, and at tj otherwise
– on the instance I(r→j , ·) (resp. I(t→j , ·)) consisting of the
intervals released after this point. Otherwise, it continues in
the trust phase and accepts Ij if and only if ôj = 1.
Theorem 1. The TRUST-AND-SWITCH framework ALG
satisfies 1-consistency. Moreover, if the independent phase
uses a θ-competitive algorithm, then the framework satisfies

|OPT| ≤ θ · |ALG|+ 2k.

Proof Sketch. To prove 1-consistency, we show that if the
predictions are accurate, the framework never switches to
the independent phase. For the robustness guarantee, we par-
tition the intervals into three classes based on the last eval-
uation point tj : I1 (intervals ending before tj), I2 (inter-
vals spanning tj), and I3 (intervals starting after tj). Fig-
ure 1 illustrates this classification. We bound the optimal
value on I1 and I2 by the algorithm’s value plus an additive
k each, accounting for prediction evaluation and transition
cost. The contribution of I3 is bounded by the θ-competitive
algorithm used in the independent phase. Summing the three
parts yields the desired guarantee.

We note that the framework allows any deterministic or
randomized algorithm to be used in the independent phase.

Two-Value Instances We give a tighter bound for two-
value instances. All intervals in these instances have one of
two distinct lengths. We refer to these as short and long in-
tervals. More specifically, we show that the TRUST-AND-
SWITCH framework provides a better robustness guarantee
in this special case, due to the restricted structure of the in-
terval lengths.
Lemma 1. Consider the TRUST-AND-SWITCH framework
ALG, and assume that the independent phase uses a θ-
competitive algorithm. Then, on two-value instances, the al-
gorithm satisfies

|OPT| ≤ max{θ, 2} · |ALG|+ k.

Tightness
In this final subsection, we show that the guarantees of the
TRUST-AND-SWITCH framework are tight for two-value in-
stances. First, we prove that the GREEDY algorithm achieves
a robustness guarantee in this setting. Then, we show that
even under the strongest prediction model Î, no algorithm
with consistency better than 1 + ⌈∆⌉−1

∆ can achieve a
stronger robustness guarantee. This establishes the tightness
of the TRUST-AND-SWITCH framework for two-value in-
stances. While our lower bound extends to general instances
as well, there remains a gap between the upper and lower
bounds in the general setting.

GREEDY Algorithm We first bound the competitive ra-
tio of the GREEDY algorithm on two-value instances. This
will allow us to instantiate the robustness guarantee in our
framework. We briefly recall the definition of the GREEDY
algorithm below.

GREEDY. The GREEDY algorithm accepts an arriving in-
terval if and only if it does not overlap with any previously
accepted interval.
Lemma 2. Given a two-value instance I, let GREEDY(I)
be the solution obtained by the GREEDY algorithm. Then,

|OPT(I)| ≤ max{∆, 2} · |GREEDY(I)|.

Now, using Theorem 1, and Lemmas 1, and 2, we can
conclude the following proposition.
Proposition 1. Given a two-value instance and predictions
Ô, TRUST-AND-SWITCH(GREEDY) satisfies 1-consistency.
Moreover, it guarantees

|OPT| ≤ max{∆, 2} · |TRUST-AND-SWITCH(GREEDY)|+ k,

independent of the quality of the predictions.

Lower Bound We now show that the consis-
tency–robustness trade-off achieved by the TRUST-
AND-SWITCH framework is tight for two-value instances.
Even with access to full information through Î, no algorithm
with sufficiently strong consistency can guarantee a better
robustness bound.
Lemma 3. For any (1 + α)-consistent algorithm ALG′ for
two-value instances, with α < ⌈∆⌉−1

∆ , there exists an in-
stance I such that

∆ · |ALG′(I)|+ k ≤ |OPT(I)|,

even when provided with full predictions Î.

SEMITRUST-AND-SWITCH Framework
In this section, we turn to a more general variant of the
TRUST-AND-SWITCH framework that relaxes its reliance on
the predictions in the trust phase. The goal is to achieve a
better consistency–robustness trade-off. The key idea is to
define a length threshold and follow the prediction only for
intervals whose lengths fall below this threshold. Although
this approach sacrifices 1-consistency unless the threshold is
set very high, it allows for improved robustness guarantees
when predictions are unreliable.

Intuitively, this method ensures that the algorithm does
not miss promising long intervals in the case of inaccurate
predictions, thereby improving its worst-case performance.
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OPT

ALG
I ′1 Ii

I1 I2 I3 I4 I5

ri di di + k

Figure 2: The last connected component of the conflict graph
G(OPT, ALG) before switching. The styles of intervals rep-
resent their mapped counterparts. Note that I1 is the only
interval taken by OPT that is not mapped to any interval. All
intervals I4 and I5, which are mapped to Ii, are contained
within the range [ri, di + k].

