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Abstract

Chain-of-Thought (CoT) prompting treats ev-
ery reasoning step as equally important, even
though solving a mathematical problem de-
pends largely on deciding which step to take
first. We therefore formulate reasoning as a
scheduling problem. MathQueue decomposes
a problem into tasks, scores each task by how
much subsequent work it enables, how much
information it yields, and how likely it is to
introduce an error, and then solves the tasks
in that order. We evaluate this formulation on
GSMSK with two models under a fixed limit on
the number of tokens the model may generate,
and find that it helps over a far narrower range
of conditions than anticipated.

Executing each task in a separate model call,
with a verifier that may trigger replanning, per-
forms substantially worse than standard CoT
(83% to 72%) at three times the generated to-
kens and, once the re-sent context of twelve
calls is counted, thirteen times the total; the
replanning loop accounts for most of the loss.
A single-pass variant performs better, but for
reasons unrelated to prioritisation: it terminates
in the required answer format on every prob-
lem, whereas CoT does so on only 87%, and it
generates a third fewer tokens with a quarter of
the variance in length, yet conditional on an an-
swer being delivered it is never more accurate
than CoT.

Retaining this structure but suppressing the
ranking leaves accuracy unchanged at loose
budgets and costs 19 points at the single bud-
get tight enough to make ordering consequen-
tial. Intervening on the scheduler directly rather
than on the prompt then locates that effect: the
task graphs the model generates are near-chains,
so our priority rule reorders only 9 of 100 prob-
lems, and the gain therefore comes from com-
mitting to a ranked plan rather than from the
particular scores we assign to tasks.

Whether any of this constitutes an improve-
ment depends on a factor we had not expected
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to matter: how the answer is parsed from a trun-
cated generation. Scoring only well-formed an-
swers favours MathQueue in all eight compar-
isons; reading the last number instead reverses
six of them. We derive an identity explaining
the reversal, adjudicate between the rules by
manually inspecting every non-compliant gen-
eration, and confirm on a second model that
what STRICT scoring rewards is the baseline’s
format compliance rather than its reasoning.
Budget-constrained evaluation of mathematical
reasoning must therefore fix and report how the
answer is read.

1 Introduction

Large language models solve mathematical word
problems by generating a linear chain of intermedi-
ate steps (Wei et al., 2022; Nye et al., 2021). This
makes an implicit assumption: every step deserves
the same treatment. Human problem solving does
not work this way. Expert solvers categorise a
problem by the principle that governs it, whereas
novices attend to surface features (Chi et al., 1981);
recognising the governing relation is a high-value
step, and multiplying two numbers afterwards is
not. When the generation budget is finite, spending
it in the wrong order is costly.

A large body of work adds structure to address
this: search over branches and thought graphs (Yao
et al., 2023a; Besta et al., 2024), sample and vote
(Wang et al., 2023), decompose into sub-questions
(Zhou et al., 2023; Khot et al., 2023), interleave
reasoning with external actions (Yao et al., 2023b),
or refine a draft with model-generated feedback
(Madaan et al., 2023). All of them cost more
than a single CoT pass, and several measure that
cost carefully: Wang et al. (2023) equalise sample
counts, Yao et al. (2023a) compare token consump-
tion against 100 independent CoT trials, and Besta
et al. (2024) fix the number of thoughts to equate
cost. In every case, however, the budget is matched
post hoc rather than imposed at decode time as a
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constraint the method must plan against, and no
method is scored on what it has produced when the
budget is exhausted.

We take the scheduling view literally: a solver
should enumerate candidate reasoning tasks, esti-
mate each task’s priority, and execute in priority
order subject to dependencies. We then ask, under
a controlled token budget, whether this helps.

The answer depends on a decision we had not
initially considered part of the method at all: how
the final answer is read from a possibly truncated
generation. Our contributions are:

1. We cast mathematical reasoning as priority-
scheduled traversal of a reasoning-task di-
rected acyclic graph (DAG) (§3), with an in-
terpretable priority functional and a balance
operator over reasoning types.

2. We report a negative result: a multi-turn rea-
soning queue with verification and dynamic
replanning degrades GSMS8K accuracy by 11
points at =~ 3x the generated and ~ 13x the
total token cost, and an ablation localises the
loss in the replanning loop (§6.1).

3. We identify a plan-prefix floor: single-pass
scheduling spends A ~ 127 median tokens
stating its plan before solving, so below B ~
A it collapses to near-zero accuracy under ev-
ery scoring rule (§6.3).

4. We separate ordering from structure with
an ablation that plans without ranking, and
find that ordering is beneficial only within the
window in which the budget binds and the
plan fits (§6.5). Intervening on Eq. 5 directly
then localises that benefit: because generated
task graphs are near-chains, it derives from
committing to a ranked plan rather than from
our particular task scores (Appendix F).

5. We show that for B > 256 the extraction
rule can determine the sign of the compari-
son, reversing six of eight comparisons, and
give an exact identity explaining why (§4,
§6.4). We then adjudicate between the candi-
date rules by manual inspection of every non-
compliant generation, which yields a validated
truncation-aware extractor (Appendix D).

6. We establish what the advantage consists
of: on a second model whose CoT baseline

already complies on 99% of problems it dis-
appears and all three extractors agree, con-
firming that STRICT-scored gains track for-
mat compliance; and budget-matched self-
consistency is either far worse than Math-
Queue or equal to it at 3.8x the generated
tokens (Appendices G and H).

2 Related Work

Structured prompting. CoT (Wei et al., 2022)
and scratchpads (Nye et al., 2021) externalise inter-
mediate computation. Least-to-Most (Zhou et al.,
2023) identifies all sub-problems in one pass and
solves them in the easy-to-hard order fixed at de-
composition time; Decomposed Prompting (Khot
et al., 2023) relaxes this to recursive and other non-
linear structures, generating each sub-question con-
ditioned on previous answers. Both therefore order
sub-problems by a rule, but neither rule refers to
a generation budget. Kim et al. (2024) go further
and dispatch a planned task DAG in parallel, opti-
mising latency rather than what is produced under
a token cap. In our notation these methods realise a
traversal of the dependency graph that is unordered
with respect to any explicit cost, whereas Math-
Queue selects the linear extension that is greedy
with respect to a stated priority functional.

