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Abstract
We study a learning-augmented variant of the secretary problem, recently introduced by Fujii and
Yoshida (2023). In this variant, the decision-maker has access to machine-learned predictions of
candidate values in advance. The key challenge is to balance consistency and robustness: when
the predictions are accurate, the algorithm should hire a near-best secretary; however, if they are
inaccurate, the algorithm should still achieve a bounded competitive ratio.

We consider both the standard Random Order Secretary Problem (ROSP), where candidates
arrive in a uniform random order, and a more natural model in the learning-augmented setting,
where the decision-maker can choose the arrival order based on the predicted candidate values. This
model, which we call the Chosen Order Secretary Problem (COSP), can capture scenarios such as
an interview schedule that is set by the decision-maker.

We propose a novel algorithm that applies to both ROSP and COSP. Building on the approach of
Fujii and Yoshida, our method switches from fully trusting predictions to a threshold-based rule when
a large deviation of a prediction is observed. Importantly, unlike the algorithm of Fujii and Yoshida,
our algorithm uses randomization as part of its decision logic. We show that if ϵ ∈ [0, 1] denotes
the maximum multiplicative prediction error, then for ROSP our algorithm achieves competitive
ratio max

{
0.221, 1−ϵ

1+ϵ

}
, improving on a previous bound of max

{
0.215, 1−ϵ

1+ϵ

}
due to Fujii and

Yoshida [36]. For COSP, our algorithm achieves max
{

0.262, 1−ϵ
1+ϵ

}
. This surpasses a 0.25 upper

bound on the worst-case competitive ratio that applies to the approach of Fujii and Yoshida, and
gets closer to the classical secretary benchmark of 1/e ≈ 0.368, which is an upper bound for any
algorithm. Our result for COSP highlights the benefit of integrating predictions with arrival-order
control in online decision-making.
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86:2 Secretary Problem with Predictions and a Chosen Order

1 Introduction

The secretary problem, popularized by Gardner in his 1960 Scientific American column [37],
is one of the most well-studied problems in online decision-making. In the classic setting,
candidates arrive in a uniform random order. When a candidate arrives, the decision-maker
observes a real-valued score for the candidate, and must make an immediate, irrevocable
decision to either hire or reject the candidate. The classic objective is to maximize the
probability of selecting the best candidate from the sequence. Alternatively, one can aim to
maximize the expected value of the selected candidate – this is the variant we will focus on.
The secretary problem and its many variants have been extensively studied [47, 3, 10, 18, 22],
and applied in domains such as resource allocation [10] and mechanism design [49].

Despite this work, the underlying assumption of the secretary problem – that the decision-
maker has no information about the values of candidates before they arrive – is often
unrealistic. In practice, decision-makers often have estimates of candidate values before
interviewing them. For example, in applications to hiring, these predictions may be made
based on resumes, portfolios, or public reputation. In fact, machine learning methods
that leverage such information to make interview and hiring decisions are widespread in
industry [7, 71, 64, 65, 24, 59, 58, 68, 70, 59].

Given this, several recent works have studied variants of the Secretary Problem where
the decision-maker has access to predictions, including estimates of the maximum value
among the candidates [6] or probabilistic forecasts of whether stronger candidates will appear
later [15]. In this work, we focus on a variant introduced by Fujii and Yoshida [36], where
the decision-maker has prior access to a prediction v̂i of the value vi of each candidate
i ∈ [n] := {1, 2, . . . , n}. They design an algorithm in this model that waits to select the
candidate with the highest predicted value, unless any observed value deviates too much
from its prediction; in that case, the algorithm switches to Dynkin’s classical worst-case
1/e-competitive strategy [32].

Let the competitive ratio be defined as the worst-case ratio (over all possible assignments
of candidate values) of the expected value of the candidate selected by an algorithm to the
value of the true best candidate. Fujii and Yoshida [36] prove that their algorithm achieves
a competitive ratio of max

{
0.215, 1−ϵ

1+ϵ

}
, where ϵ = maxi

∣∣∣1− v̂i

vi

∣∣∣ denotes the maximum
multiplicative prediction error across all candidates. Their result demonstrates that if
predictions are accurate (i.e., ϵ→ 0), the algorithm approaches optimal performance (i.e., the
algorithm is consistent); otherwise, it guarantees a worst-case constant-factor approximation
(i.e., the algorithm is robust).

1.1 Our Contributions
We build on the approach of Fujii and Yoshida, making the following main contributions:

Chosen Order Secretary Problem (COSP) with Predictions. Fujii and Yoshida restrict
their attention to the classic setting in which candidates arrive in a uniform random order.
We call this setting the Random Order Secretary Problem (ROSP). However, when predictions
of candidate values are available up front, it is natural to use them to modify the arrival
order of the candidates. For example, in applications to hiring, the interview order is
typically set by the decision-maker and may be chosen based on the available predictions.
To capture this setting, we introduce the Chosen Order Secretary Problem (COSP), in which
the decision-maker has full control of the candidate arrival sequence. COSP is analogous
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to existing chosen order settings for prophet inequalities, in which a distribution over each
candidate’s value is known up front [43, 21, 62]. However, like the classic secretary problem,
COSP is fundamentally worst-case, with no stochastic assumptions made on the inputs.

Improved Bounds for COSP. We design a simple algorithm for COSP inspired by the
approach of Fujii and Yoshida [36]. Intuitively, one might imagine that interviewing candidates
in e.g., decreasing order of their predicted values, would be optimal. However, it is easy to find
simple worst-case instances that defeat these related strategies. Instead, our algorithm only
uses the power of COSP in a limited way: letting î ∈ [n] be the candidate with the highest
predicted value, we place î at a fixed position in the arrival sequence, and randomize the
order of all other candidates. We optimize the position of î to achieve maximum competitive
ratio.

After fixing the interview order, our algorithm proceeds similarly to that of Fujii and
Yoshi. It initially operates in a prediction-trusting mode, waiting to hire î, the candidate
with the highest predicted value. If it encounters a candidate whose true value significantly
deviates from its prediction (i.e., exceeds a specified error threshold), it transitions to Dynkin’s
classical threshold-based algorithm [32]. This algorithm ignores a fixed fraction of candidates,
and then hires the first candidate (if any) it sees that is better than all the ignored candidates.
Critically, we modify the approach of Fujii and Yoshida by not always hiring î if it is meant
to be hired in the Dynkin mode of the algorithm. We introduce two parameters, γ and δ,
that determine the probability of hiring î in different cases, and by tuning these parameters,
are able to achieve a larger competitive ratio.

We show that our algorithm is robust and consistent, achieving a competitive ratio of
at least

max
{

0.262,
1− ϵ

1 + ϵ

}
,

recalling that ϵ is the largest multiplicative prediction error. As in the algorithm of Fujii
and Yoshida, our method does not require ϵ as input. When ϵ→ 0, the competitive ratio
approaches 1, and when ϵ is large, it remains bounded below by 0.262. Importantly, our
COSP result surpasses the 0.25 upper bound that arises in the analysis of the Fujii–Yoshida
algorithm in the random-order model.1

Improved Bounds for ROSP. We show that our approach also applies to the classic ROSP
setting, where instead of optimizing the arrival time of the best predicted candidate î, we
simply average over a uniform random choice of this time. In this case, by optimizing the
parameters γ and δ, we can show that our algorithm achieves a competitive ratio of at least

max
{

0.221,
1− ϵ

1 + ϵ

}
,

improving on the previous bound of max
{

0.215, 1−ϵ
1+ϵ

}
of Fujii and Yoshida [36]. As in the

COSP setting, the algorithm does not require ϵ as input. Our worst-case competitive ratio
gets closer to an upper bound of 0.33, which [25] proves for any consistent algorithm solving
ROSP. However, a substantial gap between the best known upper and lower bounds remains.

