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Abstract: Production scheduling increasingly requires decisions to be taken in real time, without
complete knowledge of the jobs still to come. Competitive analysis provides worst-case guarantees for
online algorithms but does not price the individual pieces of information a scheduler might acquire.
This paper develops a preference-based framework that values information by the reduction it produces
in the Pareto optimal action set.

We apply it to a single, local, binary decision epoch of the single machine problem
(1lonline, rj| 3. C;): the now-or-later choice between dispatching the job in hand and idling for one
announced arrival. It is a building block rather than a policy (we derive no competitive ratio), and
this restriction is what makes closed-form values attainable. The optimal action depends on the two
parameters only through a single comparison between the resequencing gain and the total waiting cost
imposed on the queued jobs, so one bit of advice is necessary and sufficient. We obtain closed-form
expected values when only one parameter is observed, together with an acquisition rule when forecasts
are costly. Which forecast is worth more is governed by the upper tail of the gain distribution rather
than by congestion alone: No crossover occurs for a power law of index @ < 2, whereas release-delay
information prevails beyond a finite crossover for bounded or light-tailed gains. Evaluating the closed
forms across five gain distributions places that crossover between 10 queued jobs and never.
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1. Introduction

Modern manufacturing systems place three demands on production scheduling that classical models
handle poorly: an expanding set of environmental and social constraints, decisions that must be taken in
real time in step with cyber-physical systems, and the absence of complete advance knowledge about
future jobs [1]. Classical offline scheduling assumes perfect information and seeks global optimality, a
paradigm that is often misaligned with the realities of modern production environments.

Online scheduling, where decisions are irrevocable and information is revealed gradually, offers a
more realistic framework [2,3]. The standard performance metric is the competitive ratio: the worst-case
ratio between the online algorithm’s cost and the offline optimum. However, competitive analysis has
limitations for practical applications. First, its worst-case guarantees can be pessimistic, ignoring
typical scenarios where partial information (forecasts, bounds, historical data) is available at reasonable
cost [4,5]. Second, competitive ratios compare complete algorithms but do not quantify the marginal
value of individual pieces of information, which is precisely the quantity needed to justify forecasting
investments.

This paper investigates the question: How much is a given piece of information worth in online
scheduling? We develop a preference-based framework that quantifies information value through Pareto
optimal action sets, and we apply it to one canonical local decision arising in the single machine problem
llonline, r;| 3. C;, for which explicit formulas can be obtained.

1.1. Relation to existing paradigms

The transition from static, offline planning to dynamic, online decision-making represents a paradigm
shift in scheduling theory. Introduced by Graham [6], online scheduling addresses scenarios where
job attributes are revealed only upon arrival. This paradigm has been extensively adapted to various
environments, including parallel machines [7, 8] and job shops [9].

1.1.1. Competitive analysis: metric and limitations

The standard metric for online algorithms is competitive analysis, which measures the worst-case
performance ratio against an omniscient offline adversary [2,3]. While this metric provides guarantees,
it has been criticized for its “excessive pessimism” [10], often yielding theoretical bounds far looser than
the performance observed in practice. Alternative metrics such as resource augmentation [11] and local
competitiveness [12] have provided more nuance. Amortized analysis [13] is not an alternative metric;
it is a proof technique that aggregates costs over a sequence of events, used to establish worst-case
competitive guarantees without probabilistic average-case assumptions.

1.1.2. Semi-online scheduling

A body of work known collectively as semi-online scheduling has emerged to bridge the gap
between total ignorance (online) and perfect knowledge (offline). These approaches assume that
partial information is available, such as the total processing time, the largest job size, or a lookahead
window [4,5]. A key finding in this domain is the distinction between valuable and valueless information:
Certain types of partial knowledge allow for algorithms with strictly better competitive ratios (valuable),
while others provide no worst-case advantage (valueless) [14].
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1.1.3. Advice complexity

Parallel to semi-online scheduling, the field of advice complexity [15,16] formalizes the “quantity”
of information in bits required to achieve a target competitive ratio. A central question is to determine
the minimum advice needed to attain a prescribed performance level (often optimality). Here, the bit
complexity of an online problem denotes the minimum number of advice bits that an oracle must reveal
to the algorithm in order to guarantee a target competitive ratio, regardless of what those bits actually
encode. It therefore measures the raw quantity of information, abstracting away the operational meaning
of any particular parameter. Our work differs by focusing on the economic value of specific operational
parameters rather than this abstract bit complexity.

1.1.4. Value of information in operations research

In operations research more broadly, the value of information (VOI) is a standard concept in decision
theory and stochastic programming, yet it has seldom been applied to worst-case online scheduling.
More recently, the learning-augmented (or algorithms-with-predictions) paradigm has analyzed how
possibly imperfect predictions can improve the competitive ratio of online algorithms, including for
scheduling and caching [17-19]. These works characterize the worst-case benefit of predictions but do
not assign an explicit economic value to individual operational parameters. The present paper addresses
that gap by extending the preference-based framework of Borodin and El-Yaniv [2] so as to value
information directly.

1.2. Contributions and paper organization

This paper quantifies the marginal value of specific pieces of information in online scheduling. We
deliberately restrict the analytical core to a single, deterministic, local, binary now-or-later decision,
used as a building block rather than a full-horizon policy; this stylized model is precisely what makes
closed-form information-value expressions possible. We prove no competitive ratio and propose no
online algorithm: The object of study is the worth of one forecast at one decision epoch. Within this
scope, our contributions are threefold:

1. A preference-based valuation framework. We formalize valuable information as that which
reduces the Pareto optimal action set, extending the preference-based framework of Borodin and
El-Yaniv to the explicit valuation of information.

2. Closed-form values and a comparison of information types. For the single-machine now-or-
later decision within 1|online, r;| 3, C;, we derive explicit values for knowing the resequencing
gain (A,) versus the release time delay (A,) and characterize when each dominates: The ranking is
governed by the upper tail of the gain distribution, gap information prevailing at all queue sizes
for a power law of index @ < 2 and losing to release-delay information beyond a finite crossover
otherwise.

3. Granularity and validation. We prove that the optimal action depends on the two parameters only
through a single scalar comparison, so that one bit of advice is necessary and sufficient for this
local decision, and we confirm the analytical predictions by evaluating the closed-form expressions
across five gap distributions spanning bounded, light-tailed, and genuinely power-law behavior.

The remainder of this paper is structured as follows. Section 2 develops the preference-based framework
and Pareto optimal action sets. Section 3 analyzes the single machine now-or-later problem and derives
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the value formulas. Section 4 compares the processing time gap versus release time delay information.
Section 6 discusses managerial insights and practical applications. Section 7 concludes with future
perspectives.

2. Preference-based framework for information valuation

2.1. Algorithmic decision problems

Following Borodin and El-Yaniv [2], we model the scheduling problem as a 3-tuple (A, S, C), where
A is a set of actions (scheduling decisions; possibly a continuum, as with the waiting durations of
Section 3.3), S is a set of states (future scenarios), and C(a, s) is the cost of action a in state s. In the
offline setting, the state s is known before the action is chosen. In the online setting, the action must be
selected before s is revealed.