Framework SEMITRUST-AND-SWITCH. In this frame-
work, the algorithm uses a length threshold τ to determine
whether to follow the prediction. More formally, in the trust
phase, the algorithm accepts an interval if either (i) the
prediction suggests it should be accepted, or (ii) the inter-
val’s length exceeds the threshold τ . As in TRUST-AND-
SWITCH, the algorithm evaluates the predictions over time
and switches to a classical algorithm in the independent
phase using the same strategy.

Note that the framework uses the TRUST algorithm to
evaluate the quality of the prediction. More specifically, it
compares the value of the predicted solution with the of-
fline optimum up to time tj , and switches to the independent
phase if

|OPT(I(r←j , t←j ))| > |TRUST(I(r←j , t←j ))|.

Since SEMITRUST-AND-SWITCH uses the same evalua-
tion procedure and switching strategy as the TRUST-AND-
SWITCH framework, we have the following observation.

Observation 1. SEMITRUST-AND-SWITCH switches to the
independent phase only if the predictions are inaccurate.

We now analyze the performance of the SEMITRUST-
AND-SWITCH framework as a function of the threshold pa-
rameter τ . Recall that in the trust phase, the algorithm ac-
cepts an interval if either the prediction suggests it should
be accepted, or its length exceeds τ . If τ is set below the
length of the shortest interval, the algorithm accepts all in-
tervals greedily, behaving identically to GREEDY. On the
other hand, if τ > k, where k is the maximum inter-
val length, then no interval is accepted based on length
alone, and the algorithm behaves identically to TRUST-AND-
SWITCH(GREEDY), relying fully on predictions in the trust
phase.

The interesting regime occurs when the threshold τ lies
strictly between the shortest and longest interval lengths.
Specifically, we assume throughout this section that

k

∆
< τ < k,

so that the algorithm accepts long intervals (with length > τ )
greedily, while relying on predictions only for short inter-
vals (with length ≤ τ ). This setting improves robustness by
ensuring that long, high-value intervals are not missed due
to inaccurate predictions, while still maintaining reasonable
consistency guarantees.

Theorem 2. The SEMITRUST-AND-SWITCH framework
ALG satisfies (1+ k

τ )-consistency. Moreover, if the indepen-
dent phase uses a θ-competitive algorithm, then the frame-
work satisfies

|OPT| ≤ max(θ,∆+ 1) · |ALG|+ τ.

Proof Sketch. For robustness, we analyze I1 ∪ I2 via the
conflict graph G(OPT, ALG). In the last connected compo-
nent before switching (see Figure 2), each interval in OPT
is mapped to one in ALG, contributing at most li + k per
Ii ∈ ALG. At most one unmapped interval remains, with
length at most τ .

Lower Bound We show a lower bound on the robustness
of algorithms with consistency better than ∆.
Lemma 4. Given two-value instances, no algorithm with
robustness better than ∆·|ALG|+ k

∆ can achieve consistency
better than ∆, even with full predictions Î.

Randomized Setting
In this section, we study randomized algorithms for online
interval scheduling with predictions. Our goal is to under-
stand how randomness can improve performance guaran-
tees. We first show that if we plug a randomized algorithm
into the independent phase of the TRUST-AND-SWITCH
framework, we obtain meaningful consistency–robustness
trade-offs. Our main result is the SMOOTHMERGE algo-
rithm, whose performance degrades gracefully with the
quality of the prediction. The key idea is to combine two
algorithms, one that uses predictions and another that is
prediction-agnostic, in a smooth and controlled manner.

The TRUST-AND-SWITCH Framework
The TRUST-AND-SWITCH framework naturally extends to
this setting by allowing a randomized algorithm to be used
in the independent phase.

VIRTUAL ALGORITHM, introduced by (Lipton and
Tomkins 1994), achieves a competitive ratio of 2 on two-
value instances. Therefore, using Theorem 1 and Lemma 1,
we obtain the following proposition.
Proposition 2. Given a two-value instance and predictions
Ô, TRUST-AND-SWITCH(VIRTUAL ALGORITHM) satisfies
1-consistency. Moreover, it guarantees

|OPT| ≤ 2 · |TRUST-AND-SWITCH(VIRTUAL ALGORITHM)|+ k,

independent of the quality of the predictions.
For general instances, (Lipton and Tomkins 1994) intro-

duced a randomized MARRIAGE ALGORITHM that achieves
a competitive ratio of O((log∆)1+ϵ), where ϵ > 0 is an
arbitrarily small constant. Therefore, using Theorem 1, we
obtain the following proposition.