1 Fujii and Yoshida prove a 0.25 upper bound for the random order setting where the decision-maker
only sees the order of candidate arrivals (not their exact random arrival times), and where the decision
algorithm is deterministic. By leveraging arrival-order control and randomization, our algorithm exceeds
this barrier. See Section Section 5 for discussion.

ITCS 2026
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1.2 Technical Overview

We now overview the key ideas behind our improved algorithms for both COSP and ROSP.
Throughout (see Section 2 for details) we assume a continuous arrival model, in which each
candidate i ∈ [n] arrives at some time ti ∈ [0, 1]. In ROSP, ti is chosen independently and
uniformly at random. In COSP, ti is set by the algorithm.

A central requirement for consistency in the secretary problem with predictions is that
the algorithm must hire the top-predicted candidate î if they arrive before any candidate
with a large deviation from its prediction has been observed. Otherwise, if all predictions
end up being accurate (i.e., ϵ ≈ 0), the algorithm may not hire a candidate with the highest
value (v∗ ≈ v̂), and thus will not obtain a 1−ϵ

1+ϵ ≈ 1 competitive ratio.
The algorithm of Fujii and Yoshida [36] builds on this principle. It begins in prediction

mode, where it plans to hire î upon arrival, ignoring all preceding candidates. However, if
the algorithm encounters a candidate whose observed value deviates significantly from its
prediction – a candidate we refer to as a “mistake” or “prediction error” – before observing î,
it abandons the prediction-guided strategy and switches to secretary mode, where it applies
the classical threshold-based algorithm of Dynkin [32]. This algorithm provides a worst-case
1/e-competitive guarantee – the best possible in the worst-case.

The main technical challenge in the work of Fujii and Yoshida [36] lies in analyzing the
worst-case competitive ratio of their algorithm in the large ϵ regime. Once the algorithm
switches to Dynkin’s strategy, the resulting behavior depends intricately on the timing and
identity of the candidate that triggered the switch, as well as the arrival time of the remaining
candidates. To establish robustness guarantees, they perform a detailed case analysis that
accounts for all possible positions of the top predicted and the true top candidate, as well as
the arrival of all candidates with high prediction error. Ultimately, they show that in the
large ϵ setting, their algorithm achieves a competitive ratio of 0.215. Note that a natural
upper bound here is 1/e ≈ 0.368 – which would be obtained if one knew in advance that
there would be a significant prediction error, and followed Dynkin’s rule from the beginning.
Moreover, in the random-order model, any algorithm that is consistent – i.e., achieves a
competitive ratio approaching 1 when predictions are accurate – cannot have robustness
exceeding 0.33; this follows from the upper bound of [25] for ROSP. This bound applies to
consistent algorithms operating under random arrival, but whether an analogous limitation
holds for COSP is currently unknown.

Fixing the arrival of î. Interestingly, in the analysis by Fujii and Yoshida, the arrival
position of the top-predicted candidate î has a significant impact on the competitive ratio.
This observation motivates our focus on COSP, and on strategically fixing the arrival time
of î in particular. To illustrate this, suppose we fix î’s arrival time to β ≈ 0 and keep all
other arrival times uniformly random. The adversary can set all predictions correctly except
for the true best candidate i∗, which is underestimated. With probability β, this candidate
arrives before î, triggers a switch to secretary mode, and is skipped. With probability 1− β,
the algorithm hires î before ever seeing i∗. In either case, the competitive ratio approaches
zero. On the other hand, if β ≈ 1, the adversary may overestimate î, causing the algorithm
to skip all earlier candidates in favor of î, which results in success only with probability
1− β – again close to zero. Therefore, setting β = 0 or β = 1 is provably suboptimal, and
we instead optimize over β to find a value that balances these trade-offs and maximizes the
competitive ratio. We note that placing a distribution over the arrival time β of î, rather
than fixing it deterministically, may further improve performance. However, we leave this
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possibility for future work. We conjecture that controlling the arrival times of candidates
other than î (rather than simply randomizing them) cannot significantly improve our bounds
– however, we again leave investigating this question for future work.

Tuning the probability of hiring î. Unfortunately, simply optimizing the arrival time of î

and applying the algorithm of Fujii and Yoshida [36] directly can fail. Recall that Dynkin’s
worst-case algorithm ignores all candidates before some threshold time τ , and then hires
the first candidate that arrives after τ and is better than all preceding candidates. If we set
β < τ and the top predicted candidate î is in fact the true best candidate, but its prediction
deviates significantly from its value, the algorithm switches to secretary mode upon its
arrival and rejects î since it arrives before τ . This can result in a near zero competitive ratio.
Conversely, if we fix β > τ , consider a scenario with no deviation between the predictions
and the true values, except that î is predicted to be the best candidate but is actually the
second-best candidate (and by a wide margin). If the true best candidate i∗ arrives before
β, it will be ignored since the algorithm remains in prediction mode. If it arrives after β,
the algorithm will have already selected î as it would be the best candidate seen after τ and
after switching to secretary mode. Again, we have a competitive ratio of near zero.

The handle the above issues, we set β > τ , but modify the algorithm to not always hire î

when it is the first mistake and the best candidate observed so far. Instead, we introduce a
parameter γ that specifies the probability of hiring î in this case. This change ensures that
the algorithm retains flexibility in handling situations where blindly trusting î could lead to
poor outcomes. Optimizing γ allows us to avoid deterministic failure while still preserving
good performance in other cases.

We introduce a second parameter δ to handle the case where î is not the first observed
mistake. It does not make sense to use the same hiring probability γ in this setting, as the
context is different: the algorithm has already seen one or more mistakes and switched to
secretary mode before seeing î. The likelihood that î is truly optimal may be lower or higher
than the case when it is the first mistake , so we allow a separate hiring probability δ This
additional degree of freedom enables us to optimize the algorithm’s behavior even further.

As in the work of Fujii and Yoshida, a key technical challenge is to analyze the competitive
ratio against all possible adversarial inputs. This requires accounting for every configuration
of the true best candidate i∗, the top-predicted candidate î, and the locations of all large-
deviation candidates. As in their analysis, this leads to a detailed case decomposition.
Following their notation, let M be the set of large-deviation candidates, and let m = |M |.
We further refine the structure of the high-deviation set M by comparing the true values of
its members to the true value of the best–predicted candidate î. Specifically, we define

m2 =
∣∣{ i ∈M : vi < vî }

∣∣, m1 = m−m2,

so m2 counts the number of “mistakes” whose true value is smaller than the true value of î.
Although both quantities are well defined, only m2 plays a role in our competitive-ratio
bounds. In addition, we define

k =
∣∣{ i ∈ [n] : vi > vî }

∣∣,
which is the number of candidates whose true value exceeds that of the best–predicted
candidate î. The parameter k captures how many truly better candidates the adversary
places relative to î, and therefore directly influences the worst-case behavior of the algorithm
in prediction mode.