Search and self-correction. Tree- and graph-
structured search (Yao et al., 2023a; Besta et al.,
2024) and self-consistency (Wang et al., 2023) im-
prove solution quality by exploring several candi-
date paths, at a token cost that is a multiple of a
single chain. Self-Refine (Madaan et al., 2023)
adds iterative feedback from the model itself, but
Huang et al. (2024) show that in the intrinsic set-
ting, where no external feedback is available, accu-
racy on reasoning benchmarks typically degrades
rather than improves, and that previously reported
gains rely on oracle labels. Our verifier is intrin-
sic in exactly this sense, and our negative result is
consistent with theirs: on the problems where it
triggers replanning, final accuracy falls below what
the same pipeline achieves with the loop disabled.

Efficient reasoning. Recent work studies the
cost side of reasoning explicitly, by shortening out-
puts (Nayab et al., 2026) or allocating test-time
compute (Snell et al., 2025); see Sui et al. (2025)
for a survey. We contribute a budget-matched com-
parison in which the manipulated variable is the
order of reasoning rather than its length or sam-
pling count.
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Answer extraction. Evaluating GSM8K-style
benchmarks requires parsing a numeric answer out
of free-form text. GSM8K marks its gold answers
with a #### delimiter and its reference implemen-
tation credits a completion only when that marker
is present (Cobbe et al., 2021), which is the rule we
call STRICT. Downstream practice relaxes it: Ko-
jima et al. (2022) fall back to the last number when
the answer trigger is absent, and the widely used
harness of Biderman et al. (2024) offers both filters
as interchangeable options, treating the choice as
a neutral implementation detail. Scores and even
model rankings are known to be sensitive to such
surface choices (Sclar et al., 2024; Biderman et al.,
2024). We identify a specific mechanism behind
these reversals: once generations are truncated, the
fallback systematically credits whichever method
failed to deliver an answer.

3 MathQueue

3.1 Budget-constrained solving

Let ¢ € Q be a problem with gold answer y*(q),
and let g be an autoregressive model over token
alphabet 3. A solver produces a completion u €
>2* from which an extractor recovers a prediction.
Decoding is greedy (I' = 0) under a completion
budget B € N, so the realised output is the prefix

U1:min(|ul,B)"

3.2 Reasoning task graph

Given ¢, the model emits reasoning tasks 7 =
{t1,...,tx} with 3 < k£ < 6 and a dependency
relation £ C T x 7, forming a directed graph
G = (T, E) with parents pa(t;) = {t; : (t;,t;) €
E}. Each task carries a type 7(¢;) drawn from
K = {PLN, CAL, VER, OTH} and a self-estimated
feature vector

o(t;) = (Dy, Ii, Ci, R))' € [0,1]*, (1)

where D is dependency (downstream work en-
abled), I is information gain, C'is complexity, and
R is error risk. Malformed output triggers one re-
pair turn; persistent failure falls back to a fixed
four-task chain.

3.3 Priority functional

Tasks are scored by a linear functional with weights
w = (a7 57 77 5>T:

P(t;) = w' ¢(t;) = aD;+ BL; +~vCi+6R;. (2)

We fix w = (0.35, 0.35, 0.10, 0.20)" a priori;
since these are non-negative and sum to one,
P(t;) € [0,1]. Dependency and information
gain dominate so that structure-revealing steps pre-
cede execution steps, while complexity is down-
weighted so that a long calculation cannot monop-
olise the queue merely by being long.

3.4 Balance operator

To prevent trajectories consisting only of arithmetic,
we track the type distribution of the completed set
Dy after s steps,

_ HtEDS|:DT|(t):HH, ek,

3)

, add a bonus to under-

ps(ﬁ)

and, writing ns = |Ds
represented types:

)\1 T(tl) = VER, 71, > 2a
ps(CAL) > 0. V ps(VER) < 6,,
bs(ti) = < Ao 7(t;) = PLN, ng > 3,

ps(PLN) < 6,

0  otherwise,

“)
with A} = 0.25, Ay = 0.20, 6. = 0.55, 6, = 0.15,
0, = 0.10. When both clauses apply the maximum
is taken, so P(t;) + bs(t;) € [0,1 + A1]. This
is a reasoning-domain analogue of load balancing
across resource classes.

3.5 Selection rule

Let Fs = {t; € T \ Ds : pa(t;) C D} be the
ready frontier. The scheduler executes

t(s) = argmax [P(tz) + bs(tz)]7 (5)
tlefs

falling back to 7\ Ds when F; = &, and halts
after Spax = 6 steps or when the queue empties.

Proposition 1 (Schedule validity). If G is acyclic
and every dependency reference resolves to a task
in T, then Fs # & whenever Dy C T, and the
sequence produced by Eq. 5 is a linear extension

of G.

Equation 5 is a list-scheduling rule in the sense of
Graham (1966), and Proposition 1 restates a stan-
dard fact: a finite non-empty DAG restricted to
T \ Dy always contains a source, so greedy selec-
tion from the ready set yields a topological order
(Kahn, 1962). We state it because the antecedent is
consequential in practice: because task graphs are
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model-generated, a cycle or an unresolved identi-
fier triggers the fallback branch and the guarantee
no longer holds, so Proposition 1 is conditional on
well-formed output rather than an invariant of the
system.

3.6 Instantiations

The same policy admits realisations with markedly
different call complexity M, which is our main
experimental variable.

MathQueue-Full (multi-turn). Each task is ex-
ecuted in its own call followed by a verifier call;
if the verifier rejects, a replanning call inserts an
alternative-strategy task. With S executed steps,
V' verifier calls and II replanning calls, M =
2+ S+ V + II. Empirically M = 12.2.

MathQueue-Lite (two-call). One call yields
(T, E, ¢); the schedule is materialised offline by
Eq. 5; a second call solves in that order. Here
M = 2, and because Dy = & the balance operator
is inactive by Eq. 4.

MathQueue-Inline (single call). The policy is
stated in the prompt and the model ranks and exe-
cutes its own tasks in one generation, so M = 1.

4 Budget, Delivery, and Extraction

Our results depend on separating three factors that
raw accuracy conflates: whether the reasoning is
correct, whether an answer is delivered within the
budget, and how the extractor behaves when it is
not.