2.2. Preference relations and Pareto optimality

We define a preference relation based on cost dominance. Given a subset of possible future scenarios
S’ C S, an action a is said to be preferred over action b (denoted a <s b) if it yields a lower or equal
cost in all scenarios within that subset: C(a, s) < C(b, s) for all s € §’. We adopt this cost-dominance
relation as the modeling primitive for preferences; it is the standard partial order underlying competitive
analysis [2], under which an action is preferred only if it is never more costly than the alternative across
the admitted scenarios.

We say that b strictly dominates a on S8’ when b <g a and the inequality is strict for at least one
s € &; that is, b is never worse and is somewhere better. This is the notion used throughout, and in
particular in Proposition 3.2.

When knowledge is incomplete, no action typically dominates all the others. In such situations, we
seek the Pareto optimal action set A*(S"), which consists of all actions that are not strictly dominated
by any other action given the available information §’. Actions within this set are mutually indifferent,
meaning that the choice between them depends on information not yet available.

2.3. Value of information

We quantify the VOI as the reduction in guaranteed cost. Let a,,, be the minimax action chosen
under ignorance, defined formally in (2.2) below. The value v(sy) of knowing the true scenario s, is
defined as the difference between the cost of the minimax action and the cost of the optimal action for
that scenario:

v(s0) = C(dumm, So) — min C(a, so)- 2.1

This metric captures the performance gain achieved by eliminating the uncertainty that forced the
adoption of the conservative a,, strategy.
We define the minimax action formally as

amm € arg min max C(a, s). 2.2)
acA seS

This definition ties directly to the Pareto structure: By construction, v(sy) > 0 exactly when apy,
is strictly dominated in state s(, that is, when it is eliminated from the Pareto optimal set of the
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singleton {sy}. In this sense, valuable information is precisely information that removes a previously
non-dominated action from the decision problem, which is the conceptual basis of our framework. We
now apply the framework to a canonical local decision in online scheduling, quantifying the value of
knowing release dates and processing times in a concrete setting.

3. Single machine scheduling: the now-or-later problem

We apply the preference framework to 1|online,r;| 3} C;: schedule jobs on a single machine to
minimize total completion time, where job j has processing time p; and release date r;. In this section,
we analyze a deterministic one-step decision model at a fixed decision epoch, used as a local building
block for broader online settings.

3.1. The single-machine problem: context and optimality

The offline problem 1|r;| 3, C; is strongly NP-hard [20]. When all jobs are available simultaneously
(rj = 0), the shortest processing time (SPT) rule is optimal [21].

At decision time ¢, let Q(¢) denote released but unscheduled jobs. The n jobs in €(¢) are not yet
committed and may still be reordered; the order in which they would actually be served is set by the
dispatching rule in force, which may be SPT or a priority order inherited from earlier decisions or
from external requirements such as due dates or customer classes. Once a job starts processing, it
is not preempted in our setting. Our myopic subproblem conditions on a local decision epoch and
asks which immediate action to take next, not how to optimize all future epochs at once. This local
framing does not preclude strategic idling in general online scheduling models. By SPT optimality, if
the scheduler decides to process immediately, the best myopic action is to schedule the shortest available
job jo = argminjeq p;.

3.2. The now-or-later decision: problem setup

Suppose that at time ¢, the machine is idle, and the queue €)(7) contains n available (released but
unscheduled) jobs, among which jj is the shortest, with processing time p,. By the SPT argument of
Section 3, jj is the candidate to be dispatched next. One future job x (processing time p,) will arrive at
r. > t. We parameterize the decision by

A, =r,—t > 0 (release time delay: how long until x arrives), (3.1

A, = Y« (pi — px) (resequencing gain: the completion-time benefit of serving x first). (3.2)

Here A, is the cost driver of waiting, while A, is its potential benefit. The release delay is strictly
positive because x arrives in the future.

The gain A, is a resequencing gain, not a processing-time difference. We stress the interpretation
of (3.2), which is used consistently throughout the paper. Let jo, ji, ..., j.—1 denote the queued jobs
in the order they would be served if j, were dispatched now, and let k > 1 be the number of them that
x has advanced past when it is served first instead. Advancing x from position k to the front lowers
its own completion time by ), p; and raises that of each overtaken job by p,, so the net reduction in
2. Cjisexactly A, = ¥, (pi — p.), as stated. Two consequences matter for what follows:
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¢ Single displacement (k = 1). Serving x immediately before j, rather than immediately after is an
adjacent interchange, and (3.2) reduces to the literal processing-time gap A, = py — p, which is
bounded above by py. This is the case used in the worst-case construction of Section 3.3.

e Multiple displacements (kK > 1). When the queued jobs carry priorities inherited from earlier
decisions and a short arrival overtakes several of them, A, accumulates k separate gaps and is
therefore not bounded by py. This is why the stochastic analysis of Sections 3.4—4 and the
experiments of Section 5 model A, as an unbounded random variable on the real line.

The sign of A, governs the advantage of waiting: A, > 0 means resequencing x ahead is favorable,
A, < 0 means it is unfavorable, and A, = 0 signifies indifference. Throughout, “processing gap” is used
as a shorthand for this resequencing gain.

Scope and assumptions. We study a single, deterministic decision epoch. The n jobs already in the
queue €(7) are served in the order set by the dispatching rule in force, and the index & of (3.2) counts
how many of them the arrival x overtakes under that rule. Under free reordering with x as the shortest
job, k = 1; under priorities inherited from earlier decisions, kK may be larger. The decision concerns only
the highest-priority available job jj: Dispatch it immediately, or wait for x and then re-optimize the
currently considered set by SPT. No arrivals other than x are considered within this local comparison
horizon. We adopt an additive parameterization (A,, A,) rather than a multiplicative one because it
yields closed-form waiting conditions; the queue congestion enters through the factor (n + 1) derived
below. This is a one-step local model used to quantify marginal information value, not a full-horizon
policy characterization.
Decision: Schedule j, immediately (“now”), or wait for x (“later’)?

3.2.1. Cost-benefit analysis

Let Gy.;; denote the net benefit of waiting, i.e., the cost of dispatching now minus the cost of waiting
for x and then re-optimizing by SPT:

G it = C(dispatch now) — C(wait for x, then re-optimize by SPT). 3.3)

We evaluate the two terms explicitly. Let n be the number of jobs in the queue €(¢) at the decision time
t.

If jo is dispatched now, it starts at ¢t and imposes no global delay on the queue; when x arrives at
t+ A, itis simply inserted into the remaining SPT schedule. We assume throughout that A, < 3 .o Pjs
so that x arrives before the queue is exhausted and this branch never idles; the assumption is comfortably
satisfied in every regime we study, where A, is small relative to a single processing time.

