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Abstract

Existing multiple-choice evaluations use small
option sets and thus conflate several sources
of failure when candidate spaces grow. We
provide a controlled factorial decomposition
of large-choice degradation across four axes:
whether a question requires comparing its op-
tions, candidate cardinality (up to 1,000), spa-
tial layout, and gold-answer position. Across
six reasoning LLMs, comparative questions de-
grade far more than questions solvable with-
out inspecting the options; dispersion amplifies
this gap; and accuracy often collapses at late-
middle and terminal positions rather than recov-
ering in the classic lost-in-the-middle U-shape.
We call this asymmetric, structure-dependent
failure mode Lost in Choice. A replication on
500 real ToolBench tool-selection trajectories
per condition reproduces the same hardest posi-
tion on two additional model–task evaluations.
Finally, an audit of reasoning traces yields a tax-
onomy of the heuristics and shortcuts models
adopt as candidate spaces expand.1

1 Introduction

As Large Language Models (LLMs) are increas-
ingly deployed as decision-making systems, their
ability to reliably select among large sets of compet-
ing candidates has become a central requirement.
This need emerges naturally in modern applica-
tions: tool retrieval libraries now comprise over
16,000 APIs (Shi et al., 2025), while biomedical an-
notation, structured coding, and knowledge-graph
completion operate over large taxonomies or struc-
tured candidate spaces (di Lena et al., 2015; Ferrari
et al., 2022; Molfetta et al., 2025)—making high
candidate cardinality a structural constraint.

Concurrently, recent architectural advances have
expanded input context windows to millions of

*Equal contribution (co-first authors).
1Code and data are publicly available under the

MIT license and CC BY 4.0, respectively: https://
disi-unibo-nlp.github.io/lost-in-choice/
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Figure 1: The Lost-in-Choice phenomenon. Accuracy
degradation as the number of options scales (100, 500,
and 1000) across five gold-answer positions. Dashed
lines indicate each model’s baseline on 10 options.

tokens (Peng et al., 2024), technically permitting
models to process thousands of alternatives in a
single forward pass. Yet, the literature on long-
document processing reveals that LLMs exhibit a
“lost-in-the-middle” phenomenon (Liu et al., 2024),
where information retrieval degrades when crit-
ical data resides far from the input boundaries.
Whether a similar bottleneck plagues multiple-
choice decision-making—and whether it stems
from a simple failure to retrieve a known answer or
a deeper inability to compare candidates as the de-
cision space expands—remains an open question.

In this paper, we bridge this gap through a con-
trolled factorial analysis—a design that system-
atically crosses candidate cardinality, layout, and
position. To isolate the nature of model failures,
we introduce a taxonomy of multiple-choice tasks.
We distinguish between Option-Independent sam-
ples, where the answer can be derived from in-
ternal knowledge prior to inspecting candidates
(e.g., “What is the capital of Italy?”), and Option-
Dependent samples, where the correct choice
emerges only through a comparative analysis of
the available alternatives (e.g., “Which of the fol-
lowing algorithms is most efficient?”).
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To evaluate these dynamics, we construct
MMLU-XT (eXTreme), a curated evaluation
benchmark of 1,000 samples across four core
domains derived from MMLU-Pro (Wang et al.,
2024). With this framework, we scale candidate
options from the baseline 10 up to 1,000 by inject-
ing controlled, in-domain distractors. Crucially, we
manipulate the spatial arrangement of the original
10-option set, organizing them either as a contigu-
ous Block or as a Sparse configuration interleaved
across the context. Further, we slide the position
of the gold answer across five window locations
(from 0% to 100% of the candidate list) to map the
combinatorial interaction between option layout,
serial-position effects, and decision complexity.

Our contributions are summarized as follows:

• We separate Option-Independent retrieval
from Option-Dependent comparison and un-
cover a Reasoning vs. Context Paradox: for
four out of six models, 1,000 localized op-
tions on the former are less damaging than the
native 10-option version of the latter.

• We identify Lost in Choice through a four-axis
decomposition: degradation depends jointly
on comparison load, cardinality, layout, and
position. Unlike the classic U-shape, perfor-
mance generally fails to recover near the end
of the list (Figure 1).

• We present MMLU-XT, a controlled 31,000-
instance evaluation suite, and replicate its
positional collapse on real ToolBench tool-
selection trajectories for two models.

• We establish a behavioral taxonomy of LLM
decision strategies and audit how model rea-
soning shifts as the option space expands.

2 Related Work

2.1 Multiple-Choice Evaluation
Multiple-choice benchmarking remains a central
paradigm for evaluating LLMs (OpenAI, 2023),
providing a controlled setting in which mod-
els must discriminate among competing candi-
dates (Balepur et al., 2025). As performance ap-
proaches saturation on traditional 4-option bench-
marks, recent efforts have increased the number of
candidates to better differentiate model capabilities.
MMLU-Pro (Wang et al., 2024) extends the origi-
nal MMLU (Hendrycks et al., 2021) to 10 options,
a design also adopted by MedXpertQA (Zuo et al.,

2025) to stress-test expert-level reasoning. More
recent studies push this scaling further, expanding
candidate sets to 32 (Fan et al., 2025) and even 100
options (Lee and Son, 2026), while revealing in-
creasingly pronounced positional artifacts. The pos-
sibility that larger candidate sets may impair rather
than improve decision quality also has a precedent
in behavioral science: research on choice overload
shows that expanding an assortment can sometimes
reduce engagement and decision quality (Iyengar
and Lepper, 2000). We do not posit a shared cogni-
tive mechanism between humans and LLMs; rather,
this literature motivates the analogous empirical
question of whether increasing option cardinality
can itself degrade model performance.

Prior work has also documented that LLM per-
formance is highly sensitive to seemingly minor
changes in the candidate set. For instance, accuracy
can drop substantially when moving from 4 to 5
options in MedQA (Jin et al., 2020; Frisoni et al.,
2024). Model predictions are also strongly influ-
enced by the alternatives presented, with LLMs
often selecting the “least incorrect” option rather
than uniquely identifying the correct answer (Wang
et al., 2025). Forced-choice evaluation can further
mask models’ inability to abstain when no valid an-
swer is available, even when abstention is explicitly
presented as the only option that avoids putting a
patient’s life at risk (Cocchieri et al., 2026a). Such
findings suggest that models struggle to maintain
stable discriminative boundaries across option vari-
ations (Zhao et al., 2025). This fragility is further
reflected in ReMedQA (Cocchieri et al., 2026b),
where high baseline accuracy can mask sensitivity
to minor option perturbations. More broadly, stud-
ies of LLM sycophancy (Ranaldi and Pucci, 2023)
show that decision reliability can deteriorate un-
der misleading authoritative context and superficial
formatting perturbations (Molfetta et al., 2026).

Yet these studies do not isolate option cardinality
from semantic difficulty, spatial layout, and answer
position. We address this gap through a controlled
factorial design that separates these dimensions
and complements outcome-level evaluation with
an analysis of the resulting reasoning trajectories.

2.2 Positional Bias in LLMs
A complementary line of research investigates po-
sitional biases in long-context processing. In cog-
nitive psychology, the serial-position effect de-
scribes the tendency to recall items at the begin-
ning and end of a list more accurately than those
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in the middle (Murdock Jr, 1962). LLMs ex-
hibit a superficially similar performance pattern,
commonly known as the “lost-in-the-middle” phe-
nomenon (Liu et al., 2024): relevant information
is used more reliably when it appears near the
beginning or end of the context, whereas perfor-
mance degrades at intermediate positions. Increas-
ing the physical distance between relevant pieces
of information to retrieve can further exacerbate
these failures, indicating difficulty in integrating ev-
idence distributed across an extended context (Tian
et al., 2025). Position-dependent effects have been
observed across tasks, including in-context learn-
ing (Lu et al., 2022), ranking (Tang et al., 2024),
and text summarization (Ravaut et al., 2024). These
long-input limitations have motivated alternative
processing strategies over long documents, includ-
ing chunking texts into semantically coherent seg-
ments (Moro and Ragazzi, 2022, 2023), and ex-
tracting or pruning salient information before down-
stream processing (Moro et al., 2023; Ragazzi et al.,
2024, 2025; Italiani et al., 2025).

Within multiple-choice evaluation, positional
bias has primarily been studied as a systematic
preference for particular answer indices—for ex-
ample, selecting option “A” disproportionately—
that can persist independently of option con-
tent (Pezeshkpour and Hruschka, 2024; Zheng
et al., 2024; Li and Gao, 2025; Yang et al., 2025).
This index-level perspective leaves open a differ-
ent question: how does the spatial organization of
the entire candidate set affect the comparisons re-
quired to identify the correct answer? We address
this question by manipulating both the layout of
the options and the position of the correct candi-
date, thereby connecting positional sensitivity in
long-context processing with comparative decision-
making in multiple-choice evaluation.

3 Benchmark Construction

We introduce MMLU-XT, a diagnostic benchmark
derived from MMLU-Pro (Wang et al., 2024) de-
signed to test LLMs under large candidate spaces.
To this end, we manipulate the core questions along
three primary dimensions: (i) cardinality, (ii) spa-
tial disposition, and (iii) target position.

3.1 Question Typology

To decouple core knowledge retrieval from option
comparison complexity, we formalize a key distinc-
tion in question typology:

• Option-Independent: Questions solvable via
internal knowledge prior to choice inspection
(e.g., “What is the capital of Italy?”).

• Option-Dependent: Questions requiring a
comparative analysis of the option set (e.g.,
“Which of the following is most efficient?”).

Classification is done by majority vote among
three LLM judges and validated against human an-
notations; full protocol details and examples across
domains are provided in Appendix A.1. To span
diverse reasoning modalities, we select instances
from four main MMLU domains—Computer Sci-
ence, Math, Law, and Health—sampling 250 ques-
tions each, for a total of 1,000 unique questions.

3.2 Option Scaling
To assess how search-space expansion impacts rea-
soning stability, we embed the original 10-option
sets within in-domain distractor pools, yielding ex-
panded option sets of size N ∈ {100,500,1000}.

Random in-domain distractors serve two pur-
poses. First, because they are interchangeable, re-
arranging them changes layout and position with-
out systematically changing semantic difficulty, al-
lowing us to isolate how models respond to struc-
tural variation. Second, they extend the original
plausible candidates with a weaker tail, reflecting
how genuinely competitive alternatives become
scarcer as candidate pools grow. Hard-negative
pools would instead test how structural effects inter-
act with dense semantic competition; Sections 5.5
and 7 discuss this complementary setting. To main-
tain cross-scale consistency, these pools adhere to
a strict prefix property: N100 ⊂ N500 ⊂ N1000.

To ensure the resulting pool is free from label
noise or coincidental correctness, we screen all
990,000 unique question-distractor pairs (990 dis-
tractors × 1,000 source questions) via a dual-judge
pipeline (GPT-OSS-120B and Gemini-3-Flash).
We resolve flagged options (affecting 51.5% of
questions) through a strict replacement and fallback
protocol. Two authors independently audited 200
pairs (100 flagged and 100 passed), with Cohen’s
κ = 0.82. The screening attained 94.0% precision
in its weakest domain (Law) and a global false-
negative rate below 4.5%; the complete correction
and fallback protocol is provided in Appendix A.2.