ITCS 2026



86:6 Secretary Problem with Predictions and a Chosen Order

These parameters allow us to partition the analysis into fine-grained subcases, each
capturing a distinct adversarial structure. We then optimize over β, γ, and δ to obtain the
worst-case competitive ratio.

Despite the added generality, the algorithm retains a simple structure amenable to
analysis. By carefully organizing the cases based on the parameters, we are able to compute
the worst-case competitive ratio numerically. Through this analysis, we obtain a provable
lower bound of max

{
0.262, 1−ϵ

1+ϵ

}
for COSP, demonstrating the benefit of tuning β, γ, and δ.

Extension to ROSP. In the COSP setting, for each fixed value of β, we evaluate the
competitive ratio across all adversarial configurations and then optimize the parameters γ

and δ for that fixed β. We then optimize over β to obtain the final COSP bound.
In the ROSP setting, however, the arrival time of î is itself a uniform random variable in

[0, 1], and cannot be chosen by the algorithm. Accordingly, the analysis must first take the
expectation of the competitive ratio over β ∼ Unif[0, 1]. We then optimize the parameters γ

and δ with respect to this new competitive ratio objective. This yields a lower bound of

max
{

0.221,
1− ϵ

1 + ϵ

}
,

slightly improving on the prior bound of [36].

Why only choose arrival of î and the decision at arrival time? One natural question is
whether introducing additional parameters – for example, tuning the algorithm’s behavior
when encountering the second- or third-highest predicted candidates – could further improve
the robustness. Our analysis, as well as the structure of [36], suggests that this is unlikely:
in all adversarial instances that determine the worst-case competitive ratio, the only critical
decision point is when the algorithm reaches î or first mistake(deviated prediction) while
still following the classical secretary rule. Lower-predicted candidates never influence these
worst-case configurations in a meaningful way unless they are mistakes (deviated predictions).
By contrast, in extensions of the secretary problem where the goal is to select the top
k > 1 individuals or where multiple high-valued candidates may be accepted, controlling the
arrival times of several top-predicted candidates could indeed be beneficial. Developing such
multi-candidate scheduling strategies is an interesting direction for future work.

1.3 Related works
Classical and Variant Secretary Problems. The classical secretary problem, popularized
by Gardner [37] and others [32, 39, 54, 34, 55, 46, 27, 67, 28, 9], has inspired a broad and
influential line of work in online algorithms, economics, and decision theory. Numerous
extensions have been studied, including multiple-choice variants [49], matroid and knapsack
constraints [11], online matching and graphic/transversal matroids [50], submodular objectives
under cardinality and packing constraints [48], and structured feasibility systems such as
packing integer programs [8]. We refer the reader to the survey by Gupta and Singla [42] for
a broader overview of results in random-order models.

Secretary Problems with Predictions. Recent work incorporates predictions into the
secretary problem to enable improved performance. In the model that we adopt, each
candidate comes with a predicted value v̂i estimating their true value vi, as in [36, 25]. Other
forms of predictive feedback include binary comparisons [15], probabilistic signals about
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candidate quality [61, 31], single-shot predictions of the best candidate [6], and predictions
of the value difference between the best and the k-th best candidate [19]. Some work has
studied algorithms that ensure fairness by guaranteeing the best candidate is accepted with
constant probability, even under biased predictions [12]. Additionally, Amanatidis et al. [4]
study value maximization with predictions in an online budget-feasible mechanism design
setting, using techniques related to the secretary problem.

Prophet Inequalities and Order Selection. Prophet inequalities are a classical model in
optimal stopping theory that can be seen as a stochastic version of the secretary problem.
A decision-maker observes a sequence of values drawn from known distributions and aims
to compete with a benchmark that selects the maximum in hindsight. The classical result
guarantees a 1/2 competitive ratio [51, 69], which has inspired a rich body of work in
theoretical computer science and economics; see surveys such as [44, 56, 26]. Numerous
variants have been studied, including the adversarial order model [51], the random order
(prophet secretary) model [33], and the order-selection (free-order) model [43]. This model
is especially related to our Chosen Order Secretary Problem (COSP), in which the arrival
order is determined by predicted candidate values. Relevant works in the order-selection
model include [23, 16, 62, 21]. Intuitively, prophet inequalities capture similar scenarios in
which the decision-maker has in advance information about candidate values; however, they
operate under stochastic assumptions (values drawn from known distributions), whereas our
setting is fully worst-case, with no distributional assumptions. Interestingly, until recently, it
was unclear whether the order-selection and random-arrival models for profit inequalities
differed in their achievable competitive ratios. A separation has now been established for
prophet inequalities [21], but in our setting, the relationship remains open: the best upper
bound for the random-arrival variant (ROSP) currently exceeds the best known competitive
ratio for order selection (COSP).

Learning-Augmented and Online Algorithms with Predictions. A growing literature
studies learning-augmented online algorithms in which predictions guide online decisions
without compromising worst-case robustness. Notable examples include caching [57, 66, 73],
ski rental [63, 41, 74, 30], online scheduling [52], and metrical task systems [5]. Learning-
augmented approaches have also been applied in online primal-dual methods [14], speed
scaling [13], online bidding [1], and auctions [40]. We refer the reader to surveys such as [60]
for comprehensive overviews. Moreover, learning-augmented approaches have also been
applied to online purchasing-type problems with prediction, such as one-way trading, online
conversion [2, 72, 53], and online knapsack problems with prediction [45, 38, 17, 29]. These
problems often share structural similarities with secretary problems – e.g., online knapsack
with unit-size items and unit capacity resembles the secretary problem under random arrival.

1.4 Outline of the Paper
This paper is organized as follows. In Section 2, we give preliminaries and formally define our
problem settings and the notation. In Section 3, we study the Chosen Order Secretary Problem
(COSP), presenting a randomized algorithm that achieves competitive ratio max{0.262, 1−ϵ

1+ϵ}.
In Section 4, we study the Random Order Secretary Problem (ROSP), extending our algorithm
for COSP to obtain a competitive ratio of max{0.221, 1−ϵ

1+ϵ} in this setting. Finally, in Section 5,
we examine the relationship between deterministic and randomized algorithms in the classic
secretary problem with predictions, showing that under the standard value-maximization
formulation, both models achieve the same competitive ratio.

ITCS 2026
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Full Version

Due to the ITCS 20-page limit (excluding title page and references), several technical sections
– most notably Section 4 and Section 5 and Appendix – are omitted from this conference
version. The full version of the paper contains complete proofs, extended discussion, and all
appendices. Throughout this paper, when referring to these results we point the reader to
the full version.

2 Preliminaries

We let N = {1, . . . , n} denote the set of candidates. Throughout, we adopt a continuous-time
framework, where each candidate i is assigned an arrival time ti ∈ [0, 1]. In ROSP, each
ti is drawn independently from Unif(0, 1) [49, 20, 35]. This induces an arrival order that
is a uniform random permutation. In COSP, the decision-maker selects the arrival time ti

of each candidate. Note that in ROSP, for any subinterval A ⊆ [0, 1], the probability that
candidate i arrives within A is equal to its length.

Because all arrival times are distinct with probability 1, the continuous-time model is
equivalent to the related model where candidates are just assigned some arrival position in
[n] – in that model, the decision-maker could always draw a set of random arrival times to
assign to the candidates based on their arrival order.