If the scheduler waits, the machine idles for a duration A,. Consequently each of the n queued jobs
and the arriving job x start A, later than they otherwise would, so the total completion time increases
by exactly (n + 1) A,. Against this delay, serving x first recovers precisely the resequencing gain A, of
(3.2). The remaining jobs are reordered optimally after the decision, so the delay penalty is uniform.
Taking the difference gives

G yait = A, - (m+ DA, . (3.4)
~ X .
gain from the shorter x delay on the n+1 jobs

Journal of Industrial and Management Optimization Volume 22, Issue 10, 4901-4925.



4907

Here A, refers to the arrival of the specific future job x; with multiple future arrivals, an indexed notation
AY would be needed, but for the single-job case, A, is unambiguous.

Lemma 3.1 (Waiting condition). Waiting for job x reduces total completion time if and only if
A, >(n+1)xA,. (3.5)
Proof. Waiting is beneficial if and only if Gy, > 0. The result follows directly from (3.4). O

Remark 3.1 (Intuitive interpretation). The waiting condition (3.5) states that the resequencing gain A,
must exceed the accumulated waiting cost (n + 1)A,. The factor (n + 1) reflects the local horizon used
in the comparison: The n currently available jobs plus the arriving job x are all shifted by the waiting
delay in the wait-first alternative. This makes the trade-off explicit: Larger queues (n T) or longer delays
(A, T) require proportionally larger gains (A, T) to justify waiting.

3.3. Pareto optimal actions under ignorance

This subsection is confined to the single-displacement case k = 1 of Section 3.2, for which A, =
Po—Px < po: A worst-case agent commits to wait only as long as a gain it can be sure of recovering would
justify, and the guaranteed gain of one adjacent interchange is at most py. The multiple-displacement
case, in which A, is unbounded, is treated stochastically in Section 3.4.

To characterize the decision space, we define three Boolean conditions. The primary condition
determining whether waiting is beneficial is kg : A, > (n+ 1)A,. We also identify two conditions implied
by it: k; : A, < £, which ensures the delay is bounded by a conservative threshold, and «, : A, > 0,
which simply states that the incoming job is shorter than the current one. We emphasize that «; and «;
are necessary but not sufficient: They do not jointly determine the optimal action, which is governed by
the single comparison « (see Proposition 3.5). With the recoverable gain of the single-displacement
case bounded by py, the waiting cost (n + 1)A, exceeds any justifiable gain if A, > 2% Thus «; defines
the “window of opportunity” for profitable waiting.

Remark 3.2. The condition k, implies both k; and k,. Since A, > 0 andn > 0, A, > (n + 1)A, implies
A, > 0 (k2). Furthermore, under the single-displacement bound A, < p, adopted in this subsection,
ko implies (n + 1)A, < pg or A, < n’% (k7). Thus, k; and «, are necessary conditions for waiting to be
beneficial. The converse fails: k; A k, does not imply «o, since a positive but small gain A, may still fall
short of the waiting cost (n + 1)A,.

Let A7 = L& denote the conservative waiting threshold. We consider two primary actions available
to the decision-maker: a(, which schedules j, immediately, and a;, which waits up to the safe threshold
AP,

The regret matrix for these actions is shown in Table 1.

Table 1. Worst-case regret within each scenario, under ignorance (n jobs queued). The entry

Do 1s attained when A, > AM, so that a, idles for its full window and gains nothing; the other
entries are exact.

Action ko (wait beneficial) Ko (wait detrimental)
ap: Dispatch now Gy, = A, — (n + DA, 0
a;: Wait AT 0 Po
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Let a,,, for w > 0, denote the strategy that keeps the machine idle for up to w time units, serving x
if it arrives within that window and dispatching j, otherwise; ay and a; are the members w = 0 and
w = AT of this family. Evaluating the regret of a,, in the two scenarios as in Table 1 gives

Clay.k0) = (Ap—(n+ DAYUA, > w),  Clay.K) = (n+ 1) min(w, A,), (3.6)

the first because the gain is forfeited exactly when x arrives after the window has closed, the second
because a detrimental wait costs the idle time it consumes. Setting w = 0 and w = A" recovers the two
rows of Table 1. The first expression is non-increasing in w, and the second is non-decreasing, which is
the tension the proposition resolves.

Proposition 3.2. Under complete ignorance (S = {ko, ko}), the Pareto optimal action set is the whole
continuum of waiting durations up to the conservative threshold,

AS) = (ay : 0<w<AM™),

of which ay and a, are the two extreme points. No member is dominated by any other, and every a,, with
w > AT is dominated by a;.

Proof. Take 0 <w <w’ < A" By (3.6), a,- is strictly better than a,, in the scenario k (it captures the
arrivals with w < A, < w’, which a,, forfeits), while a,, is strictly better than a,, in the scenario «; (it
consumes strictly less idle time, (n + 1)w < (n + 1)w’). Neither, therefore, dominates the other in the
sense of Section 2, and this holds for every such pair; the whole family is mutually non-dominated. In
particular, a( and a, realize the two extremes: ay is the unique minimizer of the regret under x; and a,
the unique minimizer under k.

For w > A", the extra waiting buys nothing: «, implies A, < A (Remark 3.2), so C(a,, ko) =
C(ay, ko) = 0, whereas C(a,,, ko) = (n + 1)w > py = C(ay, ky). Hence a; dominates a,,, and the Pareto
set is exactly {a,, : 0 < w < AP} O

Remark 3.3. This is the concrete instance of the continuum of actions announced in Section 2. Under
ignorance, the decision-maker is left with a one-parameter family of mutually indifferent waiting
durations, and the role of information is precisely to collapse it. By Proposition 3.5, a single bit reduces
this continuum to a single optimal action.

3.4. Value of partial information

From here on, we treat A, as a general resequencing gain on the real line, no longer restricted
to the single-displacement case of Section 3.2: When a short incoming job is resequenced ahead of
several queued jobs, the completion-time benefit accumulates k£ > 1 gaps and may exceed a single
processing time, so the relevant gain is unbounded above (and Section 5 accordingly uses unbounded
gain distributions). Definition (2.1) measures the value of fully revealing the state. Whereas the
construction of Sections 2 and 3.3 took a worst-case (minimax) stance, we now adopt an expectation
viewpoint, natural when a prior over (A,, A,) is available; the no-information benchmark is accordingly
the prior-mean rule introduced below. We quantify the value of observing only one of the two parameters,
the unobserved one being replaced by its prior mean. This is the operationally relevant setting (a forecast
may reveal the processing gap but not the exact arrival time, or vice versa), and it is precisely the model
validated numerically in Section 5.
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Let p, = E[A,] and u,, = E[A,] denote the prior means. Throughout Sections 3.4—4, we assume that
A, and A, are independent under the prior. This is what makes replacing an unobserved parameter by its
unconditional mean the correct response to observing the other one; under dependence, the policies
below would use E[A, | A,] and E[A, | A,] instead, and the value of each source would additionally
reflect what it reveals about the other. Recall from Lemma 3.1 that waiting is ex-post optimal if and only
if A, > (n + 1)A,, and that, relative to dispatching now, the realized cost of waiting is (n + 1)A, — A, (a
gain when negative). We compare three policies:

e No information (a;): a fixed rule based on prior means, waiting if and only if u, > (n + 1)y,;
e Observe A, (aa,): wait if and only if p, > (n + 1)A,;
e Observe A, (ay,): waitif and only if A, > (n + Dy,

The value of an information source is the expected reduction in cost relative to a,. We keep the symbol
v for this quantity, but the benchmark has changed: In (2.1), it was the minimax action a,,,, whereas
from here on it is the prior-mean rule a,. The quantities E[v(A,)] and E[v(A,)] below are therefore not
expectations of (2.1); they are its expectation-benchmark counterparts, and they measure the value of
observing one parameter rather than of revealing the whole state. Write (x)* = max(0, x).