3.3 Spatial Disposition
To analyze how the spatial distribution of candi-
dates influences reasoning, we design two place-
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Domain Opt-Indep. Opt-Dep. Total

Computer Science 204 46 250
Health 107 143 250
Law 57 193 250
Mathematics 172 78 250

Questions 540 460 1,000

Variations (3 Card. × 2 Lay. × 5 Pos.) × 30
Baseline Configuration (10-Opt) +1
Total Instances 31,000

Table 1: MMLU-XT evaluation scale. Breakdown
of core questions across domains and their systematic
expansion to 31,000 unique test instances.

ment paradigms for the original 10-option set:

• Block Mode: The 10 original options remain
contiguous within the candidate space, pre-
serving localized signal density.

• Sparse Mode: The 10 original options are
distributed uniformly across 10 segments of
size N/10 and interleaved by distractors, max-
imizing spatial dispersion.

3.4 Target Position
To map positional biases, we sweep the relative
position of the target options across the context
window using w ∈ {0,0.25,0.5,0.75,1}. For a
pool of size N and an original answer index k ∈{0, . . . ,9}, the gold answer is assigned the absolute
index Igold = ⌊w ⋅ (N − 10)⌋ + k.

This formulation ensures equidistant coverage
of the context window while introducing a local
jitter proportional to k, preventing the exploitation
of fixed-index biases by keeping the target within a
controlled ±10 neighborhood of w.

3.5 Combinatorial Scale
The cross-product of our evaluation design vari-
ables (3 Cardinalities × 2 Layouts × 5 Positions)
yields 30 distinct variants per question. Including
the original N = 10 baseline, the final evaluation
suite has exactly 31,000 unique test instances (see
Table 1 for detailed statistics).

4 Evaluation Framework

4.1 Models
To manage the computational footprint of evaluat-
ing 31,000 unique instances per model while ensur-
ing broad architectural representation, we curate a
suite of six state-of-the-art LLMs:

• Open-Source: We evaluate GPT-OSS (20B,
120B) (OpenAI, 2025), Qwen3.5 (9B, 27B)
(Qwen Team, 2026), and Gemma-4-31B
(Gemma Team, 2026).

• Closed-Source: We use Gemini-3-Flash as a
black-box baseline specifically optimised for
long-context efficiency and robust reasoning.

All six LLMs are reasoning models (Guo et al.,
2025): they emit an extended CoT trace enclosed
in thinking tags (e.g., <think>. . . </think>) be-
fore producing a final answer (Wei et al., 2022).
This slow-thinking paradigm, in which the model
can explore multiple solution paths before com-
mitting, is well suited to our challenging setting:
it maximizes the model’s opportunity to exercise
genuine discriminative reasoning rather than super-
ficial pattern matching across 100–1000 candidates.
To eliminate parsing noise, we enforce structured
output for the final response and extract the answer
index. Further details are reported in Appendix B.

4.2 Metrics
We evaluate model performance through a hybrid
quantitative and qualitative framework.

First, we measure primary task performance us-
ing standard Accuracy (Acc), defined as the pro-
portion of instances for which the model selects
the gold answer among the N candidates. Second,
we report the Reasoning Retention Rating (R3)
as a secondary measure of global robustness: how
much of a model’s native 10-option performance
survives under the evaluated stress conditions? R3
aggregates baseline-relative accuracy across cardi-
nalities and windows, weighting larger losses more
heavily so that catastrophic failures are not masked
by easier conditions. Scores range from 0 to 100,
with higher values indicating greater robustness.
For example, a model with 80% baseline accuracy
and R3=64.5 retains 64.5% of that performance,
corresponding to approximately 51.6% on the orig-
inal accuracy scale; R3 is therefore not an absolute
accuracy score. Appendix C provides the full for-
mulation and shows that an unweighted retention
mean produces the same six-model ranking.

Finally, we conduct a qualitative CoT audit by
parsing the generated reasoning paths.

5 Results

Figure 2 plots model performance across different
option cardinalities, window positions, and place-
ment modes, tracking Option-Independent (solid
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Figure 2: Lost-in-Choice phenomenon in MMLU-XT. The original 10 MMLU-Pro options are either contiguous
(Block) or interleaved with distractors (Sparse). Option-Independent (solid) is solvable prior to choice inspection;
Option-Dependent (dashed) requires comparative analysis of the candidates. Dashed gray lines mark the 10-option
baselines; shaded labels report R3 across N ∈ {100,500,1000}.
lines) and Option-Dependent tasks (dashed lines)
separately. Tables 2 and 3 synthesize the worst-case
degradation curves; complete per-domain trajecto-
ries are in Appendix D. Across the 180 combina-
tions of model, option cardinality, window position,
and placement mode (6×3×5×2), Wilson 95% con-
fidence intervals are narrow (5.6% wide on average;
6.3 maximum), and all main paired contrasts are
significant at p < 10−4 (Appendix F). Across three
distractor seeds, the maximum standard deviation
is 2.4 points, roughly 25 times smaller than the
largest 60.5-point positional swing (Appendix G).

5.1 Factorial Decomposition of Degradation

The expected decline with N is the aggregate sur-
face of four separable effects: architecture, task
dependency, layout, and domain.

Model Size. Model architecture determines the
steepness of this decline. Older models (i.e., GPT-
OSS-120B) are highly sensitive to scale, whereas
modern models (Qwen3.5-27B and Gemma-4-31B)
remain more resilient under structured setups.

Question Type. The task nature dictates the
penalty severity. For almost all models, the degra-
dation curve is steeper on Option-Dependent ques-
tions than on retrieval-driven Option-Independent

Model Task 10-opt Block Drop ∆ Sparse Drop ∆

100 500 1000 100 500 1000

Gemini-3-Flash Ind 91.7 1.5 1.5 3.4 1.9 4.5 6.5
Dep 72.8 4.1 6.3 7.6 8.9 13.1 14.3

Qwen3.5-27B Ind 89.4 1.9 3.2 4.1 3.2 6.8 8.6
Dep 64.2 4.9 9.7 13.3 10.3 21.2 20.7

Qwen3.5-9B Ind 86.0 5.5 11.5 13.9 9.2 18.1 14.2
Dep 58.0 11.3 26.7 22.8 17.1 26.7 33.8

Gemma-4-31B Ind 91.8 2.0 6.2 8.6 3.7 11.0 14.5
Dep 64.5 4.1 7.5 9.4 8.9 19.0 21.4

GPT-OSS-120B Ind 87.8 9.2 23.9 41.3 10.1 67.5 76.5
Dep 53.0 7.1 16.7 24.7 17.5 32.7 35.8

GPT-OSS-20B Ind 82.6 10.4 33.0 52.5 15.8 65.9 78.0
Dep 48.3 6.8 17.0 32.9 22.4 31.6 38.3

Table 2: Granular performance degradation curves
(∆ percentage points) across option scales in MMLU-
XT. Deltas represent absolute drops from the 10-option
baseline for each layout (omitting minus signs for clar-
ity). Cell shading intensity is proportional to ∆; the
largest drop within each Block/Sparse group is bolded.

tasks. A notable anomaly is the GPT-OSS family,
which suffers an extreme collapse under indepen-
dent setups at higher scales.

Layout. Option fragmentation heavily acceler-
ates these losses. Switching from Block to Sparse
mode causes additional degradation; just expand-
ing the sparse space to N = 500 triggers a severe
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Model
Block Drop ∆ Sparse Drop ∆

CS Math Health Law CS Math Health Law

100 500 1000 100 500 1000 100 500 1000 100 500 1000 100 500 1000 100 500 1000 100 500 1000 100 500 1000

Gemini-3-Flash 0.8 1.6 2.8 2.0 1.6 3.6 6.0 7.6 8.4 2.8 5.2 5.6 2.0 6.0 8.4 2.4 4.0 4.4 10.4 14.8 16.8 6.4 11.4 10.0

Qwen3.5-27B 1.2 3.6 5.5 0.0 0.6 3.6 9.5 13.4 14.3 3.3 9.1 8.9 2.9 8.6 10.8 1.6 3.1 3.8 15.8 22.6 24.8 7.7 18.7 17.9

Qwen3.5-9B 3.1 9.0 12.3 5.6 12.5 12.9 10.6 15.7 20.9 13.6 18.3 27.3 5.8 17.2 24.6 6.8 13.3 18.7 19.0 24.9 32.6 19.6 32.8 38.3

Gemma-4-31B 2.0 5.3 5.6 1.2 4.8 8.8 5.6 10.7 10.1 6.1 9.7 12.2 2.8 7.8 13.3 1.6 8.5 10.7 8.0 20.0 21.8 11.3 20.8 25.3

GPT-OSS-120B 10.2 25.9 39.0 6.1 25.9 45.4 10.8 18.8 29.1 7.0 13.4 21.2 15.2 42.5 53.3 9.8 37.0 60.8 21.6 35.0 44.8 20.4 35.2 38.4

GPT-OSS-20B 11.2 29.4 45.9 12.0 43.0 74.0 9.2 19.0 31.6 4.4 12.2 22.4 24.4 47.1 69.2 22.0 61.7 81.2 24.8 37.2 48.8 18.4 24.8 31.6

Table 3: Per-domain performance degradation (∆ absolute percentage points) across option scales in MMLU-
XT, grouped by domain. Deltas represent drops from the 10-option baseline for each layout (omitting minus signs
for clarity). Cell shading intensity is proportional to ∆; the largest drop within each domain/scale block is bolded.

functional collapse, exposing cross-token commu-
nication failures (Schnabel et al., 2025).

Domain. Performance resilience scales un-
evenly across domains. Discursive disciplines
(Health, Law) contain more Option-Dependent in-
stances (see Table 1), but composition alone does
not explain their penalty. Pooling N=1000 over
layouts and windows, Option-Dependent accuracy
remains lower in Health/Law than in CS/Math
even after stratification: GPT-OSS-120B scores
30.4/26.3 vs. 46.9/47.1, and Gemini-3-Flash scores
58.7/62.5 vs. 76.5/79.6. The same ordering al-
ready appears at the 10-option baseline (e.g., GPT-
OSS-120B: CS 86.4% vs. Law 46.0%), indicating
a residual domain-difficulty effect that predates our
manipulation. However, switching from Block to
Sparse placement systematically amplifies degrada-
tion, causing a sharp, linear collapse in Health. Fi-
nally, model archetypes diverge under stress: fron-
tier architectures (Gemini, Gemma, Qwen3.5) ex-
hibit small degradation curves, effectively mitigat-
ing scaling drops under Block mode. In contrast,
Qwen3.5-9B and GPT-OSS show a linear suscep-
tibility to list length; GPT-OSS undergoes a com-
plete attention collapse on formal logic, with Math
accuracy dropping up to 81.2% across both layouts.