Definition 1 (Delivery length). For solver m and
problem q, write uw = u” (q) for the unconstrained
completion. The delivery length L™ (q) is the small-
est { such that uy.y contains a well-formed final-
answer marker, and L™ (q) = oo if the generation
never emits one.

Assumption 1 (Prefix consistency). Under greedy
decoding, imposing a budget truncates rather than
alters the trajectory: u™5B(q) = u?ﬁin('ul B) (q).

We contrast three extractors applied to the same
generation. STRICT accepts only a well-formed
marker carrying a number. LENIENT prefers such a
marker but otherwise falls back to the last number
appearing anywhere in the text; this is the rule used
by our pipeline and corresponds to the last-number
filter of Biderman et al. (2024), whereas STRICT
corresponds to their marker-only filter and to the
reference implementation of Cobbe et al. (2021).

Neither rule is satisfactory, because each an-
swers a different question: STRICT asks whether
the solver delivered, LENIENT asks what number
it last wrote. A generation can lack a marker for
two reasons, and the fallback is trustworthy in only
one. If it ran to completion without the required
line, the solver has an answer and merely failed
to format it, so its trailing number is that answer.
If it was cut off, the trailing number is whatever
quantity was being manipulated at truncation and
does not constitute an answer. We therefore define
a third rule, GATED, which accepts a marker and
otherwise falls back to the last number only when
the provider reports that generation stopped on its
own. Appendix D validates the distinction manu-
ally: the fallback is correct on 36 of 36 completed
generations and on only 62 of 381 truncated ones,
SO GATED retains the rescues that are justified and
discards those that are incidental.

Under STRICT, a solver scores only when it both
delivers within the budget and is correct, so writing
C™(q) for the event that the delivered answer is
correct,

Accgrgicr(B) = ]?"[C’T(q) AN L™(q) < B]v (6)

which is non-decreasing in B. STRICT is thus the
product of a delivery rate Pr[L™ < B] and a com-
pliant accuracy Pr[C™ | L™ < BJ; reporting only
the product lets a formatting advantage read as
a reasoning advantage, so we report both factors
(86.5). LENIENT adds a rescue term: when no an-
swer is delivered, the fallback may still return the
gold value by chance, for instance because the run-
ning computation happened to end on it. Writing

e™(B) =Pr[L™(q) > B A fallback correct| > 0,
q
@)
we have Acclpypnr(B) = AcCgper(B) +£™(B),
while GATED restricts that rescue term to untrun-
cated generations,

Acclaren(B) = Accipier(B) + €t (B),  (8)

and therefore the following identity for the gap
A(B) between two solvers.

Proposition 2 (Extraction identity). For any two

solvers Ty, m, writing Ay(B) = ACC?) (B) —

Accli(B),

¢)

ALENIENT(B) = ASTRICT(B) - (57T1 (B) —e™ (B)) :
©)
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Equation 9 states that LENIENT scoring cred-
its each solver in proportion to how often it fails
to deliver. If one method is systematically more
compliant, LENIENT scoring is biased against it
by exactly the difference in rescue rates, and the
measured sign may reverse. Crucially, € depends
on incidental properties of the text, including mate-
rial echoed from the prompt, and is therefore not a
stable property of the method.

MathQueue-Inline also pays a structural cost: it
must state its ranked plan before solving, so its de-
livery length decomposes as LMQ = A + R, where
A is the plan prefix. This imposes a floor: if B < A
then no answer is delivered and Accé\/%%CT(B) =0,
irrespective of the quality of the underlying reason-
ing.

5 Experimental Setup

Data and models. We sample N = 100 prob-
lems uniformly without replacement (seed 42) from
the GSMSK test split (Cobbe et al., 2021) and use
Solar Pro 3 (solar-pro3; hereafter Solar) through
an OpenAl-compatible endpoint at temperature 0.
All methods see identical problems. To test whether
the effects are a property of one model we repeat
the central comparison on gpt-oss-20b (OpenAl,
2025) served locally (Appendix G); that model
streams a hidden reasoning channel whose tokens
are charged against the same cap, so we log them
separately.

Prompt versions. Both prompts originally il-
lustrated the output format with a literal exam-
ple, FINAL_ANSWER: 42. We found that truncated
CoT generations re-quote this instruction, causing
LENIENT to return 42 on 10 of 100 problems at
B = 256. We therefore re-ran the entire sweep
with the numeral removed. We report both ver-
sions, written LEGACY and CLEAN, because the
difference between them is part of the finding. Ap-
pendix I summarises every prompt.

Conditions. E1 compares CoT, MathQueue-Full,
and MathQueue-Full without replanning at B =
2048. E2 compares CoT and MathQueue-Inline
at B = 2048. E3 sweeps budgets 128, 256, 512,
1024 and 2048 for both methods and both prompt
versions. E4 re-scores every stored generation un-
der all three extractors, so the extractor is isolated
from the model. ES adds an ablation, PLAN, which
keeps MathQueue-Inline’s decompose—list—solve—
verify structure and its final-answer format but is

explicitly instructed not to rank or prioritise the
tasks; it is a prompt-level manipulation, differing
from MathQueue-Inline in the ranking instruction
and from CoT in having any explicit structure at all.
E6 replaces that manipulation with an intervention
on Eq. 5 itself: one decomposition per problem,
two linear extensions of the same graph, identi-
cal solve prompt. E7 repeats E2, E4 and E5 on
the second model at B € {256,512,2048}. E8
adds a budget-matched self-consistency baseline
(Wang et al., 2023) in which £ = 3 samples are
each capped at | B/k | tokens, so the ensemble can-
not outspend a single CoT pass of B. E6-ES8 are
reported in Appendices F-H.

Metrics. We report accuracy under each extrac-
tor, mean completion tokens ¢, mean calls M, la-
tency, truncation rate, marker rate, the share of gen-
erations from which a well-formed answer can be
read, and compliant accuracy, accuracy restricted
to those generations. Appendix J lists the decoding
settings and the contents of the per-problem logs.