Each candidate i ∈ [n] has a true value vi ∈ R≥0, which remains unknown to the
decision-maker until the candidate appears at time ti. Upon observing each candidate, the
decision-maker must irrevocably choose whether to select or reject them; once a candidate is
selected, the process terminates. We evaluate performance under the value-maximization
objective: maximizing the expected value of the selected candidate, where the expectation is
taken over any randomness in the arrival order and any randomness used by the selection
algorithm. As defined before, the performance measurement tool is competitive ratio, the
worst-case ratio (over all possible assignments of candidate values) of the expected reward
of the algorithm to the maximum true value, i.e., E[ALG]/v∗, where E[ALG] denotes the
expected reward achieved by the algorithm and v∗ = maxi∈[n] vi is the highest true value
among all candidates, corresponding to candidate i∗ arrived at time t∗.

In addition to the true values vi, a prediction v̂i ∈ R≥0 is provided in advance for each
candidate i ∈ [n], representing an estimate of vi. We let î denote the candidate with the
highest predicted value arriving at time t̂. Let ϵ = maxi∈[n]

∣∣∣1− v̂i

vi

∣∣∣ denote the largest
multiplicative prediction error among all candidates. We will often make use of the following
error guarantee on predictions:

(1− ϵ)vi ≤ v̂i ≤ (1 + ϵ)vi for all i ∈ [n]. (1)

Without loss of generality, we assume uniqueness for both the predicted values and the
true values; hence, there is a uniquely defined top candidate i∗ and top predicted candidate
î. To handle cases with repeated values, we can slightly perturb the values to break ties. In
particular, when the same true value vi appears more than once in the sequence, we treat
each subsequent occurrence as slightly larger than the previous one by adding an infinitesimal
offset (e.g., v 7→ v + η with η > 0 arbitrarily small). This guarantees that all values are
distinct, while ensuring that the modified values remain arbitrarily close to the original ones.
The algorithm is then competitive with respect to this perturbed sequence, and since the
perturbed values differ from the true values by at most an infinitesimal factor, the resulting
competitiveness carries over to the original sequence. We can use a similar approach for the
predicted values v̂i.
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3 Chosen Order Secretary Problem (COSP) with Prediction

In this section, we analyze the competitive ratio of our algorithm. We begin by providing
intuition for the algorithm, then define the model and set up the key parameters. We then
analyze the competitive ratio under a fixed arrival time β of the top predicted candidate.

3.1 Algorithm Intuition
We describe our algorithm for the COSP setting, where the arrival order is partially controlled
based on predictions. Specifically, the candidate with the highest predicted value – denoted
by î = arg maxi v̂i – is scheduled to arrive at a fixed time β ∈ [0, 1], i.e., we set t̂ = β, while
all other candidates are assigned independent arrival times drawn uniformly from [0, 1].

The algorithm operates in two modes: Prediction mode and Secretary mode. It
begins in Prediction mode and switches to Secretary mode upon observing a candidate i such
that the prediction error satisfies

∣∣∣1− v̂i

vi

∣∣∣ ≥ θ, indicating that the predictions is unreliable
(Line 5 of Algorithm 1). Here, θ specifies the maximum acceptable prediction error. The
algorithm seeks to allow as many predictions as possible to be considered reliable, while still
guaranteeing consistency whenever all errors are within θ.

In our algorithm, if a mode switch occurs, the algorithm transitions to Secretary mode
at the time denoted in this paper as tM . It then follows a variant of Dynkin’s rule, the
well-known 1/e-competitive strategy that skips all candidates arriving before a threshold
time τ and hires the first candidate thereafter whose value exceeds all previously observed
ones.

Our algorithm skips all candidates arriving before a time threshold τ , and selects the
first candidate thereafter with a value higher than all previously observed ones. Special care
is taken if î arrives in Secretary mode: it is hired with probability γ if it triggers the mode
switch (i.e., arrives at time tM ), and with probability δ if it arrives after the mode switched.
These randomized rules ensure robustness, avoiding over-reliance on potentially incorrect
predictions while still preserving high performance when predictions are accurate. Moreover,
when θ is large enough, the algorithm is less likely to switch to secretary mode and more
likely to hire î, relying on prediction and hiring the highest predicted value candidate î.

Later, we show that with carefully chosen parameters, our algorithm for COSP setting
achieves a competitive ratio of at least

max
{

0.262,
1− ϵ

1 + ϵ

}
across all instances with maximum multiplicative prediction error ϵ.

3.2 Competitive Ratio Guarantee
In this subsection, we formally analyze the performance of our algorithm by establishing
a lower bound on its competitive ratio. Specifically, we divide the analysis into multiple
cases and prove that the algorithm achieves a worst-case competitive ratio of at least
max

{
0.262, 1−ϵ

1+ϵ

}
for the Chosen Order Secretary Problem (COSP).

▶ Theorem 1. Algorithm 1 with parameters θ = 0.58, τ = 0.37, β = 0.64, γ = 0.27, and
δ = 0.46 is at least max

{
0.262, 1−ϵ

1+ϵ

}
-competitive for the Chosen Order Secretary Problem

(COSP).
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Algorithm 1 Prediction-Aware Secretary Algorithm for COSP.

Require: Predicted values v̂i for all i ∈ [n]; threshold parameter θ ∈ [0, 1], τ ∈ [0, 1]; fixed
arrival time β of the top predicted candidate; probabilities γ, δ ∈ [0, 1] :

1: î← arg maxi∈[n] v̂i ▷ Top predicted candidate
2: Assign t̂i ← β; assign ti ∼ Unif(0, 1) for all i ̸= î

3: mode← Prediction
4: for each candidate i ∈ [n] in increasing order of arrival time ti do
5: if |1− v̂i/vi| > θ and mode = Prediction then
6: mode← Secretary; tM ← ti ▷ First large deviation triggers switch
7: end if
8: if mode = Prediction and i = î then
9: return hire candidate i

10: else if mode = Secretary and ti > τ and vi > max{vj : tj < ti} then
11: if i = î and ti = tM then
12: Hire i with probability γ

13: else if i = î then
14: Hire i with probability δ

15: else
16: Hire candidate i

17: end if
18: end if
19: end for

Proof. Following the case-based analysis of Fujii and Yoshida [36], we divide the proof into
seven cases, depending on the structure of the high-deviation set M , which contains all
candidates whose predictions deviate from their actual values by more than the threshold θ

used to switch from Prediction to Secretary mode in Line 5 of Algorithm 1 . Formally, we
define this set as:

M =
{

i ∈ [n] :
∣∣∣∣1− v̂i

vi

∣∣∣∣ > θ

}
.

Our cases will consider whether the candidate with the highest predicted value î and/or
the candidate with the highest true value i∗ belong to M . Also, we define iM as the first
candidate’s index to be seen that falls in M and we denote its arrival time as tM . We also
let k = |{i ∈ [n] | vi > vî}| denote the number of candidates with true value greater than î,
and let m2 = |{i ∈M | vi < vî}| denote the number of candidates in set M with true value
less than î.