Global Synthesis via R3 Score The bold, shaded
labels situated above the filled curves in Figure 2
report the aggregated R3 score—converting the
complex intersecting trajectories of our experimen-
tal grid into a standardized, one-glance signature
of resilience. The R3 macro-scores establish a
clear hierarchy: Gemini-3-Flash, Qwen3.5-27B,
and Gemma-4-31B anchor the top tier, indicat-
ing greater capability retention under distractor
saturation. Beyond individual rankings, R3 re-
flects the identified macro-trends: it is universally

lower on Option-Dependent tasks than on Option-
Independent ones—quantifying the pronounced
performance penalty of comparative logic—and
it is consistently penalized under Sparse layout.

5.2 Spatial and Positional Bias
Analyzing performance across target positions (see
Figure 2) reveals a positional bias that challenges
the traditional “lost-in-the-middle” phenomenon.

The degradation trend across context positions
is universal: it is active at all option cardinalities
(N ), simply becoming more severe and visible as
N scales up to 1000. Across almost all tested ar-
chitectures, the performance curves do not exhibit
a symmetrical U-shape. Instead of recovering accu-
racy at the very end of the context, the models suf-
fer their steepest and most destructive drops when
the target is located in the late-middle to terminal
positions, specifically at window 0.75 and 1.0.

This spatial decay induces a pronounced primacy
bias, which becomes particularly acute in Sparse
mode. When the fragmented target is placed at the
absolute front of the context (window 0.0), almost
all configurations—regardless of scale N—show
an upward trajectory, often outperforming their
original 10-option baseline. One plausible explana-
tion is that early gold evidence anchors processing
before downstream distractors accumulate; our be-
havioral analysis tests the corresponding primacy
signature without claiming a specific internal atten-
tion mechanism. Finally, this positional vulnera-
bility is consistently sharper on Option-Dependent
tasks (dashed lines) than on Option-Independent
ones (solid lines). Under high token pressure, an
LLM’s capacity to execute multi-option compar-
ative logic survives reasonably well only at the
opening of the sequence, collapsing as the target
shifts toward the end of the context window.

6936



5.3 The Reasoning vs. Context Paradox

Comparing task types reveals a critical paradox:
for all architectures except GPT-OSS, processing
1,000 options for a question whose answer can be
derived independently of the candidate set (Option-
Independent) is significantly less punishing than
resolving a native 10-option question that requires
relational reasoning (Option-Dependent).

This choice-structure asymmetry exposes a ma-
jor blind spot in current LLM evaluation: the bot-
tleneck is not reducible to physical text volume,
because the need to compare candidates indepen-
dently changes resilience. Our findings serve as
a warning to the community: long-context bench-
marks that rely on retrieval or independent multiple-
choice questions overstate architectural maturity,
masking a severe performance degradation that oc-
curs when a task requires comparative logic.

5.4 Replication on ToolBench Trajectories

To test whether the positional pattern transfers be-
yond MMLU-derived questions, we replicate our
analysis on ToolBench (Qin et al., 2024), which
contains solved agent trajectories involving real
APIs. We retain trajectories listing exactly ten
tools and use the first tool called in each as the
gold answer to a single-step selection task based
on the original user request. We then expand
each candidate set to 1,000 options by adding 990
real APIs sampled from ToolBench’s full pool and
distribute the original ten tools according to the
same Sparse layout and window positions used in
MMLU-XT. Appendix E gives the full construction
details. Qwen3.5-9B and Gemma-4-31B reproduce
the same asymmetric late-position collapse on a
different task and source distribution (Figure 3).
This is evidence that the structural capability fail-
ure transfers to real tool-selection trajectories.

5.5 Practical Implications

Large-context selection creates a trade-off with
retrieval-based shortlisting. A short list produced
through retrieval reduces comparison load but im-
poses a recall ceiling: a missing target cannot be re-
covered downstream. Relaxing that filter preserves
recall but exposes the model to the cardinality, dis-
persion, and position effects isolated here. Our re-
sults thus support three operational cautions: report
performance by target rank rather than only aver-
aged over a retrieved list; preserve locality among
mutually relevant candidates where possible; and
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Figure 3: ToolBench replication accuracy (%), 500
real trajectories per cell. Both models remain near
baseline at w=.25, degrade from w=.50, and reach their
minimum at w=.75, matching MMLU-XT’s trend.

do not infer that a model robust to independent
lookup will remain robust when candidates must
be compared. Naturally retrieved pools can contain
relevance-biased ordering and a hard-negative core
followed by weaker items, which may amplify or
attenuate the effects observed in our setting.

6 Analysis

Having established that accuracy degrades as op-
tion lists grow and shift positionally, we investigate
the underlying mechanisms driving these failures
through four research questions.

6.1 RQ1: What Do LLMs Pick When Wrong?
To determine if scaling options induces confusion,
we classify incorrect predictions into two distinct
categories: Wrong Original (selecting one of the
9 native, plausible distractors) and Random Dis-
tractor (selecting an injected, less relevant filler
option). Figure 4 plots these error trajectories.

Findings. Error composition is not dictated by
raw model scale, but by a sharp architectural divide
heavily modulated by layout. At N=100, random
distractor selections are negligible across all setups.
Even at maximum scale (N=1000), frontier archi-
tectures (Gemini-3-Flash, Qwen3.5-27B) maintain
tight control over noise, with random picks remain-
ing below 5%. This resilient semantic anchoring is
strongly linked to the early-exit effects analyzed in
RQ2—models stop scanning once they encounter a
plausible original distractor. Conversely, the GPT-
OSS family undergoes a complete structural col-
lapse under high context density: their total error
rates cross the 70% threshold in fragmented Sparse
configurations, with random noise selections spik-
ing dramatically. This severe degradation causes
them to underperform the much smaller Qwen3.5-
9B, showing that parameter count alone does not
determine large-choice resilience.
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Figure 4: Wrong-prediction breakdown in MMLU-
XT. Stacked bars: mean rate of wrong-original (blue)
and random-distractor (orange) selections as % of all
predictions, averaged over window positions. Opacity
encodes N : lightest = 100, darkest = 1000.
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Figure 5: Positional bias in wrong predictions (Sparse
mode). (a) Before-gold rate vs. unbiased model. (b) De-
viation from the unbiased baseline.

6.2 RQ2: Do Models Select Options
Appearing Before or After the Gold?

To isolate where models err when making an incor-
rect prediction, we measure whether the selected
distractor appears before or after the gold answer.
Under a position-agnostic baseline, the expected
fraction of selections before the gold tracks its rela-
tive window position (w). We restrict this analysis
exclusively to Sparse placement; in Block mode,
the contiguous grouping of the nine native distrac-
tors would confound option-type preferences with
pure spatial bias (see Appendix H). Figure 5b plots
the net primacy bias by subtracting the unbiased
baseline across all incorrect sparse predictions.

Findings. Spatial distribution analysis reveals a
severe, scalable primacy bias that governs model
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Figure 6: Strategy distribution by question type and
option count. Each cluster shows three stacked bars
(N=100, 500, 1000), one per model; Sparse placement,
averaged over window positions. Best view if zoomed.

failure modes. The directional preference peaks at
intermediate positions (w ∈ {0.25,0.50}), where
there is sufficient option mass on both sides of the
target for the bias to manifest. Crucially, this ef-
fect scales monotonically with context density: at
w=0.25, the positive deviation from the baseline in-
tensifies from +13% at N=100 to +29% at N=500,
peaking at +39% at N=1000. This scaling behav-
ior demonstrates that primacy bias is not a static
anchoring to the absolute beginning of the prompt,
but rather a proportional pull; longer contexts ex-
pand the search space of preceding distractors, am-
plifying early-exit behaviors and causing models
to terminate evaluation prematurely.

6.3 RQ3: What Strategies Do Models Adopt?

To characterize how models navigate enlarged op-
tion spaces, we first built the S1–S10 taxonomy
inductively: we manually reviewed approximately
300 traces stratified across models, option counts,
and window positions, iteratively coding recurring
behaviors until the scheme stabilized and covered
the observed strategies. We then fixed the tax-
onomy and used an LLM-based classifier to la-
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Figure 7: Scaling of reasoning tokens. Mean comple-
tion tokens per model as a function of window position.

bel the analysis sample (Table 19); the prompt
and full sampling protocol are reported in Ap-
pendix J.1. We focus on Sparse placement—which
yields the sharpest degradation and most reveal-
ing behavioral signatures—and collapse the taxon-
omy into four dominant strategies: S1 (Independent
Derivation then Scan; analytical solving followed
by a target search), S2 (Sequential Review; linear
option-by-option evaluation), S3 (Eliminative Fil-
tering; discarding implausible candidates), and S4
(Candidate-Led Shortlisting; matching internally
generated hypotheses against the list), while merg-
ing rarer behaviors into Other.

Findings. Strategy selection is associated more
strongly with task dependency than with model
scale, as illustrated in Figure 6. On Option-
Independent tasks, S1 heavily dominates (78–91%)
and remains invariant to N , confirming that models
execute independent lookups regardless of context
length. Conversely, Option-Dependent tasks force
genuine engagement with the option list: while S1
remains dominant (47–67%), relational reasoning
demands a diverse tactical repertoire, redistributing
significant probability mass to interactive strate-
gies (S2–S4, spanning 8–35%). Architectures that
preserve this strategic diversity at higher N also
exhibit greater structural resilience, whereas larger
drops coincide with rigid, non-interactive scanning.

6.4 RQ4: How Does Reasoning Effort Scale
with Options and Position?

We quantify reasoning effort via completion tokens
(Figure 7)—the length of the CoT preceding the
final answer—and examine how it relates to accu-
racy (Figure 8) and varies with option scale N and
window position w (Appendix Figure 13).

Findings. Token allocation reveals two architec-
tural regimes: Heavy Reasoners (Qwen3.5-9B/27B,
Gemini-3-Flash), which use 6K–10K tokens and
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Figure 8: Reasoning effort correlation with wrong
answers. (a) Error rate per within-model completion-
token decile, pooled across all models and N values.
(b) Mean completion tokens on correct vs. incorrect
answers per model and N .

expand their budgets as N grows, and Light Rea-
soners (GPT-OSS, Gemma-4-31B), which remain
below 3K tokens. Across both families, token us-
age increases with both option pool size (N ) and
gold target depth (w). Crucially, within-model
decile analysis (Figure 8a) shows error rates ris-
ing from ∼10% in the lowest token decile to ∼60%
in the highest. Incorrect traces are consistently
longer than correct ones (Figure 8b), with fron-
tier models spending an additional 3–4K tokens on
failed tasks. Statistical analyses further confirm a
robust association between longer reasoning traces
and lower correctness, controlling for question dif-
ficulty and experimental conditions (Appendix F).
This remains observational evidence: longer traces
may reflect unresolved search or other failure pro-
cesses rather than cause errors.