Significance. Paired comparisons use the exact
conditional McNemar test (McNemar, 1947; Di-
etterich, 1998). With discordance counts n1g, ng1
and m = nqg + ng1, the two-sided p-value is

min(nio,n01) m
=min| 1, 2™ . (10
p mm<, > (Z)> (10)

i=0
6 Results

6.1 El1: agentic scheduling degrades accuracy

The fully agentic queue is harmful. At B = 2048
on the LEGACY prompt under LENIENT scoring,
MathQueue-Full reaches 72.0 against CoT’s 83.0,
a loss of 11 accuracy points, while issuing M =
12.2 calls per problem (p = 0.019). Removing
dynamic replanning recovers 8 of the 11 lost points
(80.0; against CoT p = 0.61), which localises most
of the degradation in the verify-and-replan loop
rather than in prioritisation.

The cost of the loop is larger than generated
tokens alone suggest. MathQueue-Full produces
2.9x as many completion tokens as CoT, but each
of its 12.2 calls re-sends the accumulated context,
so it consumes 35x the input tokens (5859 against
167) and 12.6x the total (7013 against 558). Un-
der any pricing scheme that charges for input, the
orchestration rather than the reasoning dominates
the cost; Appendix E reports both sides for every
condition.
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The replanning subset makes this precise. Let
R = {q : I(q) > 0}; here |[R| = 16 with 2.8
insertions on average. Restricted to R, MathQueue-
Full attains 43.8%, CoT 62.5%, and the identical
pipeline with the loop disabled 68.8%. Because the
no-replan variant differs only in whether the loop
may be invoked, the verifier is not merely selecting
difficult problems; it degrades trajectories that the
same scheduler would otherwise have solved.

6.2 E2: single-pass scheduling is compact and
compliant

Compiling the policy into one generation removes
the orchestration cost. At B = 2048 on the CLEAN
prompt, MathQueue-Inline uses 33.4% fewer com-
pletion tokens than CoT (269 against 404) and is
markedly more predictable: the standard deviation
of completion length falls from 339 to 84 tokens,
a 4x reduction, and the maximum from 2048 (i.e.
reaching the cap) to 549 (Appendix B). It also de-
livers an answer far more reliably. Even at this
budget, where only 2% of CoT generations are
truncated, CoT emits a well-formed final answer
on 87% of problems against MathQueue’s 100%;
the remainder terminate in commentary on the re-
quested format without producing the required line.
Accuracy is deferred to Table 1, since it depends
on the extractor.

Prompt length partly offsets the saving: the
scheduling instructions lengthen the prompt from
165 to 281 tokens, so the reduction in fotal tokens
is only 3.3% (569 — 550). The saving is con-
centrated on the generated side, which dominates
latency and, under most pricing schemes, cost.

6.3 E3: the plan-prefix floor

Sweeping the budget reveals a cost that the uncon-
strained comparison hides. MathQueue-Inline must
state its ranked plan before solving; we locate the
plan/solution boundary in all 100 traces and esti-
mate A at a median of 127 tokens (mean 141, IQR
111-151). At B = 128 the plan alone consumes
the entire budget on 50% of problems, and the plan-
prefix floor becomes binding: MathQueue reaches
0% (STRICT) or 5% (LENIENT) against CoT’s 7%
and 27%. This is the one regime in which both
scoring rules agree that scheduling is harmful, and
it constitutes a substantive limitation of the method:
the scheduling overhead must be amortised before
ordering can be of any benefit.

STRICT LENIENT

B CoT MQ A CoT MQ A CoT MQ A

2 7 0 -7 8 0 -8 27 5 -22
256 42 51 +9 49 51 +2 66 54 —12
512 69 83 +14 78 83 +5 83 84 +1
1024 78 85 47 86 8 -1 87 8 -2
2048 77 84 +7 88 84 —4 88 84 —4

GATED

Table 1: E3/E4 accuracy (%) on the CLEAN prompt un-
der the three extractors. STRICT and LENIENT disagree
on the sign at three of the four budgets with B > 256;
under the validated GATED rule the gap is within 5 points
of zero throughout and never significant (p > 0.27).
LEGACY results are in Appendix A and the correspond-
ing curves in Appendix B.

6.4 E4: extraction decides the sign

For B > 256 the conclusion depends entirely on
how the answer is read (Table 1). Under STRICT
MathQueue leads at every budget in this range,
in all eight comparisons across both prompt ver-
sions, by 43 to +14 points; under LENIENT it trails
in most, by as much as —12. The two rules dis-
agree on the sign at six of those eight combinations,
agreeing only where the LENIENT margin is within
6 points of zero.

Which rule to prefer can be settled empirically
rather than by convention, because each makes a
verifiable claim about individual generations. We
manually inspected every generation carrying no
marker and asked whether its trailing number is
nonetheless the answer the solver had reached:
pooled over budgets and methods, the fallback is
correct on 36 of 36 generations that ran to com-
pletion and on 62 of 381 that were truncated (Ap-
pendix D). Under the resulting GATED rule of Eq. 8,
MathQueue’s advantage falls from between 47 and
+14 points to between —4 and +5, and is not signif-
icant at any budget. Most of what STRICT credited
to scheduling was CoT being penalised for correct
answers in the wrong format.

Proposition 2 accounts for this exactly. Tak-
ing m to be CoT and m MathQueue, so that A
is signed as in Table 1: at B = 2048 on the
CLEAN prompt, ¢“°T = 88 — 77 = 11 points
while eMQ = 84 — 84 = 0, so Eq. 9 gives
Apgnient = +7 — (11 — 0) = —4, which is the
value we measure. The rescue term is large for
CoT and zero for MathQueue for a reason evident
in the delivery rates (Appendix C): above B = 256
MathQueue delivers a marker on every problem,
so the fallback has nothing to rescue, whereas CoT
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plateaus at 87% even when it is not truncated. At
B = 256 the rescued items can be counted directly:
exactly 24 CoT generations deliver no answer yet
have the gold value as their trailing number, match-
ing ¢€“°T = 66 — 42 = 24 points, against 3 for
MathQueue. Appendix D presents one such case,
in which CoT computes the correct profit and then
expends its remaining budget on commentary about
the required output format instead of stating the an-
SWer.

The instability is not confined to the choice of ex-
tractor. Under LENIENT scoring at B = 256, delet-
ing the numeral from the format example alone
moves the gap from +6.0 to —12.0, an 18-point
change produced by a single token of prompt text
with the model, problems and method held fixed.
Under STRICT scoring the same change moves the
gap only from +13.0 to +9.0.