Proposition 3.3 (Value of observing A,). The expected value of observing the release delay is

E[(A)] = By [(1p — (n+ DA)'] = (p = (n + D)* 2 0. 3.7)

Proof. Conditional on A,, the expected cost of waiting (over the unobserved A,) is (n + 1)A, — u,, versus
0 for dispatching. Policy a,, selects the smaller, incurring conditional expected cost min(0, (n + 1)A, —
Upy) = —(u, — (n+ 1)A,)*. Taking expectations over A, gives E[cost of a,] = —E[(u, — (n + 1)A,)*].
The fixed policy a, has expected cost min(0, (n + 1)u, —u,) = —(u, — (n + 1)u,)*. Subtracting yields
(3.7). Non-negativity follows from Jensen’s inequality applied to the convex map 6 + (u, — (n + 1)d)".

O

Proposition 3.4 (Value of observing A,). The expected value of observing the processing gap is

E[V(A)] = Ea, [(A, = (0 + D) ] = (up = (0 + D)™ 2 0, (3.8)

Proof. Symmetric to the previous proof: Conditional on A, policy a,, incurs expected cost min(0, (n +
Dy, —A,) = =(A, — (n+ 1)p,)*. Subtracting the cost of a, and applying Jensen’s inequality gives (3.8).
]

Remark 3.4. Formulas (3.7)—(3.8) are of the classic “E[max] — max[E]” (expected value of perfect
information) type, and they are genuinely asymmetric; observing A, sharpens the wait threshold against
the random delay, whereas observing A, exploits the upper tail of the gap distribution. This asymmetry,
absent from the worst-case decision (which depends only on the single comparison A, = (n + 1)A,), is
what drives the comparison in Section 4.

3.5. Information granularity and advice complexity

A key question in advice complexity theory is determining the minimum amount of information
required to achieve optimality. Throughout this subsection, “optimal” refers to the binary local action
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of Lemma 3.1 (dispatch j, now, or wait for x) and not to the expected-value magnitudes of Section 3.4,
which vary continuously with the observed parameter. The statements below are deliberately confined
to that single decision epoch; Section 5.7 discusses why they do not extend verbatim to a full-horizon
policy.

Proposition 3.5 (Sufficiency of the joint threshold). The optimal action of Lemma 3.1 depends on
(A, A,) only through the sign of the scalar statistic

Gwait = Ap - (I’l + 1) Ar, (39)

that is, through the comparison of the resequencing gain with the total waiting cost imposed on the n + 1
affected jobs. Consequently,

1. any information that determines the sign of G,y is decision-equivalent to exact knowledge of
both parameters, in particular, interval bounds A, € [yp,T/p] and A, € [v,,v,] suffice as soon as
v,> (n+ DV, (wait) or v, < (n+ 1)v_(dispatch now);

2. separate thresholds on the two parameters do not suffice. The conditions k; : A, < n’% and
Ky 1 A, > 0 of Section 3.3 are necessary for waiting to be beneficial but are not jointly sufficient,
so knowing the position of each parameter relative to Tz, = L& and T, = 0 leaves the action

undetermined in general.

"

Proof. By (3.4), the cost difference between the two actions equals Gy, so the optimal action is “wait
if Gyic > 0 and “dispatch now” otherwise, and nothing else about (A,, A,) enters. This proves the first
claim; the two stated bound conditions are exactly those under which the sign of Gy, is constant over
the rectangle [yp, V] X[, V,], since Gy, is increasing in A, and decreasing in A,. For the second claim,
it suffices to exhibit two instances satisfying «; A k, with opposite optimal actions: With n = 5 and
po = 10, so that 7, = 10/6, take A, = 1.5 < 75, in both, and A, =2 > O in the firstand A, = 9.5 > 0
in the second. Both satisfy «x; and «,, and both are realizable in the single-displacement case since
A, < po = 10, yet Gyait = 2 — 9 < 0 in the first (dispatch now) and G, = 9.5 — 9 > 0 in the second
(wait). O

This property implies that the “information granularity” required to make the local decision is
extremely coarse: A single scalar comparison, rather than the two parameter values, is all that must be
resolved.

Corollary 3.6 (Binary advice suffices for the local decision). For the binary now-or-later decision
of Lemma 3.1, a single bit, namely the answer to the query “Is A, > (n + 1)A,?”, is necessary and
sufficient to select the optimal action, and exact parameter values yield no better decision. Sufficiency
is Proposition 3.5; necessity is immediate whenever both actions can be optimal, since the decision is
binary. The result is stated for one decision epoch in isolation and does not assert that one bit per epoch
suffices to drive an optimal full-horizon policy (Section 5.7).

Example 3.1. Consider a system with n = 5 jobs in queue. Let py = 10. A future job x arrives with
delay A, = 1.5. The waiting cost threshold is (n + 1) X A, = 6 X 1.5 = 9. If the resequencing gain is
A, =2,then A, < (n+ 1) X A,. Binary advice would correctly indicate “Do not wait”. Exact knowledge
providing A, = 1.5 and A, = 2 yields the same decision. Note that the two separate tests both pass
here: k; reads 1.5 < 10/6, and «, reads 2 > 0. A rule based on these two thresholds alone would
therefore conclude that waiting is beneficial, which is incorrect. Only the joint comparison (3.9) settles
the decision.
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4. Comparative analysis: which information is more valuable?

4.1. Expected value under uncertainty

Propositions 3.3-3.4 provide E[v(A,)] and E[v(A,)] in closed form. To decide which forecast to
acquire, we compare them; since the baseline term (i, — (n + 1)u,)* is common to (3.7)—(3.8), it cancels

E[v(Ap)] = Ev(A)] = E[(A, = (n + Dp)™] = E[(up, — (n+ DA)T]. 4.1

We assume the following priors, independent as stipulated in Section 3.4. The release delay A, has a
density f, on [0, c0); the resequencing gain A, has distribution F,, survival function fp =1-F,, and
mean u, and may be negative, zero, or positive. We write o2 and a’i for the two variances when they
exist and use them only in the qualitative discussion of Section 4.3: No result below requires either to be
finite, and the heaviest gain law considered in Section 5.5, a power law of index @ = 1.5, has o-f, = oo,
We evaluate (4.1) asymptotically in the queue size n.