7 Conclusion

Lost in Choice is a structured failure of large-set
decision-making. Across six reasoning LLMs, our
factorial design shows that option cardinality, lay-
out, and position interact. The Reasoning vs. Con-
text Paradox further shows that models can find
relational-reasoning tasks with 10 options more dif-
ficult than independently solvable questions with
1,000 options. Large-choice evaluations should
therefore report what must be compared, how can-
didates are arranged, where the target occurs, and
how selection strategies change. Longer contexts
make more choices visible, but do not ensure that
models can choose among them reliably.
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Limitations

Our study has several limitations that should be
considered when interpreting the results.

First, the main factorial experiment uses
multiple-choice questions derived from MMLU-
Pro. The ToolBench replication broadens the evi-
dence to real solved tool-selection trajectories, but
its 1,000-item candidate expansions remain con-
trolled and exclude the 1.7% of queries with am-
biguous near-duplicate targets. Neither experiment
estimates how often deployed systems expose a
target at a particular rank, and relevance-biased re-
trieval or reranking may compound or attenuate the
observed positional effect. Consequently, our re-
sults do not establish the safety, reliability, or preva-
lence of these failures in deployed systems, par-
ticularly across other languages, domain-specific
pipelines, or human-in-the-loop workflows.

Second, the injected in-domain distractors are in-
tentionally random. Their exchangeability supports
clean contrasts across layout and position, but they
do not reproduce every naturally retrieved candi-
date distribution and make nominal N larger than
the unknown effective set of genuinely competitive
alternatives. Our effect magnitudes should thus be
interpreted as estimates for this controlled distribu-
tion, not as lower or upper bounds for deployment.
A complementary study should construct hardness-
matched pools, repeat candidate permutations, and
model relevance ordering explicitly.

Third, all six evaluated systems are reason-
ing models under a minimal zero-shot prompt.
Scale-aware instructions, two-stage shortlisting,
tree search, and dynamically loaded candidate sets
may mitigate the failure, but comparing such inter-
ventions at the full 31,000-instance scale is outside
the scope of this diagnostic study.

Societal Impact and Ethical Considerations

The findings have implications for the use of LLMs
in systems that assist or automate decisions. The
observed Lost in Choice effect suggests that in-
creasing the number of available alternatives does
not make a decision system more capable; instead,
it can introduce systematic changes in which candi-
dates are considered and ultimately selected. This
is particularly relevant when choices concern con-
sequential domains such as healthcare, law, or ac-
cess to services, where minor changes in candidate
ordering or presentation could influence outcomes.

A key ethical concern is that these failures are

not necessarily visible from aggregate accuracy
alone. Models may appear competent on conven-
tional benchmarks while exhibiting substantially
different behavior when required to compare many
alternatives. This creates a risk of misplaced trust
if benchmark performance is interpreted as ev-
idence of reliable decision-making. Evaluation
and deployment should therefore consider not only
whether a model produces the correct answer, but
also whether its decisions remain stable under
changes in candidate-set structure.

The results also motivate greater emphasis on
human oversight in high-stakes applications. When
an LLM is used to rank, filter, or select among
many candidates, its output should not be treated
as an inherently neutral ordering of the available
alternatives. In particular, system designers should
avoid allowing model-generated selections to be-
come opaque gatekeeping mechanisms without ap-
propriate review. More broadly, the study high-
lights the need to treat candidate-set design as part
of the decision process itself: how alternatives are
presented can affect the outcome, even when the
underlying information remains unchanged.
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A Data Preprocessing

A.1 Question Classification

Each of the 2,858 MMLU-Pro questions drawn
from the four target domains (Computer Science,
Mathematics, Law, Health) is labelled as either
Option-Dependent or Option-Independent by an
ensemble of three LLM judges: GPT-OSS-120B,
Gemma-4-31B, and Qwen3.5-9B. A question is
Option-Dependent if the correct answer cannot be
determined without inspecting the option list (e.g.,
“which of the following is not true?”, numerical
best-approximation items, or questions whose an-
swer is defined relative to the set of alternatives);
it is Option-Independent if the answer can be de-
rived from the question stem alone, independently
of what options are presented.

Each judge is queried independently via the To-
gether AI Batch API using the same zero-shot clas-
sification prompt (Figure 14). Final labels are as-
signed by majority vote across the three judges.

To account for domain variation known to af-
fect classification (Domeniconi et al., 2014, 2015,
2017), two authors independently annotated a sub-
set of 200 questions (50 per domain), achieving Co-
hen’s κ = 0.87. Agreement between the ensemble’s
majority-vote labels and the human reference la-
bels averaged κ = 0.78 across domains (CS = 0.82,
Health = 0.80, Law = 0.76, Math = 0.74).

Table 5 provides representative examples from
all four MMLU-XT domains.

A.2 Distractor Quality Validation

To ensure that performance degradation is strictly
attributable to cardinality rather than label noise
or semantic ambiguity, we conduct a systematic
validation of the N = 1000 distractor pool. We
define coincidental correctness as any distractor di
that could be considered a defensible or partially
correct answer under expert scrutiny.

Judge-Based Screening We evaluated 990,000
question-distractor pairs using a rigorous dual-
judge protocol: GPT-OSS-120B for general do-
mains and Gemini-3-Flash for Mathematics, se-
lected for its superior precision in numerical
verification and algebraic equivalence detection.
Judges were prompted to flag any distractor ex-
hibiting semantic overlap or logical consistency
with the ground truth (Figure 15). As shown in
Table 4, 51.5% of the questions contained at least
one flagged distractor. The Law domain exhib-

Domain Flagged Qs (%) Avg/Q Avg/FQ Dup%

CS 107 / 250 (42.8%) 0.96 2.24 1.7%
Math 128 / 250 (51.2%) 5.79 11.30 6.4%
Law 153 / 250 (61.2%) 2.24 3.66 1.0%
Health 127 / 250 (50.8%) 1.61 3.17 1.0%

Overall 515 / 1000 (51.5%) 2.65 5.14 2.5%

Table 4: Distractor validation and correction statis-
tics. Flagged Qs: questions with ≥ 1 flagged distractor.
Avg/Q: mean flags per question (all). Avg/FQ: mean
flags per flagged questions. Dup%: percentage of judge-
suggested replacements that resulted in duplicates.

ited the highest proportion of flagged questions
(61.2%), consistent with the tendency of dense le-
gal text to generate partial semantic overlaps. Con-
versely, Mathematics showed the highest flag den-
sity (avg = 11.30 per flagged question), reflecting
the high prevalence of numerical collisions inher-
ent to high-cardinality sampling.

To bound automated judge errors, two authors
independently audited a randomized sample of 200
question-distractor pairs (100 flagged, 100 passed),
achieving high consensus (Cohen’s κ = 0.82). The
audit revealed a 94.0% judge precision in the nu-
anced Law domain and a global false negative
rate < 4.5%. This empirical validation effectively
bounds label noise, confirming that performance
drops are driven by experimental geometry rather
than screening artifacts.

Correction and Fallback Protocol All flagged
distractors were replaced via a two-tier pipeline:

• Direct Replacement (84%): We applied a
judge-generated alternative to be incorrect yet
lexically and contextually plausible.

• Safe Fallback (16%): When suggestions
collided with existing choices, we sampled
a unique replacement from the verified-safe
pool Dsafe = {d ∈ Pool ∣ flag(d) = False ∧ d ∉
Originals∪Used}, where Used tracks replace-
ments already assigned to the current instance
to strictly prevent duplicate entries.

This protocol guarantees that the gold answer
remains structurally protected; we formally verified
that zero replacement candidates matched the gold
label across the entire 31,000-instance suite.

Structural Invariance Corrections were deter-
ministically derived from the reference N = 1000
pool (Block mode, w = 0) and propagated across all
smaller cardinality scales (N100, N500), placement
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Domain Example (truncated) Rationale

Option-Dependent

Health Q6473. An increased frequency of urination in older
adults is most likely caused by
H. Smaller bladder (gold)
B. Bladder infection
[. . . 10 options total]

“Most likely” forces a comparison of relative likelihood
across several plausible causes (infection, diabetes, di-
uretics, smaller bladder); no single cause is uniquely
implied by the stem alone.

Law Q1010. A man and a 14-year-old girl were arrested for
smoking marijuana together; he was charged with posses-
sion and contributing to the delinquency of a minor, and
she was charged as an accomplice to that same offense.
At trial, the girl’s best defense is that
E. since the statute was designed to protect minors, she
cannot be prosecuted as an accomplice (gold)
H. a minor cannot be prosecuted for an adult crime
[. . . 10 options total]

Several distractors state legally plausible-sounding de-
fenses; the correct doctrine (a statute’s protected class
cannot be an accomplice to a crime defined to protect
that class) is only identifiable by weighing it against the
other framings.

Math Q8015. Which is the best buy?
D. 20 bars of soap for $45.00 (gold)
B. 16 bars of soap for $36.48
[. . . 10 options total]

“Best buy” is inherently comparative: each option’s unit
price must be computed and ranked against all others –
there is no best-buy fact independent of the option set.

CS Q10560. Statement 1: The BLEU metric uses preci-
sion, while the ROUGE metric uses recall. Statement 2:
Hidden Markov models were frequently used to model
English sentences.
F. True, True (gold)
H. False, False
[. . . 10 options total]

Options combine judgments on two separate statements
into composite labels (True/False/Mostly True/Cannot
be determined); the evaluation space is defined by the
options, not the stem, matching the rubric’s “Not Given”-
style dependency rule.

Option-Independent

Health Q6344. The pattern of inheritance shown by glucose-6-
phosphate dehydrogenase (G6PD) deficiency is:
E. X-linked recessive (gold)
A. Y-linked recessive
[. . . 10 options total]

A fixed genetics fact about a named condition – recallable
directly without needing to see or compare any options.

Law Q1411. In the absence of a provision to the contrary in
the articles of incorporation, the directors of a corpora-
tion elected for a specified term
E. can be removed from office at a meeting of the share-
holders, with or without cause (gold)
A. can be removed from office at a meeting of the share-
holders, but only with a two-thirds majority vote
[. . . 10 options total]

A specific default corporate-law rule with one correct
statement of the doctrine, independently recallable from
legal knowledge.

Math Q8730. In how many ways can we color a loop of 5
vertices with 3 colors such that no two adjacent vertices
have the same color?
C. 30 (gold)
A. 60
[. . . 10 options total]

A closed-form combinatorial computation (chromatic
polynomial of a 5-cycle) yields one specific numeric
answer, computed independently of the option list.

CS Q10639. Failed sessions allow brute-force attacks on
access credentials. This type of attack is carried out at
which layer of the OSI model?
J. Session layer (gold)
A. Data-link layer
[. . . 10 options total]

A single named technical fact (session-layer responsi-
bility for session/credential handling) with one indepen-
dently verifiable correct answer.