6.5 ES: ordering versus structure

MathQueue differs from CoT in two respects simul-
taneously: it imposes a plan, and it orders that plan
by priority. The experiments reported so far there-
fore cannot attribute the effect to either component.
Table 2 separates them.

At loose budgets the ordering policy contributes
nothing. At B = 2048, PLAN reaches 85.0 against
MathQueue’s 84.0 (p = 1.000), and at B = 512
the gap is +2.0 in MathQueue’s favour (p =
0.754). Both variants deliver a well-formed an-
swer far more reliably than CoT (93-100% against
75-87%), and both exceed it under STRICT scoring,
by 47 to 414 points. Any advantage that schedul-
ing confers in the unconstrained regime is therefore
attributable to structure, that is, to committing to
a task list and terminating in the required format,
rather than to the priority functional.

At B = 256 this relationship reverses. Ranking
is worth +19.0 points over the same structure left
unranked (p = 0.003), the largest and most sig-
nificant effect we measure for the ordering policy,
and it is the one effect in the paper that is invariant
to the extraction rule: the same +19.0 holds un-
der GATED (p = 0.003). Unranked planning is in
fact inferior to standard CoT in this regime (—10.0
STRICT, —17.0 GATED): it incurs the cost of writ-
ing a plan and then executes it in an arbitrary order,
so it is truncated on 66% of problems and delivers
an answer on only 34%, against MathQueue’s 44%
and 57%.

This is precisely the window that the analysis of
§4 predicts. Ordering can matter only when part of

B Method STRICT GATED LENIENT Mark. Compl. ¢

CoT 42.0 49.0 66.0 44 955 223
256 PLAN  32.0 32.0 43.0 34 94.1 240
MQ 51.0 51.0 54.0 57 895 229
CoT 69.0 78.0 83.0 75 920 317
512 PLAN 81.0 81.0 81.0 93  87.1 300
MQ 83.0 83.0 84.0 98 847 268
CoT 77.0  88.0 88.0 87  88.5 404
2048 PLAN 85.0 85.0 85.0 100 85.0 300
MQ 84.0 84.0 84.0 100 84.0 269

Table 2: E5 ablation (CLEAN prompt). PLAN keeps
the structure but drops the ranking; Compl. is accuracy
among generations that delivered a marker. Ranking is
worth +19.0 points over unranked structure at B = 256
under both STRICT and GATED (p = 0.003), but +2.0
(p = 0.754) at 512 and —1.0 (p = 1.000) at 2048.
MathQueue has the lowest compliant accuracy at every
budget.

the trajectory will be truncated, which requires B
to bind, and it can help only when the plan itself fits,
which requires B > A. Outside (A, ~ 512) the
priority functional is inert. We treat this window
as a preliminary estimate: it rests on one binding
budget, one dataset and one seed, and its upper
edge is bounded only between 256 and 512. Inter-
vening on Eq. 5 directly, by reordering an identical
generated graph rather than by altering the prompt,
localises the mechanism further: the graphs the
model produces are near-chains, so within this win-
dow ranking operates chiefly by committing the
model to one ordered plan rather than by selecting
among genuinely competing tasks (Appendix F).

The compliant accuracies in Table 2 delimit what
structure provides. At every budget MathQueue
is the least accurate of the three methods condi-
tional on having delivered an answer (84.0-89.5%
against CoT’s 88.5-95.5%); its STRICT advantage
is produced entirely by delivering answers at all.
Scheduling in this setting improves the reliability
with which a solution is emitted, not the quality of
the solution.

7 Analysis

Structure yields delivery; ordering yields time.
The ablation separates the two effects cleanly.
Structure is responsible for the robust, budget-
independent gains: a 100% marker rate against
CoT’s 87%, 33% fewer completion tokens, and a
4x tighter length distribution. The priority func-
tional adds nothing to this once the budget is loose,
and contributes substantially (4-19 points) precisely
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where the budget compels the solver to choose what
to address first. Both components of the scheduling
formulation are substantive, but they operate in dif-
ferent regimes, and reporting only unconstrained
accuracy would have revealed neither.

Why lenient scoring inverts the ranking. A last-
number fallback is a reasonable heuristic for a com-
pleted generation and a poor one for a truncated
generation, in which the last number is whatever
quantity the model was manipulating when the bud-
get ran out. Manual inspection quantifies the gap:
the fallback is correct on 36 of 36 completed non-
compliant generations and on 62 of 381 truncated
ones. By Eq. 9 the unconditional form of the heuris-
tic therefore awards credit to exactly the method
that more often fails to deliver, which is why we
adopt the finish-conditioned rule GATED as our
primary measure and report all three. STRICT is
not free of judgement either, since it penalises cor-
rect reasoning that terminates in the wrong format;
GATED separates the two failure modes that STRICT
and LENIENT each conflate.

Verification is not free. The verifier was in-
tended to implement the dynamic-replanning com-
ponent of the scheduling formulation, and it is pre-
cisely the component that fails: on R, disabling
it raises accuracy from 43.8% to 68.8%. This is
consistent with evidence that LLMs cannot reli-
ably self-correct reasoning without external signals
(Huang et al., 2024). A scheduler that reorders
work is inexpensive; one that also adjudicates cor-
rectness inherits the verifier’s error rate.

Evaluation under a budget. Comparisons that
fix a generation budget are becoming common
as test-time compute becomes a controlled vari-
able, whether the budget is enforced by trunca-
tion or by intervening on the decoder (Snell et al.,
2025; Muennighoff et al., 2025; Sui et al., 2025).
Our results suggest they are not identifiable un-
less the answer-extraction rule is fixed and re-
ported, because truncation makes the extractor a
co-determinant of the score. We recommend re-
porting the marker rate and the compliant accuracy
alongside accuracy, and conditioning any fallback
on the finish reason. The second model supports
the diagnosis: where the baseline already complies
on 99% of problems, all three extractors agree to
within a point and no method ordering survives
(Appendix G).