Proposition 3. Given predictions Ô, TRUST-AND-
SWITCH(MARRIAGE ALGORITHM) satisfies 1-consistency.
Moreover, it guarantees

|OPT| ≤ max
{
2, O

(
(log∆)1+ϵ

)}
· |ALG|+ 2k,

where ALG denotes TRUST-AND-SWITCH(MARRIAGE AL-
GORITHM), independent of the quality of the predictions.
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Algorithm 1: SMOOTHMERGE

Input: Interval set I, Prediction Ô, probabilities pt, pg
Output: Selected interval set S

1: S ← ∅
2: for each interval I arriving in online order do
3: ATRUST ← true if TRUST accepts I
4: AGREEDY ← true if GREEDY accepts I
5: if I conflicts with any interval in S then
6: reject I
7: else if ATRUST = true and AGREEDY = true then
8: S ← S ∪ {I}
9: else if ATRUST = true and AGREEDY = false then

10: S ← S ∪ {I} with probability pt
11: else if ATRUST = false and AGREEDY = true then
12: S ← S ∪ {I} with probability pg
13: else
14: reject I
15: end if
16: end for
17: return S

A Smooth Algorithm
In this section, we introduce the SMOOTHMERGE algo-
rithm, which achieves smoothness while maintaining robust-
ness. The key insight is to combine two complementary al-
gorithms: one that follows the prediction and performs well
when the predictions are good (i.e., low error), and another
classic algorithm that maintains reasonable performance re-
gardless of prediction quality. Specifically, we design a ran-
domized algorithm by merging the TRUST and GREEDY al-
gorithms.

SMOOTHMERGE. Upon the arrival of each interval, the
algorithm proceeds as follows: if the interval conflicts with
any previously accepted interval, it is immediately rejected.
Otherwise, if both simulated strategies agree on accepting
(or rejecting) the interval, the algorithm follows that unani-
mous decision. When the strategies disagree, the algorithm
accepts the interval with probabilities pt and pg , correspond-
ing to the TRUST and GREEDY strategies, respectively. The
full procedure is given in Algorithm 1.

To analyze the performance of our algorithm based on the
quality of the predictions, we need to formally define pre-
diction error.

Definition 1. For a given instance I and prediction Ô, the
prediction error η is defined as:

η(I, Ô) =
|OPT(I)| − |TRUST(I, Ô)|

|OPT(I)|
.

The prediction error η ∈ [0, 1] quantifies the reliability
of predictions: η = 0 indicates perfect predictions (where
TRUST achieves optimal performance), while larger val-
ues indicate less reliable predictions. When η = 1, the
prediction-based algorithm performs arbitrarily poorly com-
pared to the optimum.

pt pg Smoothness Robustness
1 0 (1− η) · |OPT(I)| 0
0 1 0 |GREEDY(I)|

0.50 0.50 0.25 · (1− η) · |OPT(I)| 0.33 · |GREEDY(I)|
0.75 0.33 0.50 · (1− η) · |OPT(I)| 0.11 · |GREEDY(I)|
0.50 0.75 0.12 · (1− η) · |OPT(I)| 0.60 · |GREEDY(I)|

Table 1: Smoothness and robustness coefficients for differ-
ent values of pt and pg .

Theorem 3. SMOOTHMERGE achieves both smoothness
and robustness guarantees. Specifically,

E[|ALG|] ≥ max
{
|OPT| · (1− η) · pt · (1− pg),

pg − ptpg

1− ptpg
· |GREEDY|

}
,

where pt and pg are the chosen probabilities for the TRUST
and GREEDY algorithms, respectively.

When pt = 1 and pg = 0, the algorithm purely follows
predictions, achieving perfect smoothness but no robustness.
Conversely, when pt = 0 and pg = 1, the algorithm re-
duces to the standard GREEDY approach, providing full ro-
bustness but no smoothness benefit. Other balanced choices
of pt and pg offer both properties simultaneously, though
with reduced coefficients. Table 1 illustrates the trade-offs
between smoothness and robustness for different parameter
choices.

This approach can be generalized to combine any pair of
algorithms beyond TRUST and GREEDY. The key insight
is to merge a prediction-dependent algorithm with a robust
classical baseline. While it is natural to use a state-of-the-art
classical algorithm in this role, our choice of the GREEDY
algorithm as the robust component is motivated by its sim-
plicity and the tractability of its competitive analysis.

Experimental Analysis We provide an experimental eval-
uation comparing SMOOTHMERGE with GREEDY, TRUST,
and OPT, included in the supplementary material. The goal
is to offer intuition and support our theoretical findings; the
experiments are intended as a complement to the analysis,
not as a standalone contribution.

Conclusion
We presented a systematic study of online interval schedul-
ing with predictions in the irrevocable setting, focusing on
maximizing the total length of accepted intervals. Our tech-
niques show how to effectively combine predictive and clas-
sic algorithms, with provable trade-offs between consis-
tency, robustness, and smoothness. Beyond the specific re-
sults presented here, our frameworks offer a modular ap-
proach that may extend to other variants of online inter-
val scheduling. While maximization problems pose unique
challenges for switching strategies, our findings suggest that
such approaches may have broader applicability in the de-
sign of learning-augmented algorithms across a wider range
of settings.
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