Table 5: Qualitative examples of option-dependent and option-independent questions across four domains.
Samples are from questions where all three categorization judges (Gemma-4-31B, GPT-OSS-120B, Qwen3.5-9B)
unanimously agreed on the label. Options are truncated to the gold answer and one contrasting distractor for space;
each example has 10 options in the underlying benchmark.
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Domain Mean words Median words

Mathematics 3.6 1
Health 5.0 4
Computer Science 5.8 3
Law 13.9 13

Table 6: Length of original answer options by domain.
Law’s maximum is 101 words.

modes, and window positions via exact text match-
ing. This process is mathematically sound because
the distractor pool remains invariant across spatial
configurations for a given seed, and smaller scales
are constructed as strict prefixes of the N = 1000
setup. This invariance ensures that observed vari-
ations in model performance are driven by experi-
mental geometry and cardinality rather than chang-
ing distractor content. Examples of flagged distrac-
tors and corrections are provided in Table 18.

Option Length as a Potential Confound Table 6
shows that Law has by far the longest original op-
tions, whereas Math has the shortest. Yet for GPT-
OSS-20B at N=1000, Math drops by 74.0/81.2 per-
centage points in Block/Sparse mode, compared
with 22.4/31.6 for Law. Thus longer option text
does not monotonically predict larger degradation.
More decisively, at fixed N our window sweep
reuses the identical multiset of texts, making total
prompt length essentially invariant while accuracy
varies by as much as 60.5 points across positions.

B Experimental Setup

Prompt Template Each instance is presented as
a zero-shot user message (no system prompt) with
the following structure:

Question: <question text>

Options:
(0) <option 0>
(1) <option 1>
. . .
(N-1) <option N-1>

Select the single correct option.
Respond with JSON: {"answer_index":
<integer from 0 to N-1>}

Models We evaluate six LLMs spanning a range
of sizes and providers. Table 11 lists each check-
point, access method, and model page.

Structured Output All requests set the re-
sponse format to a strict JSON schema enforcing
{"answer_index": integer}, with the integer
constrained to [0,N−1]. This eliminates letter-to-
index conversion and parsing failures entirely: the

model is forced to emit a valid index as its final
response, making evaluation deterministic.

Reasoning Effort All six models emit a chain-
of-thought trace enclosed in <think>. . .</think>
tags before the structured response; the trace is pre-
served for strategy analysis (Section 6.3) but plays
no role in answer extraction. Reasoning budgets
are configured per model family:

• Qwen3.5 (9B, 27B) and Gemma-4-31B.
These models expose no reasoning-budget pa-
rameter, so we set max_tokens = 32,000 to
avoid truncating long chains at large N .

• GPT-OSS (20B, 120B). We set a medium rea-
soning effort. Preliminary runs at high effort
revealed severe instability: circular reasoning
loops, truncated traces, and ill-formed JSON
outputs yielded an invalidity rate of ∼25% of
samples, making higher settings unsuitable for
reliable evaluation.

• Gemini-3-Flash. We set an high thinking level
to grant the model its full reasoning capacity.

Decoding Configuration All models are evalu-
ated under default decoding settings. For open-
source models, we follow the parameters specified
in the generation_config.json of the respective
Hugging Face repository; where no configuration
file is present, we adopt the defaults recommended
in the model’s README. For Gemini-3-Flash, we
use the Vertex AI API defaults.

Batch Execution Open-source models are pro-
cessed via the Together AI Batch API; Gemini-3-
Flash via the Vertex AI Batch API. The sole ex-
ception is Qwen3.5-27B, which is served locally
using vLLM. Qwen3.5 models and Gemma-4-31B
are executed in FP8 precision. Each submitted job
covers one (model, window, placement mode, seed)
combination, corresponding to 1,000 questions.

C R3 Formulation

To penalize localized vulnerabilities that traditional
macro-averages inherently mask, R3 implements a
two-level dynamic weighting scheme:

1. Within-Window Resilience: For a given win-
dow w, we measure performance degradation
across option scales N ∈ {100,500,1000} rel-
ative to baseline performance Acc10. To en-
sure accidental performance gains do not mask
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Model R3 Unweighted

Gemini-3-Flash 93.1 94.8
Qwen3.5-27B 88.0 91.8
Gemma-4-31B 87.9 91.6
Qwen3.5-9B 76.5 82.7
GPT-OSS-120B 61.4 75.5
GPT-OSS-20B 46.7 66.8

Table 7: R3 sensitivity analysis. Both specifications
induce the same ordering.

losses, the drop DN,w is bounded below by zero:

DN,w =max(0,Acc10 −Acc(N,w)) (1)

We formalize the dynamic scale-weight WN,w

as a function of the drop magnitude: WN,w =
exp(DN,w). This exponential formulation en-
sures that severe, catastrophic degradations
strictly dominate the window’s final score, while
minor, linear decays are downweighted. To pre-
vent numerical instability when a model exhibits
near-zero baseline performance, we introduce
a smoothing stabilization factor ϵ = 10−5. The
localized resilience percentage Rw is:

Rw = ∑N WN,w ⋅ (1 − DN,w

Acc10+ϵ)∑N WN,w
× 100 (2)

where Rw = 100 if ∑N DN,w = 0, and Rw = 0
if Acc10 < ϵ.

2. Cross-Window: Symmetrically, we project lo-
cal scores into decimal losses: Lw = (100 −
Rw)/100. Window importance is scaled dy-
namically by its relative damage, Ww =
Lw/(maxw′ Lw′ + ϵ), yielding the R3 score:

R3 = (1 − ∑w(Lw ⋅Ww)∑wWw + ϵ ) × 100 (3)

Sensitivity to an Unweighted Alternative We
replace both dynamic weighting stages with the
simple mean of min(Acc(N,w),Acc10)/Acc10
over the same 15 (N,w) cells, then average over
layouts and dependency classes. Although the un-
weighted score is systematically less punitive, it
recovers the identical model ranking (Table 7).

D Per-Model Detailed Results

Tables 12–17 report accuracy broken down by
placement mode, option count N , and window
position, with columns covering overall accuracy,
domain slices (CS, Health, Law, Math), option-
dependency class, and error type (original wrong
options vs. random distractors).

MMLU-XT component ToolBench counterpart

10 original options the 10 real tools listed in one
ToolBench conversation’s sys-
tem prompt

gold option the tool the real agent actually
called first in a genuine solved
trajectory

wrong original options the other 9 real tools from that
same conversation (genuinely
task-relevant, just not called
first)

random distractors real APIs pooled from the rest
of the parsed ToolBench cor-
pus

Sparse placement identical placement procedure
as used for MMLU-XT, ap-
plied unmodified

window sweep identical formula, identical po-
sitions w ∈ {0, .25, .5, .75,1}

Table 8: Mapping from MMLU-XT benchmark compo-
nents onto the ToolBench replication.

E ToolBench Replication: Construction
Details

We give the full construction pipeline behind Sec-
tion 5.4: the correspondence between each MMLU-
XT benchmark component and its ToolBench coun-
terpart (Table 8), the data-quality filters applied, the
evaluation prompt, and a concrete worked example.

Source Data and Trajectory Parsing Trajec-
tories are drawn from the training split of Tool-
Bench2—real system/user/assistant/function con-
versations produced by ToolBench’s depth-first
search-based decision tree (DFSDT) solver. For
each conversation, we parse the tool pool from the
system prompt’s API list and take gold as the func-
tion name on the first assistant turn’s action.

Why “First Tool Called” As Gold ToolBench’s
own evaluation protocol (ToolEval) does not use
fixed gold labels: the great majority of instruc-
tions require multiple sequential tool calls, so no
single tool fully resolves them, and the original
paper instead scores full trajectories with an LLM
judge. Our framework requires one fixed gold in-
dex per instance to sweep window position, which
trajectory-level judging does not provide. “Which
tool would you call first” is well-posed for every
retained trajectory and is answered directly from
the recorded solved run, not by annotation.

2https://huggingface.co/datasets/
tuandunghcmut/toolbench-v1
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Filtering We require (i) exactly ten originally-
listed tools per query, matching MMLU-XT’s fixed
Norig = 10, and (ii) globally unique instruction text
across the raw corpus, since ToolBench recycles
generic instruction text across unrelated tool con-
texts (e.g., the same query text paired with tool sets
that share no plausible relevance, which we veri-
fied manually before excluding). These two filters
leave 2,161 queries. Of these, 36 (1.7%) have a
gold tool with a provider- or version-suffixed sib-
ling among the other nine originally-listed tools—
e.g., gold provider4_live_inplaying along-
side siblings provider2_live_inplaying and
provider3_live_inplaying—detected via regex
normalization of provider numerals and version
suffixes. DFSDT’s choice among such siblings is
arbitrary, so we exclude these 36, leaving 2,125
queries from which every cell samples 500.

Distractor Pool Random distractors are drawn
from a pool of 11,445 unique real APIs collected
across the full parsed corpus (the union of every
conversation’s system-prompt tool list).

Evaluation Prompt The following template is
used verbatim for every instance, with <query>
and the numbered candidate list substituted in; N
is the current option count.

You are given a user request and a
numbered list of candidate tools/APIs.
The request may need several tool calls
in sequence to fully complete. Select
ONLY the FIRST tool/API you would call
to begin handling this request – not
one that alone finishes the whole
request.
User request: <query>
Candidate tools:
(0) <tool 0>
. . .
(N-1) <tool N-1>
Respond with JSON: {"answer_index":
<integer from 0 to N-1>} – the index of
the FIRST tool you would call.

Worked Example A real retained query is pre-
sented below. tiktok_private::get_music—
the tool the real trajectory called first, even
though the request also implies music_posts
and end_a_live_stream would be needed later.
When scaled to N=1000 options, the other 9 real
originally-listed tools are scattered elsewhere in the
list among the distractors, under Sparse placement.

User request: “I’m a huge fan of TikTok and I’m
interested in exploring posts related to a specific
music. Can you fetch the posts associated with the
music identified by the ID ‘12345’? Additionally,

Model b/c McNemar p

GPT-OSS-120B 500/8 2.5 × 10−136
GPT-OSS-20B 579/5 1.8 × 10−164
Qwen3.5-27B 162/29 1.3 × 10−23
Qwen3.5-9B 300/19 3.6 × 10−66
Gemma-4-31B 189/19 2.1 × 10−36
Gemini-3-Flash 131/34 1.2 × 10−14

Table 9: Paired 10-option baseline vs. worst N=1000
cell. b/c counts correct→incorrect / incorrect→correct
switches.

provide me with the details of the music with the
same ID. Furthermore, I need to end a live stream
with the stream ID ‘9876’ and room ID ‘5432’.”

The 10 originally-listed tools:
valid_whatsapp::check_phone_number,
scraptik::search_posts,
scraptik::end_a_live_stream,
scraptik::video_without_watermark,
onlyfans::sign_info, onlyfans::count,
onlyfans::performer_model_info,
tiktok_private::username_to_user_id,
tiktok_private::get_music (gold),
tiktok_private::music_posts.