Throughout the analysis, we discuss the regime where the fixed arrival time β of î satisfies
β > τ , as this aligns with parameters obtained in our optimization over parameters τ, β, γ, δ

( Theorem 1). This focus simplifies the presentation, but both conditions β > τ and β < τ

are fully analyzed in the next section to establish guarantees across all parameter choices.
We denote the worst-case competitive ratio achieved in each case j ∈ {0, 1, . . . , 6} by Cj(·)
respect to any input set by the adversary, where Cj(·) is a function of parameters set by the
adversary (i.e., m, k, vi, and v̂i). The case ordering follows the structure introduced in [36].

We will formally verify that our algorithm achieves a competitive ratio of at least
max

{
0.262, 1−ϵ

1+ϵ

}
across all cases. For clarity of presentation, we defer the technical lemmas

used in the analysis to the appendix, while the main text focuses on the case-by-case argument
structure.
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To organize the argument, we present each of the seven cases as a separate part, analyzing
the conditions under which the algorithm hires a candidate and deriving a lower bound on
the competitive ratio in each scenario.
Case 0: |M | = 0. In this case, all predictions fall within the acceptable error threshold
(i.e.,

∣∣∣1− v̂i

vi

∣∣∣ < θ), so the high-deviation set M is empty, and the algorithm remains in
prediction mode throughout.

This implies that the maximum multiplicative prediction error satisfies ϵ ≤ θ, and by the
Multiplicative Error Guarantee (Equation (1)), all predicted values remain within the (1± ϵ)
bound.

Since the algorithm selects î = arg maxi v̂i, it follows that

vî ≥
v̂î

1 + ϵ
≥ v̂i∗

1 + ϵ
, (2)

and moreover,

vî ≥
v̂i∗

1 + ϵ
≥ (1− ϵ)vi∗

1 + ϵ
. (3)

Together, these inequalities imply a competitive ratio of at least 1−ϵ
1+ϵ . Since ϵ ≤ θ = 0.58,

we have
1− ϵ

1 + ϵ
≥ 1− 0.58

1 + 0.58 > 0.262. (4)

Thus, in this case the algorithm achieves a competitive ratio of 1−ϵ
1+ϵ , which is at least

max
{

0.262, 1−ϵ
1+ϵ

}
, as claimed, since ϵ ≤ θ.

Case 1: î = i∗ ∈ M . Here, the top predicted candidate î is also the true optimum i∗,
but it lies in the high-deviation set M . The algorithm switches to secretary mode upon
encountering the first candidate in M , which may or may not be i∗ itself.

We analyze two subcases, depending on whether i∗ triggers the mode switch or not:
Case(1.1) β = tM : That is, i∗ is the first candidate in M , and it arrives at time β. The
probability of this subcase occurring is equal to the probability that all other candidates
in M arrive after β, which is (1− β)m−1. Also, the probability of successfully selecting i∗

is γ since i∗ is the first observed error. Thus, the contribution of subcase Case(1.1) to the
competitive ratio of this case is γ(1− β)m−1: the event that i∗ is the first observed member
of M with probability (1 − β)m−1, and conditioned on this event the algorithm selects it
with probability γ ( Algorithm 1, Line 11).
Case(1.2) β ̸= tM : Here, some other candidate in M arrived before î, so we are already
in Secretary mode by the time i∗ arrives at time β > τ . The probability of this subcase
happening is equal to 1− (1− β)m−1 which is at least one candidate in M arrives before î.
Now, assuming we are in this subcase, in order to reach î (to accept it), the algorithm must
not accept anyone before î. It is sufficient (but not necessary) that the best candidate in the
interval [0, β) came before τ , as then no one would be hired before it. The probability of
this scenario is τ/β. Furthermore, the Algorithm accepts î with probability δ according to
Line 13 of Algorithm 1. It is worth mentioning that the arrival of the best candidate in [0, β)
before τ is independent of whether a candidate in M arrives before î, since candidates in M

arriving before β are also uniformly distributed in [0, β).
Combining both subcases, the competitive ratio in Case 1 for any m is lower-bounded by:

C1(m, ·) ≥ τ

β
· δ ·

(
1− (1− β)m−1)

+ γ · (1− β)m−1. (5)
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Case 2: î = i∗ /∈ M . Under this condition, the top predicted candidate î is also the true
optimum i∗, and its prediction is accurate enough that it does not belong to the high-deviation
set M . The algorithm may or may not have entered secretary mode before observing i∗,
depending on whether another candidate in M has been seen earlier.

To obtain a pessimistic lower bound in this case, we assume that i∗ ∈M , even though by
the conditions of case 2 we know i∗ /∈M . This assumption decreases the chance of hiring i∗.
If the algorithm is already in secretary mode when it sees i∗, then whether or not i∗ ∈M has
no effect – the selection behavior and probabilities are the same (see Line 13 of Algorithm 1).
However, if the algorithm is still in prediction mode when i∗ arrives, then: (1) If i∗ /∈ M ,
the algorithm selects it deterministically. (2) If i∗ ∈ M , the algorithm does not select it
immediately and instead switches to secretary mode, where it will only be selected with
probability γ ≤ 1. Thus, the pessimistic assumption i∗ ∈M reduces the chance of hiring i∗,
and we conclude the result is always better than Case 1, presented above, with one extra
candidate in M :

C2(m, ·) ≥ C1(m + 1, ·). (6)

Case 3: î ̸= i∗, î ∈ M, i∗ ∈ M . In this situation, both the top predicted candidate î

and the true optimum i∗ belong to the high-deviation set M . We lower bound this case
by Case 4, where î ̸= i∗, î ∈ M , and î /∈ M . The only difference between the two cases is
that here i∗ ∈M . We further analyze this case by considering two subcases depending on
whether t∗ is greater than or less than β.
Case(3.1): If t∗ > β, the algorithm is already in secretary mode when i∗ arrives because
î arrives at time β is in set M , so whether or not i∗ ∈ M does not affect its eligibility for
hiring. The algorithm selects i∗ if it is the best seen so far and no better candidate has
already been selected in Line 16 of Algorithm 1.
Case(3.2): If t∗ < β, then for i∗ to be selected, the algorithm must already be in secretary
mode at or before time t∗. When i∗ ∈ M , it can itself trigger this mode switch. However,
if i∗ /∈M , it can only be selected if another candidate in M appears earlier. Hence, in all
scenarios, i∗ /∈M is selected with probability no greater than when i∗ ∈M .

Therefore, Case 3 is no harder than Case 4 with one fewer member in M (because of
removing i∗ from M and thus decreasing its size by 1), and we conclude that for a fixed m,
the worst-case competitive ratios of the two cases satisfy the following relation:

C3(m, ·) ≥ C4(m− 1, ·).