4.2. Asymptotic comparison

Proposition 4.1. Assume p, > 0, f, is continuous at 0 with f,(0) > 0, and E[(A,)*] < co. As n — oo (so
that (n + Dy, > u, and the baseline term vanishes),

SO N =
BVA)] = S0 ) =65). Ema)l = f( o, POV

Consequently,

E[v(Ay)] v =

— P L0 = F,(y)dy = “(rl;)

E[v(A))] (n+ D,
Proof. For n large enough that (n + 1)u, > u,, the baseline term (u, — (n + 1)u,)" vanishes in both (3.7)
and (3.8). Writing m = n + 1 and substituting u = mx,

Hp/m HUp

Ll =)= [ Gy =m0 0 dx = - [y =0 flutm) d
The upper limit u,/m is positive precisely because u, > 0; were u,, < 0, the integrand would vanish
identically, and E[v(A,)] would be exactly O rather than of order 1/m, which is why that assumption is
needed. By continuity of f, at 0, f,(u/m) — f,(0), and Oﬂ"(,u,, —u)du = /JIZ, /2, which gives the stated
O(1/m) rate. For E[v(A)], the identity E[(X — K)*] = f; fx(y) dy with K = my, yields the integral.
Comparing the two orders of decay gives the equivalence. O

Corollary 4.2 (Decay of release-delay information). Under the assumptions of Proposition 4.1,
E[v(A)] = O(1/(n + 1)) — 0: The value of release-delay information vanishes inversely with
congestion. This is immediate from the first display of Proposition 4.1, whose leading term is positive
because f,(0) > 0.

Remark 4.1. The comparison is therefore governed by the upper tail of A,, not by congestion alone. If
A, has a heavy (power-law) tail Fp(y) ~cy*with 1 < a < 2, then f F,(»)dy ~ ¢ m'"™ = w(1/m),
processing-gap information dominates, and the ratio diverges. Conversely, if the gap has all moments
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finite (e.g., the lognormal used in Section 5, which despite its pronounced skew is lighter than any
power law), E[v(A,)] decays faster than 1/n, and release-delay information eventually dominates. The
practically relevant range is moderate n: For workloads whose job sizes follow a power law with a < 2,
as documented for process lifetimes and file transfers in computing systems [22,23], A, information
is the more valuable acquisition throughout the operating range (Section 5), the asymptotic crossover
occurring only at queue sizes far beyond those of interest.

4.2.1. Joint information acquisition

When both A, and A, are observed, the agent can determine whether A, > (n + 1)A, exactly, making
the optimal decision (wait or not) deterministic. The value of joint information is

E[v(A, Ap)] = E[(A, — (n+ DAD'] = (u, — (n+ Dp,)*. (4.2)
By monotonicity of information, joint information cannot be worse than either single source:
E[v(A,, A,)] = max (E[v(A,)], E[v(A,)]). (4.3)

In general, strict inequality may occur, i.e., joint acquisition can provide complementary value relative
to one-parameter acquisition.

4.3. Decision criteria and strategic implications

The analytical results suggest a strategic framework for information acquisition. The choice between
acquiring processing time gap information (A,) or release time delay information (A,) depends on the
operational characteristics of the scheduling environment.

We identify three distinct regimes characterizing the VOI. First, in the congested regime (n > 1), the
cost of waiting scales linearly with n and both information values decline. By Proposition 4.1, E[v(A,)]
decays as ©(1/n), so which source dominates is governed by the tail of A,: A power-law gap (index
« < 2) keeps processing-gap information dominant by surfacing the rare opportunities (A, > 0) that
justify the disruption, whereas a gap with all moments finite lets release-delay information overtake
it at large n. Second, in the high-variance regime, where job sizes vary by orders of magnitude (e.g.,
the heavy-tailed job-size distributions documented in computing systems [22,23]), A, information is
dominant because the potential gain can be arbitrarily large. Finally, in the synchronized arrival regime,
where arrivals are tightly clustered (low o) but uncertain, A, information is critical to avoid suboptimal
timing, such as failing to wait when beneficial or waiting unproductively.

We stress that the dominance of A, in the congested regime is contingent on a sufficiently heavy
upper tail of the gap distribution, as made precise by Proposition 4.1 and the following remark; the
qualitative guidance in Table 2 should be read with this proviso in mind.

Combined scenarios: When a system exhibits both high congestion (n > 1) and high arrival
uncertainty (o large), the ranking again turns on the gap tail. For a power-law gap with o < 2, A,
information remains dominant: Congestion amplifies the cost factor (n + 1), and the surviving value
comes entirely from the rare large gains, so precise release timing is of secondary importance. For
a bounded or light-tailed gap, the opposite holds beyond the crossover of Table 3 and A, should be
acquired instead. The same dichotomy applies when arrivals are tightly synchronized (low o), with
the crossover simply displaced towards larger n, since a smaller o, lowers E[v(A,)] without affecting
E[v(A,)].
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Table 2. Strategic guide for information acquisition. The guidance is valid under the stated
condition on the upper tail of the gap distribution, which Proposition 4.1 shows to be the
governing factor; congestion alone does not determine the ranking.

System Characteristic Tail of A, Preferred Info. Rationale

Congested System (n > 1) Power law, @ < 2 Processing Gap Waiting costs scale with n, but the gap tail decays
(Ap) more slowly than ®(1/n), so rare large-gain

opportunities keep justifying the disruption.
Congested System (n > 1) Bounded, or all Release Delay E[v(A,)] then decays faster than the ®(1/n) decay
moments finite (A)) of E[v(A,)], which therefore dominates beyond a

finite crossover (Table 3).

High Job Variance (High Any Processing Gap  Greater dispersion of A, implies more frequent

o-f)) (Ap) outlier opportunities where waiting yields
significant gains.

High Arrival Uncertainty ~ Any Release Delay High variability in A, makes the default decision

(High o?) (A)) risky; information identifies rare low-delay
instances.

Light System (n =~ 0) Any Release Delay Waiting costs are minimal; precise timing (A,)

(A)) optimizes the trade-off without penalty.

4.4. Optimal information acquisition strategy

When acquiring information is costly (c, for observing A,, ¢, for A,), the choice reduces to a plain
cost-benefit comparison: Acquire whichever subset of the two forecasts maximizes the net value, that
is, the expected value of the subset minus its acquisition cost. Writing 7 C {A,,A,} for the subset
acquired, c(J) = ) ;7 c; for its cost, and adopting the conventions E[v(@)] = 0 and ¢(@) = 0, the optimal
acquisition is

I* € arg max {E[V(I)] - C(I)},
IClAn,Ay)
a comparison of four quantities, where E[v(A,, A,)] is the value of complete information given by (4.2).
Acquiring nothing is optimal exactly when no subset achieves a positive net value.