F Statistical Inference

For each of the 180 model–N–window–layout cells
(up to 1,000 questions), Wilson 95% confidence
intervals have an average width of 5.6 percent-
age points and a maximum width of 6.3 points.
For paired comparisons, we use McNemar’s ex-
act test; for the disjoint Option-Dependent and
Option-Independent subsets we use Fisher’s ex-
act test. The paired comparisons between the 10-
option baseline and each model’s worst N=1000
cell are reported in Table 9 and are significant for
every model (p < 10−4). Block also differs signifi-
cantly from Sparse for every model (p < 10−4).

At N=1000, Sparse, w=0.75, the dependency
gap is also significant for every model (Fisher p <
1.1 × 10−6): GPT-OSS-120B 17.2 vs. 36.5; GPT-
OSS-20B 4.6 vs. 13.4; Qwen3.5-27B 43.5 vs. 81.0;
Qwen3.5-9B 24.3 vs. 61.3; Gemma-4-31B 43.1 vs.
77.3; and Gemini-3-Flash 58.5 vs. 86.1 (Option-
Dependent vs. Option-Independent accuracy).

To address question difficulty in the reasoning-
length analysis, we fit a linear probability model of
correctness on within-model-standardized comple-
tion tokens. Question fixed effects are absorbed by
demeaning, model-by-condition dummies control
the 180 experimental cells, and standard errors are
clustered by question. The completion-length coef-
ficient is −0.0411 (cluster-robust SE 0.0025, 95%
CI [−0.046,−0.036], p = 4.3 × 10−60).
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Model N σ̄ σmax

GPT-OSS-120B
100 0.6 0.8
500† 1.0 1.3

1000† 1.7 2.4

Gemma-4-31B
100 0.4 0.5
500† 0.5 0.6

1000† 0.6 0.7

Qwen3.5-27B
100 0.5 0.6
500† 0.5 0.6

1000† 0.7 0.8

Table 10: Seed-robustness summary across N ∈{100,500,1000} options and three models (seeds 42,
123, 456). σ̄ and σmax: mean and maximum standard de-
viation across the 10 (window, mode) conditions, com-
puted over the three seeds. All values are in percentage
points (% acc.). †100-question subset; N=100 uses the
full 1,000-question benchmark.

G Robustness to Distractor Sampling

The main experiments use a single distractor-
sampling seed (42) for all conditions. To verify that
the reported positional-bias effects are not artefacts
of this choice, we repeat all 10 (window, mode) con-
figurations with two additional seeds (123 and 456)
across all three models and pool sizes. The seed
controls which N−10 distractors are drawn from
the per-domain pool of candidates; gold-answer
placement and the original 10 options are unaf-
fected. Because constructing the augmented bench-
mark at each pool size requires an LLM-based dis-
tractor quality-control pipeline, exhaustive multi-
seed runs are costly; we therefore evaluate the full
1,000-question benchmark at N=100 and a 100-
question subset at N ∈ {500,1000}.

Table 10 reports the mean and maximum seed-
to-seed standard deviation across the 10 (window,
mode) conditions. Across all 9 model–N combina-
tions, σmax never exceeds 2.4 pp (GPT-OSS-120B,
N=1,000), while the positional bias in that same
setting spans 60.5 pp. The results reported in the
main text are therefore invariant to distractor sam-
pling at every evaluated scale.

H Block-Mode Wrong-Pick Breakdown

In Block placement mode the nine wrong original
options are kept contiguous with the gold, so a
wrong pick can land in one of three regions: BE-
FORE (a distractor preceding the entire block), IN-
SIDE (a wrong original within the block), or AFTER

(a distractor following the block). Unlike sparse

mode—where every wrong original is isolated and
the before/after split cleanly reflects positional pref-
erence—Block mode conflates option-type attrac-
tion (original vs. distractor) with positional bias,
which is why RQ2 restricts to Sparse mode. Fig-
ure 12 shows the three-way breakdown across win-
dows and list lengths. INSIDE dominates across
all conditions: models preferentially select from
within the original-option block rather than from
distractors. As the block shifts to later positions
(higher window), more distractors accumulate be-
fore the block and BEFORE rises substantially—an
effect that amplifies with N . AFTER remains negli-
gible throughout, consistent with the primacy pull
observed in sparse mode.

I Per-Model Reasoning Effort Across
Conditions

Section 6.4 establishes the aggregate picture: token
counts grow with N and window position, and
longer traces predict errors. Figure 13 zooms in on
two dimensions not resolved in the main analysis:
placement mode (Block vs. Sparse) and option-
dependency label (Independent vs. Dependent).

Sparse Placement Consistently Inflates Reason-
ing Budgets Across all six models, Sparse mode
elicits more completion tokens than Block mode
at N=1000, with per-model excess ranging from+4% (GPT-OSS-120B) to +21% (Gemma-4-31B).
Heavy reasoners are the most affected in absolute
terms: Qwen3.5-27B, Qwen3.5-9B, and Gemini-3-
Flash each spend roughly 1,000 additional tokens
under sparse placement (≈ +10–15%). This is visi-
ble as a consistent upward shift of the Sparse curves
relative to Block in every panel of Figure 13. The
most natural explanation is structural: sparse aug-
mentation distributes the original options uniformly
throughout the list, preventing the model from ex-
ploiting local contiguity to narrow its search early.

Option Dependency Has Model-Specific and
Opposing Effects The dependent/independent
split yields no single direction. Models in the
heavy-reasoner family diverge: Gemini-3-Flash
and Qwen3.5-9B spend more tokens on dependent
questions (+15% and +6% respectively), while
Qwen3.5-27B shows virtually no difference (−4%).
The two GPT-OSS models show the opposite pat-
tern: 120B and 20B use fewer tokens on de-
pendent questions (−23% and −20%), suggesting
that they short-circuit search after detecting an
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Name Checkpoint Access Link

Qwen3.5-27B Qwen/Qwen3.5-27B-FP8 Local (vLLM) HuggingFace
Qwen3.5-9B Qwen/Qwen3.5-9B Together AI API Together AI
Gemini-3-Flash gemini-3-flash-preview Google Vertex AI API Google AI
Gemma-4-31B google/gemma-4-31b-it Together AI API Together AI
GPT-OSS-120B openai/gpt-oss-120b Together AI API Together AI
GPT-OSS-20B openai/gpt-oss-20b Together AI API Together AI

Table 11: Models used in our experiments.

option-dependent cue rather than deliberating fur-
ther. Gemma-4-31B is the most sensitive overall,
investing +32% more tokens on dependent ques-
tions. The absence of a uniform direction implies
that option dependency modulates reasoning ef-
fort through model-specific strategies rather than a
shared mechanism.

J Further Strategy Resolution Details

J.1 Taxonomy Derivation and Classification
Protocol

The S1–S10 taxonomy was induced from manual
review rather than specified from outcomes: we ex-
amined traces stratified by model, N , and window,
iteratively merged overlapping codes, and froze the
definitions in Table 19 before automated labeling.
This interpretability-oriented perspective is concep-
tually related to descriptive text-mining approaches
that recover recurring, statistically supported phe-
nomena from unlabeled text collections (Frisoni
and Moro, 2020).

To select the classifier used for large-scale anno-
tation, we piloted three candidate models—GPT-
OSS-20B, GPT-OSS-120B, and Qwen3.5-9B—on
a held-out subset of the manually coded traces.
Qwen3.5-9B achieved the highest agreement with
the human annotations (Cohen’s κ = 0.86), com-
pared with 0.79 for GPT-OSS-120B and 0.71 for
GPT-OSS-20B, and was therefore selected to clas-
sify the full stratified sample. The reported au-
dit covers 100 questions crossed with the 30 aug-
mented configurations for each model (3,000 traces
per model; 18,000 total). The classifier receives the
question, candidate configuration, full reasoning
trace, and the fixed S1–S10 definitions, and must
return exactly one strategy code; plots in the main
text merge S5–S10 into Other.

While Section 6.3 focuses on sparse placement
averaged over window positions, we provide here
three complementary views. Figure 11 reports
the strategy distribution for Block placement av-
eraged over window positions, separated by de-

pendency class. Figures 9 and 10 show the full
window-position breakdown for sparse and block
mode respectively, at each option count N ∈{100,500,1000}.
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Setting Overall Domains Dependency Error Type

CS Health Law Math Opt-Dep Opt-Ind Original Random

10 options
Baseline 83.0 90.0 77.2 70.8 94.0 72.8 91.7 - -

Block

100 options
0.00 81.7 91.2 73.2 68.4 94.0 69.8 91.8 99.3 0.7
0.25 81.2 89.6 71.2 70.8 93.2 70.4 90.4 98.5 1.5
0.50 80.4 89.2 72.0 68.0 92.4 68.7 90.4 97.8 2.2
0.75 81.2 89.6 74.0 69.2 92.0 69.1 91.5 98.0 2.0
1.00 80.9 90.0 72.4 68.0 93.2 70.0 90.2 98.3 1.7
500 options
0.00 81.2 89.6 72.0 69.6 93.6 69.8 90.9 98.6 1.4
0.25 79.6 88.4 70.4 67.2 92.4 67.0 90.4 96.3 3.7
0.50 79.3 88.4 69.6 66.0 93.2 66.5 90.2 96.0 4.0
0.75 79.9 90.0 71.6 65.6 92.4 67.4 90.6 96.3 3.7
1.00 80.1 89.6 70.8 66.4 93.6 68.0 90.4 95.9 4.1
1000 options
0.00 80.5 88.8 73.2 68.8 91.2 68.7 90.6 99.3 0.7
0.25 78.8 88.4 70.0 65.2 91.6 66.1 89.6 95.2 4.8
0.50 78.7 87.2 69.6 67.6 90.4 67.4 88.3 94.3 5.7
0.75 78.2 87.6 68.8 65.2 91.2 65.2 89.3 94.8 5.2
1.00 79.6 89.2 72.8 65.2 91.2 68.3 89.3 95.4 4.6

Sparse

100 options
0.00 82.2 92.0 72.8 70.8 93.2 71.5 91.3 98.7 1.3
0.25 81.7 90.0 70.4 73.6 92.8 69.6 92.0 98.8 1.2
0.50 80.5 91.2 70.8 66.0 94.0 69.6 89.8 98.8 1.2
0.75 78.5 88.0 68.4 65.6 92.0 65.2 89.8 98.5 1.5
1.00 78.0 89.2 66.8 64.4 91.6 63.9 90.0 98.5 1.5
500 options
0.00 84.3 91.6 77.6 74.8 93.2 75.0 92.2 97.4 2.6
0.25 76.9 87.2 65.2 64.0 91.2 63.9 88.0 95.2 4.8
0.50 76.1 84.0 67.2 60.8 92.4 62.0 88.1 95.1 4.9
0.75 74.6 86.4 62.4 59.4 90.0 59.7 87.2 95.1 4.9
1.00 79.1 87.6 66.4 70.8 91.6 66.3 90.0 96.0 4.0
1000 options
0.00 86.0 93.2 78.8 76.4 95.6 77.0 93.7 96.0 4.0
0.25 76.5 85.6 65.9 63.6 90.8 63.0 88.0 93.9 6.1
0.50 73.3 82.4 60.4 60.8 89.6 59.4 85.2 92.7 7.3
0.75 73.4 81.6 60.4 62.0 89.6 58.5 86.1 93.4 6.6
1.00 76.0 84.0 67.6 62.3 90.0 63.4 86.7 93.0 7.0