8 Conclusion

We formalised mathematical reasoning as priority-
scheduled traversal of a reasoning-task DAG and
evaluated it under matched token budgets. The
agentic realisation performs worst: —11 accuracy
points at triple the generated and thirteen times the
total token cost, with the replanning loop responsi-
ble for most of the loss. The single-pass realisation
carries a fixed plan-prefix cost that causes it to col-
lapse below B ~ A. Between that floor and the
budget at which truncation ceases to bind, priority
ordering is worth +19 points over the same plan
left unranked under both scoring rules that apply
there; outside that window it confers no benefit, and
every remaining gain derives from structure, which
raises delivery to 100% at a third fewer tokens with-
out improving accuracy conditional on delivery.
Whether any of this manifests as an accuracy im-
provement depends on the answer-extraction rule,
which reverses the sign of six of eight compar-
isons and whose choice we settle by manual vali-
dation rather than by convention. The scope over
which the scheduling formulation is useful is thus
narrower than it initially appears, and the method-
ological implication is broader: budget-constrained
evaluation of mathematical reasoning must fix and
report how the answer is read.

Limitations

Our study is deliberately narrow. All experiments
use one dataset (GSM8K); grade-school word prob-
lems may understate the value of scheduling on
problems where strategy search is the difficulty,
and we have not verified that these effects transfer
to MATH (Hendrycks et al., 2021) or to proof-
oriented benchmarks. The two models we use dif-
fer in scale, provider and reasoning interface si-
multaneously, so the second serves to test whether
a mechanism reappears, not to establish a popu-
lation of models. With N = 100 per condition,
individual budget points are underpowered: only 4
of the 10 STRICT comparisons reach p < 0.05, and
of the eight at B > 256 where MathQueue leads,
only two do. Our claim of a consistent STRICT
advantage therefore rests on the sign being positive
in 8 of 8 comparisons rather than on any single
test, and under GATED the corresponding advan-
tage is within 5 points of zero. We use a single seed
and greedy decoding for the main comparisons, so
we cannot separate method effects from decoding
variance.
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Several measurements are indirect. The plan pre-
fix A is estimated by locating a section header and
converting a character offset into tokens using a
per-example ratio, not by counting tokens directly.
Assumption 1 may be violated by provider-side
nondeterminism. Stored traces are capped at 4000
characters, which affected 11 generations whose
STRICT scores are therefore lower bounds. E1 pre-
dates the prompt correction and can only be scored
LENIENT, because MathQueue-Full’s answer ar-
rives through a separate finalisation call rather than
a single generation; we did not re-run it under the
CLEAN prompt, so its —11 point result is not di-
rectly comparable to Table 1.

The method itself is only partly validated. The
features ¢ are self-reported by the model and never
checked against ground-truth step importance, the
weights w were fixed a priori and never tuned, and
we did not ablate the balance operator, which is in-
active in MQ-Lite by construction. The E5 ablation
isolates ordering from structure at the prompt level,
so PLAN and MathQueue-Inline differ slightly in
prompt length (250 vs. 281 tokens) as well as in
ranking; the graph-level intervention of Appendix F
removes that confound but can only reorder the
graphs the model happens to generate, which are
near-chains, so it bounds the effect of the selection
rule on these graphs rather than of graph-based
scheduling in general. Both were run at three
budgets, so the window boundary between 256
and 512 is coarse. Our search baseline is budget-
matched self-consistency at a single budget split
(Appendix H); tree search and verifier-guided de-
coding remain untested.

Ethics Statement

This work evaluates arithmetic reasoning on a pub-
lic benchmark (GSM8K) and involves no human
subjects, no personal data, and no user-facing gen-
eration. The principal risk we identify is over-
reliance on truncated model reasoning: under a
tight budget both methods emit confident answers
with incomplete justification, and part of Math-
Queue’s advantage is that it always produces a
clean final answer, which may make incomplete
reasoning appear more trustworthy than it is. Our
finding that a last-number fallback can invert a
method ranking also implies that published gains
on truncated-generation benchmarks may partly
reflect parsing heuristics; we release per-problem
logs so that any reported number can be recom-

puted under an alternative rule. Cost figures come
from provider-returned token counts.
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A Legacy-prompt results

Table 3 reports the sweep on the LEGACY prompt,
whose format example contained the numeral 42.
Comparing with Table 1 isolates the effect of
that single token: under STRICT scoring the gap
changes by at most 8 points and never changes sign
for B > 256, whereas under LENIENT scoring it
changes by up to 18 points and changes sign at
B = 256.

STRICT LENIENT
B CoT MQ A CoT MQ A
128 20.0 00 —-200 28.0 30 —-25.0
256 51.0 64.0 +13.0 60.0 66.0 +6.0
512 750 81.0 +6.0 83.0 8.0 -1.0
1024 790 82.0 +3.0 83.0 820 -1.0
2048 77.0 82.0 +5.0 84.0 820 -—-2.0

Table 3: Accuracy (%) on the LEGACY prompt.

B Budget and length curves

Figure 2 plots accuracy against the budget un-
der both boundary extractors, and Figure 1 the
completion-length distributions at B = 2048.

121


https://arxiv.org/abs/2312.04511
https://arxiv.org/abs/2312.04511
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2303.17651
https://arxiv.org/abs/2303.17651
https://doi.org/10.1007/BF02295996
https://doi.org/10.1007/BF02295996
https://doi.org/10.1007/BF02295996
https://doi.org/10.18653/v1/2025.emnlp-main.1025
https://doi.org/10.18653/v1/2025.emnlp-main.1025
https://doi.org/10.1016/j.ins.2026.123939
https://doi.org/10.1016/j.ins.2026.123939
https://arxiv.org/abs/2112.00114
https://arxiv.org/abs/2112.00114
https://arxiv.org/abs/2508.10925
https://arxiv.org/abs/2310.11324
https://arxiv.org/abs/2310.11324
https://openreview.net/forum?id=4FWAwZtd2n
https://openreview.net/forum?id=4FWAwZtd2n
https://openreview.net/forum?id=4FWAwZtd2n
https://arxiv.org/abs/2503.16419
https://arxiv.org/abs/2503.16419
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2305.10601
https://arxiv.org/abs/2305.10601
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2205.10625
https://arxiv.org/abs/2205.10625

100 4 _ _ CoT
- —— MathQueue "
& 80 1 : -~
H -
: -
ks N 4
s ol T/
3 <
") X1
;E) 40 - 2! CoT: 11% beyond 800
el c: (max 2048)
o o
& 204 =
4
z
0 = T T T T
0 200 400 600 800

completion tokens

Figure 1: Completion lengths at B = 2048 (CLEAN).
Scheduling concentrates generation into a narrow band
and eliminates the long tail, at the price of a floor near
the plan prefix A.

trunc. % c
B CoT MQ CoT MQ CoT MQ

128 8 0 95 100 127 128
256 44 57 6l 44 223 229
512 75 98 20 2 317 268
1024 87 100 7 0 387 265
2048 87 100 2 0 404 269

marker %

Table 4: Delivery behaviour on the CLEAN prompt.
Marker rate is the share of generations yielding a well-
formed answer. Above B = 256 MathQueue always
delivers, while CoT plateaus at 87% even without trun-
cation.