5. Numerical experiments

5.1. Experimental scope

The experiments below evaluate the single-epoch VOI expressions (3.7)—(3.8) at a fixed queue size n,
over the parameter ranges of interest. They quantify how E[v(A,)] and E[v(A,)] respond to congestion,
to the dispersion of each parameter, and to the tail of the gain distribution, and they test numerically the
prediction of Proposition 4.1, which is established only asymptotically. No horizon is simulated, and
no queue evolves over time, so the reported magnitudes are the marginal value of one forecast at one
decision epoch rather than the flow-time improvement attainable by a complete scheduler. Evaluation
over full problem instances, with dynamic arrivals, a time-varying queue, and cumulative VOI across
sequential now-or-later decisions, is left to future work (Section 5.7).
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5.2. Experimental setup

Evaluation method The two quantities to be evaluated are the expectations appearing in (3.7)—(3.8).
We compute both exactly rather than by simulation. The gap term E[(A, — (n + 1)u,)*] admits a
closed form for each law considered, and the delay term E[(u, — (n + 1)A,)"] is obtained by quadrature
against the truncated-normal density, its integrand being supported on the short interval [0, u,,/(n + 1)].
Exactness matters because the comparison of Section 5.4 takes place in the far tail, where sampling
error is largest: A 200,000-scenario Monte-Carlo estimate underestimates E[(A, — (n + 1)u,)*] by 21%
atn = 100 and 38% at n = 200 for the lognormal gap, precisely where the asymptotic crossover of
Proposition 4.1 lies. The argument is stronger still for the Pareto gain with @ = 1.5 of Section 5.5, on
which the paper’s main comparative claim rests: that law has infinite variance, so the sample mean
of (A, — K)" has no finite-variance central limit and the Monte-Carlo estimate does not settle at any
practical sample size. Simulation is therefore not merely imprecise but unusable in exactly the regime
of interest, whereas the closed form is exact. All figures and tables of this section are produced by a
single self-contained script (voi_simulation.py), which lists the closed forms used.

Monte-Carlo validation of the closed forms As an independent check that the closed forms (3.7)—
(3.8) correctly describe the decision problem, we also simulate the three policies directly over N =
200,000 independent scenarios, drawing A, and A, from their priors and applying the decision rules
below. Over the range where the Monte-Carlo estimator is reliable, the two agree closely (relative
deviation of 0.05% at n = 5 and below 4% for n < 20), which validates the derivations; the deviation
grows to 21% at n = 100 and 38% at n = 200 for the sampling reason just given. The comparison is
reported in exp®_mc_check.csv.

Strategies and decision logic Three decision rules enter the VOI computation, each acting on a
realization (A, A,) of the parameters:

1. No information (baseline) — the reference policy ay,s: relies solely on prior expectations, waiting
if and only if E[A,] > (n + DE[A,].

2. A, Information — the information policy a for 7 = A,: observes the realization A, but relies on
the expectation E[A,], waiting if A, > (n + 1)E[A,].

3. A, Information — the information policy ay for 7 = A,: observes A, but relies on E[A, ], waiting if
E[A,] > (n + DA,.

All curves in this section report the expected cost reduction of rules 2 and 3 relative to rule 1, which is
exactly (3.7)—(3.8).

Baseline The no-information baseline ay,s. = ay is exactly the expectation rule of Section 3.4 (wait if
and only if E[A,] > (n+ 1)E[A,]). The three rules above therefore define precisely the model underlying
(3.7)—(3.8), and every curve reported below is an evaluation of those formulas rather than of a separate
cost model or of a full scheduling simulation.

Parameter settings Unless otherwise specified in the sensitivity analyses, the prior distributions are
set as follows. We normalize the mean processing time py = 1. The processing time gap A, follows
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a lognormal distribution with log-scale location 0 and shape parameter o, = 1.0, so that its mean is
U, = B[A,] = e'? ~ 1.65; we reserve u, for this mean throughout, consistently with Sections 3.4-4,
generating a strongly skewed distribution typical of computing workloads. The release time delay
A, follows a truncated normal distribution with mean p, = 0.2 and pre-truncation scale o, = 0.1,
representing moderate arrival variability.

A note on o, and o, in this section In Section 4, o> and o} denote the variances of A, and A,. In
the present section, the same symbols denote the shape parameters of the two chosen families: o,
is the shape of the lognormal and o, the scale of the normal before truncation. Neither equals the
corresponding standard deviation. A lognormal of shape o, = 1 has standard deviation 2.16, and one of
shape 2.5 has standard deviation 517; the truncated normal of scale o, = 0.1 has standard deviation
0.094. Both parameters are, however, strictly increasing measures of dispersion over the ranges swept
in the sensitivity analysis below, which is all they are used for. In the variance sweeps, we fix the queue
size at n = 10 and vary one parameter at a time; in the o, sweep, the truncated normal is re-centered so
that u, = 0.2 stays fixed, isolating a mean-preserving spread.

Value of information Writing L(-) for the cost of an action relative to dispatching now (Section 3.4),
the value of an information source 7 is the expected cost reduction E[L(ap.s.) — L(ar)], which is exactly
(3.7) for I = A, and (3.8) for £ = A,. All curves in this section report this quantity, evaluated as
described above. The corresponding Monte-Carlo estimator, used for the validation check only, is
ﬁ >V [L(ag;)se) - L(af;‘))] over the N sampled scenarios.

5.3. Impact of queue size (n)

Figure 1 illustrates the marginal value of knowing A, versus A, as the queue size n increases from 1
to 49.

Both values rise for very small queues, peak at single-digit n, and then decline as congestion makes
waiting rarely beneficial. Over the entire practical range, processing-gap information remains the more
valuable acquisition. Consistently with Corollary 4.2, E[v(A,)] decays as O(1/n); because the lognormal
gap is light relative to a power law, E[v(A,,)] decays faster still, so the two curves eventually cross; this
regime is examined next.
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Figure 1. VOI versus queue size n over the practical range (n < 49) for a lognormal gap
A, (o, = 1) and a truncated-normal delay A,. Processing-gap information (A,) dominates
release-delay information (A,) throughout this range; both peak at small » and decline as
congestion makes waiting rarely beneficial. The asymptotic crossover to A,-dominance occurs
only at much larger n (Figure 2), and its location depends on the tail of the gap distribution
(Figure 3). The curves evaluate the closed-form expressions (3.7)—(3.8) at a single decision
epoch; they are not the output of a dynamic scheduling simulation.

5.4. Asymptotic crossover: direct validation of Proposition 4.1

To test the asymptotic prediction beyond the range of Figure 1, we evaluate the closed-form values
(3.7)—(3.8) exactly (lognormal gap A, and truncated-normal delay A, as above) for queue sizes up to
n = 1000. Figure 2 reports both values on a log—log scale.