Case 4: î ̸= i∗, î ∈ M, i∗ /∈ M . Under this condition, the top predicted candidate î

belongs to the high-deviation set M , while the true optimum i∗ /∈M has a reliable prediction.
Therefore, the algorithm never selects a candidate in prediction mode and switches to
secretary mode upon encountering the first candidate i ∈M . We analyze two main subcases
based on the arrival time t∗ of i∗. The first subcase occurs when t∗ ∈ (τ, β), and the second
when t∗ ∈ (β, 1]. We further divide the second subcase into two parts: (i) the best candidate
in [0, t∗) is not î, and (ii) the best candidate in [0, t∗) is î. Combining the analyses of all
these subcases yields the overall competitive ratio for Case 4.
Case(4.1) When t∗ ∈ (τ, β): In this subcase, the algorithm can only consider i∗ if it has
already switched to secretary mode by time t∗. This requires that at least one candidate
from M to have arrived before t∗, which occurs with probability 1 − (1 − t∗)m−1, also, it
is sufficient (but not necessary) that the best candidate in [0, t∗) arrives before τ as then
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no one would be hired before i∗, which happens with probability τ/t∗. Similar to Case 1,
these two probabilities are independent since any candidate in M which comes before t∗ also
uniformly arrives between [0, t∗). We obtain the bound:

C4.1(m, ·) ≥
∫ β

τ

(
1− (1− t∗)m−1)

· τ

t∗ dt∗. (7)

(see full version for details) To calculate this integral, we get:

C4.1(m, ·) ≥ τ

m−1∑
i=1

(
m− 1

i

)
(−1)i+1 · βi − τ i

i
. (8)

Case(4.2) When t∗ ∈ (β, 1]: In this subcase, the algorithm has already seen î ∈M , and we
examine whether i∗ can still be observed and selected under different conditions. We further
divide this case into two subcases:
Case(4.2.1) The best candidate in [0, t∗) is not î: This occurs with probability 1− (1− t∗)k,
where k is the number of candidates whose true value exceeds that of î. For i∗ to be
selected, it is sufficient that the best candidate in [0, t∗) arrives before τ , which happens with
probability τ/t∗. Similar to previous cases, these two events are independent, since knowing
that some candidate better than î arrives before t∗ does not affect the fact that all arrivals
before t∗ are uniformly distributed over [0, t∗). Thus, we obtain the following equation:

C4.2.1(m.·) ≥
∫ 1

β

(
1− (1− t∗)k

)
· τ

t∗ dt∗. (9)

(see full version for details) to calculate the integral, we have:

C4.2.1(m) ≥ τ

k∑
i=1

(
k

i

)
(−1)i+1 · 1− βi

i
. (10)

Case(4.2.2) The best candidate in [0, t∗) is î: In this scenario, which occurs with probability
(1 − t∗)k, the algorithm must reach time t∗ without hiring î in order for i∗ to be selected.
This leads to two possible outcomes:
Case(4.2.2.1) A candidate in M other than î triggers the switch to secretary mode before
β: This occurs with probability 1 − (1 − β)m2 , where m2 is the number of candidates in
M whose values are less than that of î. We use m2 here because all candidates in M with
values greater than î must arrive after t∗, given that î is assumed to be the best candidate
in [0, t∗). It is further required that the best candidate in [0, β) arrives before τ , which
happens with probability τ/β. In this case, we do not select any candidate before seeing î,
and when î arrives, it must also not be hired, which occurs with probability 1− δ (Line 13
of Algorithm 1). Since the event of having a candidate arrive before β is independent of
the fact that arrivals in [0, β) are uniformly distributed, any best candidate in [0, β) arrives
uniformly at random. Considering statement Case(4.2.2) and multiplying these independent
probabilities, we have:

C4.2.2.1(m) ≥
∫ 1

β

(1− t∗)k (1− (1− β)m2) (1− δ) τ

β
dt∗. (11)

Case(4.2.2.2) Candidate î itself triggers the switch to secretary mode: This event occurs
with probability (1− β)m2 , and is not hired with probability 1− γ. Therefore, incorporating
the factor (1− t∗)k from (4.2.2), we have:

C4.2.2.2(m) ≥
∫ 1

β

(1− t∗)k(1− β)m2(1− γ)dt∗. (12)
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Combining Equations (11) and (12) and (see full version for details) to solve the integrals,
we have:

C4.2.2(m) ≥
∫ 1

β

(1− t∗)k

[
(1− (1− β)m2) (1− δ) τ

β
+ (1− β)m2(1− γ)

]
dt∗

= (1− β)k+1

k + 1 ·
[
(1− (1− β)m2) (1− δ) τ

β
+ (1− β)m2(1− γ)

]
.

(13)

Combining Equations (8), (10), and (13) from the subcases, we obtain the total lower bound
for this case:

C4(m) ≥ τ

m−1∑
i=1

(
m− 1

i

)
(−1)i+1 · βi − τ i

i
(14)

+ τ

k∑
i=1

(
k

i

)
(−1)i+1 · 1− βi

i

+ (1− β)k+1

k + 1 ·
[
(1− (1− β)m2) (1− δ) τ

β
+ (1− β)m2(1− γ)

]
Case 5: î ̸= i∗, î /∈ M, i∗ ∈ M . In this case, the top predicted candidate î is accurate
and not in the high-deviation set M , while the true optimum i∗ ∈M . The algorithm switches
to secretary mode upon observing the first candidate from M . We analyze the outcome
based on the arrival time t∗ of i∗, and the timing of the best candidate before t∗.
Case(5.1) t∗ ∈ [τ, β]: In this subcase, the competitive ratio depends on whether i∗ is the
first candidate in M , i.e., whether it triggers the switch to secretary mode. This subcase is
further divided into two subcases:
Case(5.1.1) i∗ = tM : Under this condition, no other candidate in M arrives before t∗, and i∗

is the first observed candidate in M . In this case, the algorithm switches to secretary mode
at t∗, and immediately selects i∗. This happens with probability (1− t∗)m−1, since all other
m− 1 candidates in M must arrive after t∗.
Case(5.1.2) i∗ ̸= tM : In this scenario, some other candidate from M must arrive before t∗,
causing the algorithm to switch modes before seeing i∗. In order for i∗ to be selected, it must
arrive after the switch, and the best candidate in [0, t∗) must have arrived before τ , which
occurs with probability τ/t∗. Also, the probability that at least one candidate in M arrives
before t∗ is 1− (1− t∗)m−1. Hence, the contribution of this case is

(
1− (1− t∗)m−1)

· τ
t∗ .

Combining both subcases Case(5.1.1) and Case(5.1.2) and (see full version for details) to
solve the integral, we have:

C5.1(m, ·) ≥
∫ β

τ

[(
1− (1− t∗)m−1)

· τ

t∗ + (1− t∗)m−1
]

dt∗

= τ

m−1∑
i=1

(
m− 1

i

)
(−1)i+1 · βi − τ i

i
+ (1− τ)m − (1− β)m

m
. (15)

Case(5.2) t∗ ∈ [β, 1]: Here the optimal candidate arrives after the predicted top candidate.
We distinguish two subcases based on whether the best candidate in [0, t∗) is î or not.
Case(5.2.1) The best candidate in [0, t∗) is not î: In this subcase the algorithm may still
consider i∗ under certain favorable conditions. First, let us analyze the probability that î is
not the best candidate in [0, t∗). This occurs with probability 1− (1− t∗)k, where k is the
number of candidates with true value exceeding that of î. Now, conditioned on this event,
there must exist some candidate in M arriving before β. Knowing this, the probability that
at least one candidate in M arrives before β is at least 1− (1− β)m−1. This is because:
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The presence of a better candidate than î before t∗ can only increase the likelihood that
a candidate from M also appears before β, or at worst, leaves it unchanged.

Therefore, even under this conditioning, we can safely lower-bound the probability of
having some candidate in M before β by 1− (1− β)m−1.