Table 12: Accuracy of Gemini-3-Flash across all experimental conditions. Rows are grouped by placement mode
(Block / Sparse) and option count N ∈ {100,500,1000}; the window position (0.00–1.00) indicates where the gold
option is placed within the option list. Columns report overall accuracy, four domain slices, the option-dependency
split, and the error-type breakdown (errors on original wrong options vs. random distractors). The 10-option baseline
uses the original MMLU-Pro options without augmentation.
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Setting Overall Domains Dependency Error Type

CS Health Law Math Opt-Dep Opt-Ind Original Random

10 options
Baseline 77.7 88.8 71.0 59.5 91.9 64.2 89.4 - -

Block

100 options
0.00 78.0 89.6 68.3 61.6 93.1 64.2 89.8 99.6 0.4
0.25 76.0 90.0 61.5 59.6 93.8 61.2 88.8 98.9 1.1
0.50 75.6 87.6 66.0 56.8 92.7 61.9 87.5 98.8 1.2
0.75 75.1 88.6 64.0 56.2 91.9 59.3 88.6 98.0 2.0
1.00 76.2 89.2 67.1 56.4 92.7 61.2 89.1 98.9 1.1
500 options
0.00 76.6 89.7 68.4 57.6 91.5 62.5 88.8 98.7 1.3
0.25 72.5 86.2 60.4 52.4 91.8 56.6 86.2 95.3 4.7
0.50 73.1 86.9 62.4 51.6 92.5 55.9 88.1 95.4 4.6
0.75 72.2 86.5 61.6 50.4 91.3 55.2 86.9 95.1 4.9
1.00 71.9 85.2 57.6 53.2 92.6 54.5 86.9 95.5 4.5
1000 options
0.00 76.6 87.4 68.0 58.8 92.7 63.0 88.4 98.6 1.4
0.25 72.8 85.4 61.0 54.4 90.9 58.2 85.3 94.4 5.6
0.50 70.0 83.3 57.8 51.0 89.0 50.9 86.6 92.0 8.0
0.75 69.9 85.2 56.6 51.0 88.3 52.0 85.4 93.0 7.0
1.00 70.6 84.2 58.0 50.6 90.1 51.9 86.7 93.9 6.1

Sparse

100 options
0.00 80.5 90.6 70.0 68.8 92.8 67.8 91.4 98.8 1.2
0.25 76.3 89.6 65.7 57.4 93.1 60.6 89.8 99.2 0.8
0.50 72.5 85.9 57.3 57.2 90.2 56.7 86.2 98.9 1.1
0.75 71.7 86.8 55.2 54.0 91.5 54.3 86.7 99.1 0.9
1.00 71.4 88.2 55.2 51.8 91.0 53.9 86.4 98.5 1.5
500 options
0.00 84.6 92.3 77.6 72.8 95.9 74.5 93.3 96.8 3.2
0.25 72.0 87.6 57.6 52.8 91.2 54.7 87.0 96.0 4.0
0.50 67.4 86.4 54.0 41.6 88.8 47.4 84.8 95.6 4.4
0.75 64.3 80.2 48.4 40.8 88.8 43.0 82.6 94.3 5.7
1.00 66.8 84.2 52.2 41.6 91.2 47.4 83.8 95.8 4.2
1000 options
0.00 87.7 93.1 81.1 80.7 95.9 80.3 94.0 96.7 3.3
0.25 70.9 86.1 55.2 52.4 91.2 52.6 86.6 93.8 6.2
0.50 64.8 81.0 48.6 41.6 90.1 45.8 81.4 91.5 8.5
0.75 63.3 80.2 46.2 41.6 88.0 43.5 81.0 92.0 8.0
1.00 66.4 78.0 48.2 49.6 91.1 49.8 80.8 92.5 7.5

Table 13: Accuracy of Qwen3.5-27B across all experimental conditions. Rows are grouped by placement mode
(Block / Sparse) and option count N ∈ {100,500,1000}; the window position (0.00–1.00) indicates where the gold
option is placed within the option list. Columns report overall accuracy, four domain slices, the option-dependency
split, and the error-type breakdown (errors on original wrong options vs. random distractors). The 10-option baseline
uses the original MMLU-Pro options without augmentation.
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Setting Overall Domains Dependency Error Type

CS Health Law Math Opt-Dep Opt-Ind Original Random

10 options
Baseline 71.8 86.4 65.6 46.0 89.2 53.0 87.8 - -

Block

100 options
0.00 71.1 85.2 64.0 44.8 90.4 52.4 87.0 99.4 0.6
0.25 67.0 81.0 57.9 40.7 88.6 48.4 83.1 97.0 3.0
0.50 66.4 80.7 56.5 40.8 87.9 48.1 81.9 96.3 3.7
0.75 63.8 77.1 56.0 39.1 83.1 46.4 78.6 94.3 5.7
1.00 64.0 76.2 54.8 39.0 85.9 45.9 79.5 94.1 5.9
500 options
0.00 69.6 82.3 62.6 42.5 91.0 50.9 85.5 99.2 0.8
0.25 60.4 72.1 53.8 37.6 78.1 43.0 75.2 88.8 11.2
0.50 57.8 67.9 49.6 42.4 71.6 43.6 70.1 83.7 16.3
0.75 52.8 65.5 49.6 32.6 63.3 39.4 64.3 78.8 21.2
1.00 51.2 60.5 46.8 33.5 64.2 36.3 63.9 77.4 22.6
1000 options
0.00 70.6 84.4 63.2 45.2 89.6 53.5 85.2 99.4 0.6
0.25 52.6 66.0 45.2 33.6 65.6 37.6 65.4 80.6 19.4
0.50 46.5 58.0 44.8 26.8 56.4 32.6 58.3 71.3 28.7
0.75 38.1 47.4 36.5 24.8 43.8 28.3 46.5 62.0 38.0
1.00 41.0 52.4 38.4 28.8 44.3 30.5 49.9 64.7 35.3

Sparse

100 options
0.00 77.6 87.8 73.3 58.9 90.5 64.2 89.1 98.1 1.9
0.25 68.1 81.1 58.1 44.0 89.4 51.3 82.4 96.9 3.1
0.50 61.5 76.3 49.8 34.5 85.1 42.2 77.7 97.0 3.0
0.75 58.9 74.0 47.2 31.3 83.7 38.3 76.5 96.6 3.4
1.00 55.0 71.2 44.0 25.6 79.4 35.5 71.6 96.0 4.0
500 options
0.00 80.5 88.5 76.8 63.4 93.1 67.8 91.3 94.0 6.0
0.25 57.8 72.5 49.6 33.5 75.8 39.3 73.5 87.0 13.0
0.50 43.6 58.3 40.5 19.4 56.3 28.4 56.6 82.8 17.2
0.75 39.4 50.6 34.3 16.0 56.5 24.1 52.4 80.5 19.6
1.00 34.3 43.9 30.6 10.8 52.2 20.3 46.4 80.2 19.8
1000 options
0.00 82.9 91.6 79.2 69.2 91.6 72.0 92.2 94.3 5.7
0.25 48.8 61.6 42.4 34.0 57.2 33.7 61.7 76.8 23.2
0.50 36.8 48.8 34.4 17.6 46.4 22.4 49.1 72.2 27.8
0.75 27.6 38.4 23.2 12.8 36.1 17.2 36.5 70.1 29.9
1.00 22.4 33.1 20.8 7.6 28.4 11.3 32.0 66.9 33.1

Table 14: Accuracy of GPT-OSS-120B across all experimental conditions. Rows are grouped by placement
mode (Block / Sparse) and option count N ∈ {100,500,1000}; the window position (0.00–1.00) indicates where
the gold option is placed within the option list. Columns report overall accuracy, four domain slices, the option-
dependency split, and the error-type breakdown (errors on original wrong options vs. random distractors). The
10-option baseline uses the original MMLU-Pro options without augmentation.
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Setting Overall Domains Dependency Error Type

CS Health Law Math Opt-Dep Opt-Ind Original Random

10 options
Baseline 66.8 82.0 60.0 34.0 91.2 48.3 82.6 - -

Block

100 options
0.00 66.2 80.4 60.0 34.0 90.4 48.0 81.7 99.5 0.5
0.25 64.6 80.0 56.8 35.2 86.4 46.3 80.2 96.5 3.5
0.50 62.2 75.2 56.0 32.8 84.8 47.2 75.0 94.4 5.6
0.75 58.4 70.8 53.2 29.6 79.9 41.5 72.7 93.1 6.9
1.00 58.2 72.0 50.8 30.5 79.2 41.6 72.2 91.3 8.7
500 options
0.00 64.3 79.1 57.6 30.0 90.4 45.4 80.3 98.4 1.6
0.25 53.2 65.6 52.0 25.6 69.8 40.7 63.9 85.7 14.3
0.50 45.1 58.8 43.6 21.8 56.2 32.8 55.7 75.4 24.6
0.75 42.6 54.0 41.0 26.6 48.8 31.3 52.2 71.1 28.9
1.00 41.3 52.6 41.2 23.0 48.2 31.4 49.6 71.1 28.9
1000 options
0.00 65.6 79.6 62.4 30.4 90.0 47.6 80.9 99.1 0.9
0.25 36.0 46.0 38.4 20.8 38.8 27.4 43.3 64.1 35.9
0.50 29.0 39.2 28.8 17.6 30.5 20.6 36.2 57.7 42.3
0.75 23.3 36.1 28.4 11.6 17.2 15.4 30.1 47.0 53.0
1.00 31.3 38.0 37.2 17.2 32.9 21.7 39.5 57.2 42.8

Sparse

100 options
0.00 74.2 86.8 71.2 48.0 91.1 59.1 87.2 95.9 4.1
0.25 63.7 80.4 52.8 34.0 87.5 44.8 79.8 96.0 4.0
0.50 54.4 66.4 44.4 24.8 81.9 36.7 69.4 95.1 4.9
0.75 51.9 67.2 42.4 21.6 76.4 34.4 66.8 94.1 5.9
1.00 44.4 57.6 35.2 15.6 69.2 25.9 60.2 92.1 7.9
500 options
0.00 76.5 88.3 73.5 53.0 91.2 61.4 89.4 92.0 8.0
0.25 44.8 54.8 45.2 18.8 60.6 32.7 55.2 80.1 19.9
0.50 30.6 45.8 26.4 12.8 37.4 20.7 39.0 74.8 25.2
0.75 27.8 39.2 27.2 9.2 35.6 16.7 37.2 73.4 26.6
1.00 25.0 34.9 22.8 12.8 29.5 16.9 32.0 71.9 28.1
1000 options
0.00 79.7 89.2 76.0 62.8 90.8 67.6 90.0 88.4 11.6
0.25 22.7 28.4 24.0 9.6 28.8 14.6 29.6 56.6 43.4
0.50 16.2 18.1 22.0 8.0 16.8 10.0 21.5 52.1 47.9
0.75 9.3 13.6 11.2 2.4 10.0 4.6 13.4 50.4 49.6
1.00 13.3 12.8 21.6 4.0 14.9 7.6 18.2 54.1 45.9