The result confirms Proposition 4.1: E[v(A,)] follows the predicted ©(1/n) decay, while E[v(A,)]
falls off markedly faster. The curves cross at n = 106; below the crossover, processing-gap information
is the more valuable acquisition, and above it release-delay information dominates. This is precisely the
tail-dependent behavior of the corrected theory: A heavy-tailed (power-law, index a < 2) gap pushes
the crossover to arbitrarily large n and recovers the unconditional dominance of A,, whereas a light
tail makes the dominance a moderate-n phenomenon. Section 5.5 verifies both halves of this statement
directly by varying the gap law. The practically relevant operating range (small-to-moderate ) therefore
favors A, information, consistent with Figure 1.
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Figure 2. Values up to n = 1000 (log-log scale), lognormal gap A,. The release-delay
value E[v(A,)] tracks the leading term of Proposition 4.1 (dashed, fr(O)ulz, /[2(n + 1)] with
fr(O),uf,/Z ~ 0.85), whereas the gap value E[v(A,)] decays faster because the lognormal
gap is light relative to a power law. The two cross near n ~ 106. The curves evaluate the
closed-form expressions (3.7)—(3.8) at a single decision epoch; they are not the output of a
dynamic scheduling simulation.

5.5. Sensitivity to the tail of the gap distribution

Proposition 4.1 makes the comparison between the two information sources depend on the upper tail
of A, and not on congestion alone. Figures 1 and 2 exhibit a single gap law, so they cannot separate the
two effects. This subsection does so directly by evaluating (3.7)—(3.8) for five gap families spanning the
range of tail behaviors, all calibrated to the same mean u, = e'/> ~ 1.65:

e Uniform on [0, 2u,]: bounded support, the case in which A, cannot exceed a fixed ceiling;

e Exponential with mean y,,: unbounded but light-tailed, Fp decaying geometrically;

e Lognormal(0, 1): the baseline of Sections 5.3-5.4, strongly skewed with all moments finite;

e Pareto with @ = 2.5 and scale x,, = u,(a — 1)/a: a genuine power law with finite variance;

e Pareto with @ = 1.5: a genuine power law with infinite variance, i.e., the regime 1 < @ < 2 of
Proposition 4.1.

Fixing the mean is what makes the comparison meaningful: The baseline policy a4, the threshold
(n + 1)u,, and the whole curve E[v(A,)] are then identical across the five families, so any difference
between them is attributable to the tail alone. Figure 3 reports the five gap curves against the single
common release-delay curve.

The picture matches the theory point by point. The crossover queue sizes, defined as the smallest n
from which release-delay information dominates, are reported in Table 3.

Four observations deserve comment.
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Figure 3. Value of processing-gap information for five gap distributions with a common
mean y, ~ 1.65, against the common release-delay curve (orange), log-log scale, n < 10*.
The heavier the tail of A, the later E[v(A,)] falls below E[v(A,)]; for the power law with
a = 1.5 < 2 it never does, as Proposition 4.1 predicts. The curves evaluate the closed-form
expressions (3.7)—(3.8) at a single decision epoch; they are not the output of a dynamic
scheduling simulation.

Table 3. Crossover queue size n* beyond which release-delay information dominates by gain
distribution (common mean u, ~ 1.65, u, = 0.2, o, = 0.1). A power law with a < 2 removes
the crossover entirely. Rows are ordered by n*, which is not a monotone function of tail
weight: The heavier-tailed Pareto @ = 2.5 crosses before the lognormal for the reason given in

the text.
Gap distribution Tail behavior Variance Crossover n*
Uniform [0, 2] bounded support finite 10
Exponential light (geometric) finite 30
Pareto a = 2.5 power law finite 44
Lognormal o, =1 all moments finite  finite 106
Pareto @ = 1.5 power law, @ <2  infinite  none (> 10%)
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First, the qualitative dichotomy of Proposition 4.1 is reproduced exactly: The crossover exists for all
four gap laws whose tail integral decays faster than ®(1/n), and only for those. For the bounded gap,
E[v(A,)] reaches zero at a finite queue size (n = 16, where (n + 1)u, exceeds the support upper bound
2u,), so gap information becomes strictly worthless while release-delay information is still positive;
this is the most extreme form of the reversal.

Second, the value of n* is not a monotone function of tail weight, and the comparison of the lognormal
(n* = 106) with the strictly heavier-tailed Pareto @ = 2.5 (n* = 44) shows why. Proposition 4.1
constrains the asymptotic decay rate, not the position of the curve at moderate n, and the two orderings
need not agree: With a common mean, the Pareto @ = 2.5 law concentrates more mass near its scale
Xn = 0.99 and less in the intermediate range than the lognormal, so its value curve lies below the
lognormal one until n = 144, and it therefore meets the release-delay curve earlier despite decaying
more slowly thereafter. The asymptotic ordering does assert itself; beyond n = 144, the Pareto a = 2.5
value exceeds the lognormal value, and the gap widens without bound. Practitioners should read Table 3
accordingly, as a set of computed thresholds for the specific laws considered rather than as a ranking
that a tail index alone would predict.

Third, the case & = 2.5 also shows that being a power law is not by itself sufficient: With @ > 2, the
integral J(:j—l)y F,= O(n'™) decays faster than ®(1/n), and the crossover occurs at a finite n* = 44. It
is the index condition @ < 2, not the power-law form, that drives the asymptotic dominance of A,,.

Fourth, for @ = 1.5, the prediction is quantitative and can be checked as such. Proposition 4.1 gives
E[v(A)]/E[V(A)] = ©(n*™®) = ©(n'/?), so the ratio should grow by a factor V10 ~ 3.16 per decade
of n. The computed ratios are 18.7 at n ~ 10%, 67.8 at n ~ 10°, and 213.4 at n = 10*, i.e., successive
factors of 3.62 and 3.15, converging to the predicted rate.

Practically, these results sharpen the managerial guidance of Section 4. The workloads for which
A, forecasting remains the right investment at high congestion are those with genuinely heavy-tailed
resequencing gains, the regime documented for computing workloads [22,23]; where gaps are bounded
by design (fixed batch sizes, standardized operations), congestion favors arrival-time forecasting instead
and does so at surprisingly small queue sizes.

5.6. Impact of heterogeneity and uncertainty

We further analyzed how the variance of the parameters affects information value (Figure 4).

These sensitivities confirm the asymmetry of (3.7)—(3.8). Greater gap heterogeneity (o, left panel)
sharply raises the value of observing A, which exploits the upper tail of the gap; once gaps are very
large, waiting is almost always optimal, and release-delay information loses all value. Symmetrically,
greater (mean-preserving) arrival uncertainty (o, right panel) raises the value of observing A,, while
leaving the value of A, exactly unchanged, since (3.8) involves A, only through its mean, which the
sweep holds fixed.
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Figure 4. Sensitivity at fixed queue size n = 10, lognormal gap A, and truncated-normal
delay A,. Left: Increasing gap heterogeneity o, sharply raises E[v(A,)], while E[v(A,)] falls
toward zero (with very large gaps, one should almost always wait, so the delay becomes
uninformative). Right: Increasing arrival uncertainty o, (mean-preserving) raises E[v(A,)],
while E[v(A,)] is exactly constant, since it depends on A, only through its fixed mean. The
curves evaluate the closed-form expressions (3.7)—(3.8) at a single decision epoch; they are
not the output of a dynamic scheduling simulation.