Finally, in order to observe i∗, the best candidate in [0, t∗) must arrive before τ , which
occurs independently with probability τ/t∗. Thus, the combined lower bound is (which can
be rewritten (see full version for details)):

C5.2.1(m, ·) ≥
∫ 1

β

(
1− (1− t∗)k

)
· τ

t∗ ·
(
1− (1− β)m−1)

dt∗

= τ

k∑
i=1

(
k

i

)
(−1)i+1 · 1− βi

i
·
(
1− (1− β)m−1)

. (16)

Case(5.2.2): The best candidate in [0, t∗) is î: In this subcase, the algorithm must avoid
selecting î during secretary mode in order to eventually observe and select i∗. This happens
with the following conditions are met:
1. The probability that î is the best candidate in [0, t∗) is (1− t∗)k, where k is the number

of candidates with true value greater than vî.
2. For the algorithm to enter secretary mode before seeing î, at least one candidate in M

from the subset of M with value below vî must arrive before β. This happens with
probability 1− (1− β)m2 , where m2 is the number of such candidates.

3. To avoid selecting î, the algorithm must skip it, which happens with probability 1− δ.
4. Finally, the best candidate before β must have arrived before τ , so that the algorithm

does not terminate before observing î. This occurs with probability τ/β.

Combining all these probabilities using the contribution from this setting is lower-
bounded by:

C5.2.2(m) ≥
∫ 1

β

(1− t∗)k ·
[
(1− (1− β)m2) (1− δ) τ

β

]
dt∗

= (1− β)k+1

k + 1 ·
[
(1− (1− β)m2) (1− δ) τ

β

]
. (17)

Summing the contributions from cases Case(5.1) and Case(5.2) in Equations (15), (16),
and (17), the total competitive ratio for Case 5 is lower-bounded by:

C5(m, ·) ≥ τ

m−1∑
i=1

(
m− 1

i

)
(−1)i+1 · βi − τ i

i
+ (1− τ)m − (1− β)m

m

+ τ

k∑
i=1

(
k

i

)
(−1)i+1 · 1− βi

i
·
(
1− (1− β)m−1)

+ (1− β)k+1

k + 1 ·
[
(1− (1− β)m2) (1− δ) τ

β

]
. (18)

Case 6: î ̸= i∗, î /∈ M, i∗ /∈ M . In this case, neither the top-predicted candidate î

nor the true optimal candidate i∗ belongs to the high-deviation set M . Consequently,
the algorithm may either remain entirely in prediction mode or switch to secretary mode,
depending on whether any element of M arrives before î. The overall analysis thus combines
contributions from Case 4 (when t∗ ∈ [τ, β]), Case 5 (when t∗ ∈ [β, 1]), together with an
additional term accounting for successful selection in prediction mode.
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Case(6.1): If the algorithm stays in prediction mode and hires î, this occurs when all members
of M arrive after β, which happens with probability (1−β)m. Since î /∈M , its predicted value
is within a multiplicative factor ϵ of its true value. Thus, by Equation (1), the competitive
ratio is at least 1−ϵ

1+ϵ . Therefore, the contribution to the competitive ratio from this event is:

C6.1(m, ·) = (1− β)m · 1− ϵ

1 + ϵ
. (19)

Case(6.2): If the algorithm switches to secretary mode before encountering î, then the
selection of i∗ depends on its arrival time t∗.
Case(6.2.1): t∗ ∈ [τ, β]: Here, the algorithm is already in secretary mode, and the same logic
as Equation (8) from case 4 applies:

C6.2.1(m, ·) ≥ τ

m∑
i=1

(
m

i

)
(−1)i+1 · βi − τ i

i
. (20)

Case(6.2.2) t∗ ∈ [β, 1]: Here, we follow the same analysis as in Equations (16) and (17) from
Case 5, where m denotes the number of candidates in M , and m2 denotes the number of
candidates in M whose true values are less than vî, respectively. We obtain the following
two contributions:

C
(1)
6.2.2(m, ·) ≥ τ

k∑
i=1

(
k

i

)
(−1)i+1 · 1− βi

i
· (1− (1− β)m) , (21)

C
(2)
6.2.2(m, ·) ≥ (1− β)k+1

k + 1 ·
[
(1− (1− β)m2) (1− δ) τ

β

]
. (22)

Summing the contributions from Case(6.1), Case(6.2.1), and Case(6.2.2), we obtain the
overall lower bound for Case 6:

C6(m, ·) ≥ (1− β)m · 1− ϵ

1 + ϵ

+ τ

m∑
i=1

(
m

i

)
(−1)i+1 · βi − τ i

i

+ τ

k∑
i=1

(
k

i

)
(−1)i+1 · 1− βi

i
· (1− (1− β)m)

+ (1− β)k+1

k + 1 ·
[
(1− (1− β)m2) (1− δ) τ

β

]
. (23)

Completing the Proof via Case Enumeration. Recall that for each of the structural
cases analyzed above, we derived an explicit competitive-ratio expression Cj(m, k, m2),
parameterized by the integers m, k, and m2 that describe the adversarial instance. The
algorithm’s overall guarantee on a given instance is

C(m, k, m2) = min
j∈{0,...,6}

Cj(m, k, m2),

and our goal is to show that

C(m, k, m2) ≥ max
{

0.262,
1− ϵ

1 + ϵ

}
for all (m, k, m2).
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A direct minimization of C(m, k, m2) over all integer triples (m, k, m2) is not tractable:
the closed-form expressions contain alternating sums and exponentially small terms such as
(1 − β)m and (1 − t∗)k, which makes it difficult to analyze these formulas simultaneously
for all integers. However, these expressions simplify dramatically once m, k, or m2 becomes
sufficiently large. For the remaining small values of (m, k, m2), the minimum of the case
formulas can be computed exactly using a finite grid, following an approach similar to that
of [36].

This motivates a structured enumeration strategy: we partition the parameter space into
eight “regimes” depending on whether each variable is small (at most 20) or large (greater
than 20). Regime 1 corresponds to all three parameters being small, while Regimes 2–8 cover
all remaining combinations in which at least one parameter is large.

For small values (m, m2, k ≤ 20), we can evaluate each Cj(m, k, m2) exactly using its
closed form. For large values, terms such as (1− β)m become negligible (e.g., for m > 20
and β = 0.64, we have (1− β)m < 10−4), and can be conservatively replaced by zero. These
replacements only decrease the computed competitive ratio, so they yield valid symbolic
lower bounds. With this approach, the verification reduces to a finite enumeration over the
eight regimes, as summarized in Algorithm 2.

Algorithm 2 Lower Bound Proof via Case Analysis.

Require: Formulas C1, C4, C5, C6 parameterized by (m, k, m2)
Require: Thresholds Tm = 20, Tk = 20
Require: Target lower bound B ← max{0.262, 1−ϵ

1+ϵ}
1: Regime 1: All parameters small
2: for m = 0 to Tm do
3: for k = 0 to Tk do
4: for m2 = max(0, m− k) to m do
5: v ← min(C1(m, k, m2), C4(m, k, m2), C5(m, k, m2), C6(m, k, m2))
6: Assert: v ≥ B

7: end for
8: end for
9: end for

10: Regimes 2–8: At least one parameter large
11: for all combinations of large/small status for (m, k, m2) except Regime 1 do
12: Substitute the symbolic lower bounds appropriate for that regime
13: L← min(C1, C4, C5, C6) under this regime
14: Assert: L ≥ B

15: end for
16: Conclusion: All admissible (m, k, m2) satisfy C(m, k, m2) ≥ B

The enumeration confirms that for all instances the competitive ratio is at least max{0.262,
1−ϵ
1+ϵ}, when using the parameters θ = 0.58, τ = 0.37, β = 0.64, γ = 0.27, δ = 0.46.