C Delivery behaviour

Table 4 gives the quantities entering Eq. 9. Two fea-
tures drive the results of §6.4. First, MathQueue’s
marker rate reaches 100% from B = 1024 up-
wards, so its rescue term € is zero and its STRICT,
GATED and LENIENT scores coincide. Second,
CoT’s marker rate stops at 87% even where only
2% of its generations are truncated, so its non-
delivery is a formatting failure rather than a budget
failure, and the rescue term stays large.

D Validating the GATED extractor

We examined every generation in the CLEAN sweep
from which STRICT recovers nothing, and recorded
whether the trailing number of the text is the value
the solver had in fact arrived at. Table 5 reports the
outcome. The split is close to categorical: when
the model terminated of its own accord, the answer
was present but unmarked in all 36 cases, whereas
under truncation the trailing number was the gold
value in 16% of cases, a rate consistent with a par-
tial computation coinciding with the answer. The

Non-marker generations n  correct prec.
Terminated on its own 36 36 1.00
Truncated at the cap 381 62 0.16

Table 5: Manual validation of the last-number fallback,
pooled over the five budgets and both methods on the
CLEAN prompt. Precision is the share of non-marker
generations whose trailing number is the gold answer.
Conditioning on the finish reason separates a reliable
rescue from an unreliable one, which is what Eq. 8 does.

composition of the non-marker cases follows the
same pattern by budget: of CoT’s 56 at B = 256,
49 were truncated and 24 carried the gold value;
of its 13 at B = 2048, 11 did. MathQueue never
produces a completed non-compliant generation at
any budget.

Figure 3 shows a case that LENIENT rescues and
GATED does not.

E Full cost accounting

Study ~ Method in out total M s
CoT 167 391 558 1.0 2.9
El, 2048 MQ-Full 5859 1154 7013 12.2 13.4
noreplan 5183 1021 6204 11.5 12.1
CoT 165 223 388 1.0 1.9
ES, 256 PLAN 250 240 490 1.0 2.2
MQ-Inline 281 229 510 1.0 2.1
CoT 165 404 569 1.0 3.1
ES, 2048 PLAN 250 300 550 1.0 24

MQ-Inline 281 269 550 1.0 2.8

Table 6: Mean prompt, completion and total tokens

per problem, calls M and wall-clock seconds. The
budget B caps completion tokens only, so input cost is
unconstrained by construction, which is what makes the
multi-turn realisation costly.

Table 6 reports both sides of the cost. The budget
constrains completion tokens, so a method that is-
sues many calls pays an input cost the budget does
not see: MathQueue-Full re-sends the accumulated
transcript on each of its 12.2 calls and consumes
35x CoT’s input tokens. Single-pass scheduling
avoids this entirely; its longer prompt adds a fixed
116 tokens, so at B = 2048 its total cost is compa-
rable to CoT’s (550 against 569) despite generating
a third fewer tokens.

F E6: intervening on the selection rule

The E5 ablation manipulates the prompt, so it can-
not distinguish the priority functional from the in-
struction to write a plan. We therefore intervene on
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Figure 2: Accuracy against completion budget. (a) Under STRICT extraction MathQueue dominates CoT for
B > 256. (b) Under LENIENT extraction the ordering reverses everywhere except at B = 512, where the two curves
nearly coincide. (c) The gap A(B) for both prompt versions and both extractors: the extractor (colour) separates the
curves cleanly, while the prompt version (solid vs. dotted) does not. At B = 128, where the plan prefix exceeds the

budget, both rules agree that scheduling is harmful.

Problem (gold = 8): Rose bought five dozens of eggs for
$2.40 a dozen. She will sell it for $1 for 3 eggs. How much
will be Rose’s profit?

CoT, truncated at B = 256: ... Profit = revenue — cost

= $20 — $12 = $8.00. Thus profit = $8.00. But we need

to show step-by-step reasoning. Also ensure final answer

is numeric, maybe with dollar sign? The format says
STRICT and GATED: nothing delivered = wrong.
LENIENT: trailing number 8.00 = correct.

MathQueue, complete in 242 tokens: ... 4. Profit: $20.00
— $12.00 = $8.00, followed by the required final-answer
line.

All three rules: correct.

Figure 3: One of the 24 problems at B = 256 where
LENIENT scoring rescues a CoT generation that never
delivered an answer. Whether the rescue succeeds de-
pends on which number the truncation happens to fall
after.

Eq. 5 itself. For each problem we generate the task
graph once and then execute it twice at B = 512,
once in the order the priority functional selects and
once in the order the model emitted, with an other-
wise identical solve prompt from which all ranking
language has been removed. Everything except the
order is thus held fixed.

The intervention is possible on fewer problems
than expected. Analysing the 100 graphs shows
that 54 are chains admitting exactly one valid order,
the median number of linear extensions over all
graphs is 1, and the largest ready set encountered
at any point is 3. The priority order coincides with
the model’s emitted order on 91 problems, and on 6
of the 9 remaining ones the disagreement is not at-
tributable to the priority scores. Re-decomposition

at execution time reproduced two genuinely dis-
tinct orders on 5 of the 9 pairs, and in every case
they differ by a single transposition of adjacent
tasks.

The outcome is unchanged on all of them. Both
orders yield 44.4% STRICT and 55.6% GATED ac-
curacy on the paired subset, the predictions agree
token-for-token on the reordered pairs, and no prob-
lem changes from correct to incorrect or the reverse.
This does not contradict §6.5; it locates the +19
points there. Within the window where the budget
binds, what the ranking supplies is a commitment
to a single ordered plan, and on graphs of this depth
that commitment does not depend on which of the
admissible orders is chosen. A benefit from the
particular scores ¢ would require problems whose
dependency structure leaves genuine choice, which
GSMB8K decompositions rarely do.