5.7. Scope and limitations

We acknowledge several limitations of this study. First, the analytical core is a single local decision
epoch involving one announced future job, not an online scheduling policy. We derive no competitive
ratio, and none of our results should be read as a performance guarantee for a complete algorithm; the
value formulas quantify the marginal worth of one forecast at one decision point. Formal extension to
sequential, full-horizon settings (dynamic arrivals, a time-varying queue, and cumulative VOI, where
successive decisions interact through the evolving queue) is the main direction for future work. Second,
Corollary 3.6 (one bit suffices) holds for the isolated binary problem; it does not assert that one bit per
epoch drives an optimal full-horizon policy, since different bits might be optimal at different stages of a
full horizon, and the relevant threshold itself shifts with the queue state. Third, the asymptotic dominance
of A, requires a genuinely heavy (power-law, index « < 2) gap distribution; for the lognormal used here
or for bounded gaps, release-delay information prevails at large n (Proposition 4.1, Table 3), and A,
dominance holds only over the moderate-n operating range. Fourth, the numerical section evaluates
the closed-form value expressions over a prior; it does not validate the framework against a scheduling
workload, and empirical estimation of the gap and delay distributions from operational data remains to
be done. Finally, our results are specific to the ); C; objective; makespan or tardiness objectives would
yield different value functions.
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6. Managerial insights and practical applications

The integration of machine learning and data-driven approaches in manufacturing [24] makes real-
time scheduling decisions increasingly viable but requires quantifiable metrics for information value
to justify investments in sensing and forecasting infrastructure. Our framework directly addresses this
need by providing explicit formulas for computing the marginal value of different types of information.
The discussion below transposes the single-epoch results to three settings in which now-or-later choices
recur; it is offered as guidance on where to direct forecasting effort, not as a claim that the model
captures those systems in full.

Consider electric vehicle charging infrastructure [25,26], where operators must decide whether to
invest in sensors that predict arrival times versus those that forecast battery capacities. Our analysis
shows that battery size forecasting (measuring A, the gap between current and incoming vehicle charge
requirements) is the more valuable acquisition in congested stations when charge requirements are
strongly heterogeneous, since only large capacity gaps then justify the idle time imposed on the waiting
vehicles; for homogeneous demand, congestion instead erodes this advantage (Proposition 4.1). Table 3
makes the threshold concrete: If charge requirements are effectively bounded, as with a homogeneous
fleet, arrival-time forecasting becomes the better investment from about 10 vehicles queued onwards,
whereas a mixed fleet with occasional very large deficits keeps capacity forecasting ahead indefinitely.
In contrast, arrival time prediction (measuring A,) is more valuable during off-peak hours when stations
have spare capacity and precise timing becomes the differentiator.

In operating room scheduling [27] and more broadly in online stochastic health-care scheduling [28],
hospitals face similar trade-offs when deciding whether to delay elective surgeries to accommodate
emergency cases. Knowing the processing time gap A, (difference between the scheduled surgery
duration and the incoming emergency duration) informs these decisions. This formalization transforms
informal clinical judgment into data-driven protocols.

Smart manufacturing environments present another application. In flexible production lines handling
low-volume, high-mix orders, knowing whether A, > (n + 1)A,, that is, whether waiting is beneficial,
amounts to a single bit of binary advice at each dispatching decision [4]. Corollary 3.6 establishes this
for one such decision in isolation; whether a per-decision bit remains sufficient once the decisions are
chained over a horizon is an open question, and we do not claim it here. Multi-agent reinforcement
learning systems [29] demonstrate that distributed Al schedulers can exploit such real-time sensor
data to coordinate complex production sequences. Our framework formalizes when these forecasting
investments are justified by quantifying the marginal value of additional information.

7. Conclusion and future perspectives

This paper introduced a preference-based framework to quantify information value in online
scheduling, connecting worst-case competitive analysis and practical semi-online decision-making. By
characterizing ignorance as a set of Pareto optimal actions, we showed that valuable information is that
which eliminates dominated strategies.

We applied the framework to one specific building block of the single machine problem
llonline, rj| 3, C;: the local, binary now-or-later decision at a single epoch with one announced arrival.
The restriction is what makes the analysis exact, and it also bounds what the results claim. We do not
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propose an online scheduling policy, and we prove no competitive ratio; what we obtain is the marginal
value of a forecast at one decision point, with the understanding that a full policy chains such decisions
in a way our model does not yet capture. Within this scope, our analysis revealed three insights. First,
the VOI is highly context-dependent: The ranking of the two sources is governed by the upper tail of
the gap distribution rather than by congestion alone. Processing gap information (A,) dominates at
every queue size when the gap follows a power law of index @ < 2, whereas for bounded or light-tailed
gaps, release-delay information (A,) takes over beyond a finite crossover, which our numerical
evaluation places between n = 10 and n = 106 depending on the law. A, also remains the more valuable
source in synchronized, low-load systems regardless of the tail. Second, precise values are often
unnecessary; for this binary decision, the optimal action depends on the two parameters only through
the single comparison A, > (n + 1)A, between the resequencing gain and the total waiting cost imposed
on the n + 1 affected jobs, so one bit of advice is necessary and sufficient, and exact parameter values
add nothing. Third, the derived expected value formulas allow decision-makers to optimize forecasting
investments strategically based on system parameters (queue size, volatility, and above all the tail of the
gain distribution) rather than intuition.

The framework presented here suggests avenues for future research. A natural extension is to multi-
machine systems, including parallel machines (Plonline, r;| 3 C;) and flow shops (Flonline, rj| 3, C)),
for which online models have already been studied [30]. Preliminary analysis suggests that in such
settings, processing time gap information on bottleneck machines would have the highest value, as
these machines constrain the overall system performance. Another important direction is to apply
the framework to alternative performance objectives beyond total completion time, such as makespan
(Cmax), total tardiness (3 T';), and energy consumption, which are critical in modern manufacturing
environments.

Furthermore, while the current work assumes a single decision point, many real-world scenarios
involve dynamic information acquisition. Modeling such scenarios would require multi-stage stochastic
programming formulations [31] to capture the option value of waiting for more information. Integration
with machine learning represents another area for development; by using historical data to estimate
distributions, practitioners could compute data-driven estimates of information value. Finally, empirical
validation on real-world datasets, such as manufacturing job shop logs, healthcare surgery schedules,
and electric vehicle charging arrival data, is essential to bridge theory and practice, validating theoretical
predictions against practical challenges like non-stationary distributions and correlated arrivals.

Collectively, these directions contribute to more adaptive scheduling systems that effectively balance
performance guarantees with the cost of information acquisition.
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