Symbolic Lower Bounds for Large Parameters. We now list the symbolic simplifications
for large m, k, and m2 used in Regimes 2–8 (regimes to 8 cases based on m, k, and m2 being
small or large, i.e. regime 1 is all of them being small) of Algorithm 2. We have to calculate
other regimes cause formulas are dependent to m, m2 and k and we should bound them. For
example, assuming a large m > 20 in the Equation (5), we can ignore the right-hand side
and left-hand side (1− β)m−1 is less than 0.0001, so the left-hand side will be bounded by
(τ/β)× δ × 0.9999 same idea works for Equation (7) and other similar equations. In general,
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in the following formulas, we rounded down all small numbers to 0. and All 1− small number
to 0.9999. As we can show, all these small numbers are less than 0.0001. Similarly, for other
large m > 20 in the exponent, the corresponding terms approach zero, allowing us to simplify
the equations as follows:

For large m > 20:

C1(.) ≥ 0.9999 · τ

β
· δ (24)

C4.1(.) ≥ 0.9999 · τ · ln
(

β

τ

)
(25)

C5.1(.) ≥ 0.9999 · τ · ln
(

β

τ

)
(26)

C6.1(.) ≥ 0 (27)

C6.2.1(.) ≥ 0.9999 · τ · ln
(

β

τ

)
(28)

The next parameter to discuss is k. Similar to m, when we raise fixed numbers to the
power of k > 20, the result will be close to zero.

For large k > 20:

C4.2.1(m, .) ≥ 0.9999 · τ · ln
(

1
β

)
(29)

C4.2.2(m, .) ≥ 0 (30)

C5.2.1(m, .) ≥ 0.9999 · τ · ln
(

1
β

)
·
(
1− (1− β)m−1)

(31)

C5.2.2(m, .) ≥ 0 (32)

C
(1)
6.2.2(m, .) ≥ 0.9999 · τ · ln

(
1
β

)
· (1− (1− β)m) (33)

C
(2)
6.2.2(m, .) ≥ 0 (34)

The last parameter is m2, which is bounded by m. However, when m is large, this parameter
can also become large. By rewriting the equation for large m2, in the same way as in the
previous two parts, we obtain:

For large m2:

C4.2.2(.) ≥ (1− β)k+1

k + 1 ·
[
0.9999 · (1− δ) · τ

β

]
(35)

C5.2.2(.) ≥ (1− β)k+1

k + 1 ·
[
0.9999 · (1− δ) · τ

β

]
(36)

C
(2)
6.2.2(.) ≥ (1− β)k+1

k + 1 ·
[
0.9999 · (1− δ) · τ

β

]
(37)

We should also consider the case where both m and k are large, and determine which formula
to examine. It is worth mentioning that we do not need to calculate the case where both m2
and k are large separately, since m2 being large implies that m is large, which simplifies all
equations sufficiently to compute.
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For large m and k:

C5.2.1(.) ≥ 0.99992 · τ · ln
(

1
β

)
(38)

C6.2.1(.) ≥ 0.99992 · τ · ln
(

1
β

)
(39)

Using all the above observations in Algorithm 2 establishes that the chosen parameters
guarantee the competitive ratio, and thus the theorem holds. ◀

4 Random Order Secretary Problem (ROSP) with Prediction

We now analyze Algorithm 1 under a random-order arrival model, where each candidate –
including the top predicted candidate î – receives an independent arrival time t̂ ∼ Unif[0, 1],
as in the classical secretary problem. This replaces the fixed arrival position β used in the
COSP analysis of Section 3 and requires averaging all β-dependent expressions over [0, 1].
The algorithm itself is unchanged: it begins in prediction mode and switches to secretary
mode upon encountering the first candidate whose prediction error exceeds θ.

As in the COSP analysis, the competitive ratio is obtained by dividing into seven cases
depending on the relative positions of î, the true optimum i∗, and members of the mistake set
M . For each case, we reuse the corresponding COSP expression and replace every occurrence
of β by the uniform variable t̂, integrating the resulting bound over the appropriate range.
When t̂ < τ , the algorithm behaves as if the predicted-best candidate arrives during the
sampling phase; when t̂ ≥ τ , we recover the COSP expressions averaged over t̂ ∈ [τ, 1].
The seven resulting bounds are explicit, closed-form functions of the instance parameters
(m, k, m2) and of (θ, τ, γ, δ), and the supporting algebraic identities appear in the full version.

▶ Theorem 2. With parameters θ = 0.63, τ = 0.33, γ = 0.34, and δ = 0.66, and with
t̂ ∼ Unif[0, 1], Algorithm 1 achieves competitive ratio

max
{

0.221,
1− ϵ

1 + ϵ

}
against instances with multiplicative prediction error ϵ.

Proof Sketch. For each of the seven structural cases (as in Section 3), we integrate the
COSP lower bound over the arrival time t̂. The t̂ < τ part yields new expressions for early
arrival of î; the t̂ ≥ τ part is the COSP bound averaged over [τ, 1]. For small values of
(m, k, m2), we evaluate these expressions exactly; for large parameters, exponential terms
such as (1− t̂)m vanish and the same symbolic bounding strategy as in the COSP analysis
applies. Combining these evaluations shows that the optimized parameters above guarantee
a minimum ratio of 0.221 in the random-order setting, while prediction correctness yields
the (1 − ϵ)/(1 + ϵ) bound. Full technical details and all case analyses appear in the full
version. ◀

5 Equivalence of Deterministic and Randomized Algorithms in the
Classic Setting

In the random–arrival secretary model (ROSP), the arrival times themselves provide a
source of randomness. As a consequence, any randomized algorithm can use this internal
randomness, and therefore randomized and deterministic algorithms have equal power in
this setting.
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▶ Theorem 3. In the secretary problem with predictions under the random–arrival model
(ROSP), every randomized algorithm can be simulated by a deterministic algorithm with no
loss in competitive ratio.

Full details and a formal construction appear in the full version.

6 Concluding Remarks

In this paper, we studied the secretary problem with predictions under both random-order
(ROSP) and chosen-order (COSP) arrivals. We presented a randomized algorithm that
follows predictions when they are accurate, but switches to Dynkin’s classical rule when
large deviation from prediction occur, achieving both consistency under accurate predictions
and robust guarantees in the worst case. Our analysis shows that the algorithm attains
competitive ratios of max{0.221, (1− ϵ)/(1 + ϵ)} for ROSP and max{0.262, (1− ϵ)/(1 + ϵ)}
for COSP, improving the best-known bounds and going beyond previous barriers in these
settings. Recall that ϵ is the largest multiplicative error in any prediction. We also proved
that randomized and deterministic algorithms are equally powerful in the random-order
model, thereby resolving a prior separation claim.

Future research could focus on improving the tightness of the bounds for both models, for
instance by approaching the 0.33 upper limit known for ROSP or closing the gap between our
0.262 lower bound and the best upper bounds for COSP. Another line of work could be to
extend these ideas to other variants such as the k-secretary problem or matroid and knapsack
constraints. Since decision-makers often have more flexibility in real applications, exploring
distributional scheduling of predicted candidates or calibrating algorithmic parameters from
data may yield stronger guarantees in practice.
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