G E7: transfer to a second model

We repeat the ES comparison on gpt-o0ss-20b, a
model that differs from Solar in scale, provider
and interface, and that streams a hidden reasoning
channel whose tokens count against B (88 mean
reasoning tokens for MathQueue against 58 for
CoT at B = 256). Table 7 reports the result.

Two of the paper’s claims reappear and one does
not. The plan-prefix floor reappears, displaced up-
wards: because reasoning tokens are billed against
the cap, the effective budget is smaller, and B =
256 now lies below the floor, where MathQueue
reaches 25% against CoT’s 66% and is truncated
on 74% of problems. The value of ranking over
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B Method STRICT GATED LENIENT Mark. Tr.

CoT 66 66 72 73 27
256 PLAN 18 18 22 20 80
MQ 25 25 32 26 74
CoT 86 86 86 9 1
512 PLAN 86 86 86 95 5
MQ 82 82 85 93 7
CoT 85 85 85 100 0
2048 PLAN 90 90 90 100 0
MQ 88 88 88 100 0

Table 7: E7: gpt-0ss-20b on the same 100 problems
and the CLEAN prompt. The baseline complies on 99—
100% of problems from B = 512, so all three extractors
agree and the STRICT advantage of §6.4 does not arise.
Hidden reasoning tokens are charged against B, which
moves the plan-prefix floor upwards.

unranked structure reappears in the same regime, at
+7 points. What does not reappear is the STRICT
advantage of §6.4, and the reason is the one our
analysis predicts: this model’s CoT baseline al-
ready delivers a well-formed answer on 99% of
problems at B = 512 and 100% at B = 2048,
leaving no compliance gap for structure to close.
Consistently with that, all three extractors agree to
within a point at every budget. The STRICT-scored
advantage on Solar is therefore not a property of
scheduling as such but of the compliance ceiling of
the baseline it is measured against.

H ES8: budget-matched self-consistency

B Method  STRICT GATED Deliv. out
512 SC (k=3) 450 48.0 51 484
MQ 83.0 83.0 98 268
2048 SC (k=3) 84.0 84.0 93 1024
MQ 84.0 84.0 100 269

Table 8: E8: self-consistency with k = 3 samples at tem-
perature 0.7, each capped at | B/k| tokens so that the
total generation budget matches. Deliv. is the share of
problems on which a majority answer could be formed;
out is mean completion tokens.

Sampling several trajectories and taking a ma-
jority vote is the natural alternative use of a fixed
budget. We match the budget by drawing k = 3
samples at temperature 0.7, each capped at | B/k |
tokens (170 at B = 512, 682 at B = 2048), and
take the majority over delivered answers. Table 8
reports the comparison.

The two regimes separate sharply. At B = 512
the per-sample cap of 170 tokens is below the

length of a typical solution, so most samples are
truncated and no majority can be formed on 49% of
problems; self-consistency reaches 45.0% against
MathQueue’s 83.0% (p < 107'%). At B =
2048 each sample has sufficient room, and self-
consistency matches MathQueue exactly (84.0%
against 84.0%, p = 1.000) while generating 3.8 x
as many tokens and taking 2.9 as long. Within a
tight budget, therefore, allocating tokens to one
structured trajectory dominates spreading them
over several unstructured ones, and once the bud-
get is loose the two are equivalent in accuracy but
not in cost. Neither regime provides evidence that
sampling recovers what ordering provides.

I Prompts

Decomposition. The model returns JSON con-
taining 3-6 tasks, each with id, description,
task_type, depends_on and the four components
of ¢ in [0, 1], with instructions not to solve the
problem yet and to include at least one VER task.

Inline scheduling. The single-call prompt in-
structs the model to (i) decompose the problem,
(ii) rank tasks by dependency and information gain,
stating explicitly that complexity must not domi-
nate the order, (iii) solve in ranked order, (iv) verify
once at the end, and (v) avoid long calculations
before the governing relation is fixed. It requires a
short ranked task list followed by the solution and
a final answer line.

CoT baseline. The baseline asks for step-by-
step reasoning and the same final-answer format,
with no scheduling instructions. In the LEGACY
version both prompts ended with the example
FINAL_ANSWER: 42; in the CLEAN version the nu-
meral is replaced by a placeholder, which the ex-
tractor ignores.

The paragraphs above summarise the prompts;
the templates themselves are released verbatim as
plain-text files alongside the logs, one per method,
so that no wording has to be reconstructed from
this description.

J Reproducibility

Models and endpoints. Solar Pro 3 is served
as solar-pro3 on the OpenAl-compatible end-
point api.upstage.ai/v1; the provider does not
expose an immutable version tag, so every record
carries the response identifier and timestamp re-
turned by the API. The second model is openai/
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gpt-oss-20b served locally behind an OpenAl-
compatible endpoint, whose reasoning_tokens
field is logged separately and counted against the
same cap. Each run writes a run_meta. json
recording the model string, endpoint, budget, seed,
prompt version and library versions.

Decoding. Temperature is O for all main compar-
isons, at budgets of 128, 256, 512, 1024 and 2048
completion tokens, identical across methods within
a study, with Spax = 6 scheduling steps for multi-
turn variants. Self-consistency (Appendix H) is the
sole exception, at temperature 0.7 with k£ = 3. The
budget is imposed as max_tokens at decode time
rather than by post hoc truncation.

Problem sample. The 100 problems are drawn
from the GSMBK test split by random.Random(42)
.sample, and the resulting indices are stored with
the logs so that the sample can be reproduced or
audited without re-running the sampler.

Records. Every problem yields one record con-
taining the prediction, the gold answer, provider
prompt/completion/total/reasoning token counts,
wall-clock latency, the finish reason, the raw gen-
eration, and, for scheduling methods, the full task
trace (7, E, ¢, o) including the emitted order, the
priority order and the executed order. Traces are
stored uncapped for E6-ES; in the earlier sweeps
they were truncated at 4000 characters, which af-
fected 11 generations, as noted in the Limitations.

Offline scoring. All three extractors, the compli-
ant accuracies and every p-value from Eq. 10 are
recomputed from the stored generations by a single
scoring script, so no number in this paper depends
on scoring decisions made at generation time. This
is what allows Table 1 to isolate the extractor from
the model, and it allows any reader to re-derive the
tables under a different extraction rule.
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