Table 15: Accuracy of GPT-OSS-20B across all experimental conditions. Rows are grouped by placement mode
(Block / Sparse) and option count N ∈ {100,500,1000}; the window position (0.00–1.00) indicates where the gold
option is placed within the option list. Columns report overall accuracy, four domain slices, the option-dependency
split, and the error-type breakdown (errors on original wrong options vs. random distractors). The 10-option baseline
uses the original MMLU-Pro options without augmentation.
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Setting Overall Domains Dependency Error Type

CS Health Law Math Opt-Dep Opt-Ind Original Random

10 options
Baseline 73.0 82.1 63.0 54.8 92.4 58.0 86.0 - -

Block

100 options
0.00 71.1 82.7 60.8 48.0 92.8 53.7 85.9 98.9 1.1
0.25 67.9 83.1 54.8 46.0 88.0 50.9 82.5 97.3 2.7
0.50 65.7 79.8 54.0 41.2 88.0 46.7 82.0 97.1 2.9
0.75 66.3 79.0 54.8 43.6 88.0 49.8 80.5 95.9 4.1
1.00 67.1 81.9 52.4 47.6 86.8 49.6 82.2 96.0 4.0
500 options
0.00 68.7 81.0 58.6 43.6 91.6 52.2 82.7 98.1 1.9
0.25 64.9 77.8 52.2 43.6 85.9 47.7 79.5 92.5 7.5
0.50 61.4 76.1 48.0 36.5 84.8 42.3 77.6 89.6 10.4
0.75 59.6 73.1 47.4 38.1 79.8 42.1 74.5 87.2 12.8
1.00 61.3 75.0 48.2 37.0 85.4 42.2 77.9 89.1 10.9
1000 options
0.00 69.4 82.3 59.2 46.0 90.4 51.1 85.1 98.2 1.8
0.25 63.7 78.6 52.4 38.3 85.7 44.1 80.5 91.3 8.7
0.50 57.6 69.8 45.2 36.8 79.4 39.9 72.7 85.0 15.0
0.75 54.9 71.4 42.2 27.5 79.8 35.2 72.1 81.1 18.9
1.00 58.2 73.5 44.6 32.8 82.9 39.0 74.9 85.6 14.4

Sparse

100 options
0.00 74.4 82.3 67.6 55.6 92.0 60.4 86.2 97.7 2.3
0.25 69.5 83.5 56.2 49.2 89.2 52.2 84.4 97.4 2.6
0.50 63.2 76.5 47.6 40.8 88.0 45.0 78.8 97.3 2.7
0.75 60.3 76.3 44.0 35.2 85.6 40.9 76.8 97.5 2.5
1.00 61.7 78.3 46.0 35.2 87.5 41.5 79.0 97.1 2.9
500 options
0.00 78.5 89.9 73.5 58.4 92.4 65.4 89.8 95.0 5.0
0.25 59.9 75.3 48.0 33.7 82.7 39.7 77.0 91.3 8.7
0.50 56.0 72.7 40.0 28.0 83.5 33.7 75.1 90.4 9.6
0.75 51.0 64.9 38.4 22.0 79.0 31.3 67.9 89.0 11.0
1.00 54.7 73.1 38.1 25.8 81.8 32.5 73.8 90.4 9.6
1000 options
0.00 82.0 90.3 78.3 66.7 92.7 71.8 90.6 94.1 5.9
0.25 57.5 67.1 45.8 38.3 80.0 41.0 71.8 86.2 13.8
0.50 50.9 67.5 34.0 24.0 79.5 29.1 69.6 86.0 13.9
0.75 44.2 57.5 30.4 16.5 73.6 24.3 61.3 82.5 17.5
1.00 51.6 66.7 37.4 22.9 80.7 33.1 67.5 86.4 13.6

Table 16: Accuracy of Qwen3.5-9B across all experimental conditions. Rows are grouped by placement mode
(Block / Sparse) and option count N ∈ {100,500,1000}; the window position (0.00–1.00) indicates where the gold
option is placed within the option list. Columns report overall accuracy, four domain slices, the option-dependency
split, and the error-type breakdown (errors on original wrong options vs. random distractors). The 10-option baseline
uses the original MMLU-Pro options without augmentation.
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Setting Overall Domains Dependency Error Type

CS Health Law Math Opt-Dep Opt-Ind Original Random

10 options
Baseline 79.3 89.2 68.8 67.3 92.0 64.5 91.8 - -

Block

100 options
0.00 78.9 88.0 69.6 67.2 90.8 65.2 90.6 99.1 0.9
0.25 77.3 87.2 63.6 66.0 92.4 62.6 89.8 98.8 1.2
0.50 77.2 87.9 63.2 66.7 91.2 62.2 90.0 97.9 2.1
0.75 76.9 89.1 64.7 62.4 91.6 61.4 90.1 98.3 1.7
1.00 76.6 88.8 64.4 61.2 92.0 60.4 90.4 98.4 1.6
500 options
0.00 77.5 88.0 68.4 61.9 91.6 61.9 90.7 98.3 1.7
0.25 74.1 87.5 59.6 58.6 90.4 57.5 88.1 95.3 4.7
0.50 74.2 86.7 62.8 57.6 90.0 58.3 87.9 93.9 6.1
0.75 72.5 83.9 58.1 60.2 87.5 57.0 85.6 93.6 6.4
1.00 74.6 85.6 61.5 64.0 87.2 60.1 86.9 95.6 4.4
1000 options
0.00 78.9 89.2 68.4 66.8 91.2 64.1 91.5 98.6 1.4
0.25 72.1 85.8 59.2 56.0 87.0 55.9 85.9 93.6 6.4
0.50 72.1 84.2 58.7 59.2 86.2 56.2 85.5 93.3 6.7
0.75 70.3 83.6 59.0 55.1 83.2 55.1 83.2 92.0 8.0
1.00 73.4 87.8 61.1 57.8 86.7 58.1 86.4 94.3 5.7

Sparse

100 options
0.00 77.1 90.0 63.6 62.8 92.0 60.9 90.9 98.7 1.3
0.25 77.0 87.9 64.4 65.1 90.4 62.1 89.6 98.9 1.1
0.50 75.5 88.0 60.8 61.6 91.6 59.4 89.2 99.0 1.0
0.75 74.4 86.4 61.2 59.6 90.4 58.2 88.1 98.8 1.2
1.00 74.0 86.8 62.4 56.0 90.8 55.6 89.6 98.7 1.3
500 options
0.00 82.3 92.3 74.5 68.6 93.5 69.6 93.1 97.2 2.9
0.25 73.4 86.8 58.6 58.1 90.0 55.3 88.7 95.7 4.3
0.50 65.7 81.6 48.8 47.4 84.7 45.5 82.7 93.5 6.5
0.75 65.5 81.5 50.0 46.6 83.6 47.4 80.8 93.4 6.6
1.00 69.2 82.3 54.0 56.9 83.5 53.7 82.3 93.8 6.2
1000 options
0.00 83.9 94.3 74.6 72.2 93.9 72.8 93.2 96.4 3.6
0.25 66.2 77.0 54.4 49.6 83.5 49.8 79.7 90.5 9.5
0.50 66.2 79.0 53.5 49.4 82.5 49.0 80.8 90.6 9.4
0.75 61.7 75.9 47.0 42.0 81.3 43.1 77.3 90.5 9.5
1.00 65.8 80.6 50.4 49.6 82.3 49.0 79.8 90.6 9.4

Table 17: Accuracy of Gemma-4-31B across all experimental conditions. Rows are grouped by placement mode
(Block / Sparse) and option count N ∈ {100,500,1000}; the window position (0.00–1.00) indicates where the gold
option is placed within the option list. Columns report overall accuracy, four domain slices, the option-dependency
split, and the error-type breakdown (errors on original wrong options vs. random distractors). The 10-option baseline
uses the original MMLU-Pro options without augmentation.
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Question Gold Distractor Replacement Reason

Computer Science

Let a undirected graph G with
edges E =
<0,1>,<4,1>,<2,0>,<2,1>,<2,3>,<1,3>,
which <A,B> represent Node A. . .

[1, 2] 2 1 3 4 The option "2 1" lists the vertices 1
and 2 (just in a different order),
which is semantically equivalent to
the correct minimum vertex cover
[1, 2]. A domain. . .

Which is the smallest
asymptotically?

O(1) 8.00 O(n2) A constant numeric value (8.00)
represents O(1) time, which is the
same asymptotic class as the correct
answer.

Can a stream cipher have perfect
secrecy?

No, since the key is
shorter than the message

It depends on the size
of K

It always has perfect
secrecy regardless of
key size.

The answer "It depends on the size
of K" could be interpreted as a
correct statement about perfect
secrecy, since perfect secrecy is
achievable only when the. . .

Mathematics

Which of the following is least
likely to reduce bias in a sample
survey?

Using a non-random
sampling method

conducting the survey
online targeting only
the mall’s registered
customers

Using a stratified
random sampling
method

The distractor describes a specific
non-random sampling method
(selection bias), which is a correct
answer to the question as it would
not reduce bias.

If x - 3 = 6, what is the value of x? 9 9 kg/m 15 kg/m The distractor contains the correct
numerical value (9) followed by
units. In many contexts, this could
be considered numerically
equivalent or partially. . .

A store has 3 boxes of shirts. Each
box has 4 packages with 7 shirts in
each package. The expression 3 x
(4 x. . .

12 × 7 84 3 + 4 + 7 The distractor 84 is numerically
equivalent to the correct answer (12
x 7 = 84) and is the total number of
shirts. Since the question asks for
an expression. . .

Law

A truck and a car collided at an
intersection. Both drivers were
injured, and each one filed a
lawsuit. . .

Neither party recovers
anything from the other.

recover nothing,
because he was more
at fault than the driver
of the truck.

The truck driver must
pay the car driver
$5,000 because he
was twice as. . .

The option states that the plaintiff
recovers nothing, which matches
the correct outcome of no recovery,
making it factually equivalent to the
correct answer.

A man worked as a clerk in a
gourmet coffee shop. His friend
often stopped by the shop to chat
with the man. . .

prevail, because the
company would be
vicariously liable for the
man’s. . .

prevail, because the
employee was on duty
at the time of the
accident.

prevail, because the
customer signed a
waiver releasing the
shop from any. . .

Option 0 states the customer will
prevail due to the employee being
on duty, which is essentially the
correct legal reasoning (vicarious
liability) and thus. . .

A plaintiff sued an insurance
company to recover life insurance
proceeds. At trial, the issue before
the. . .

A sworn affidavit from
the insured’s brother
verifying the insured’s
birth date.

sustain the objection,
because the testimony
is hearsay.

admit the testimony,
because it is a present
recollection
recorded. . .

This option argues the evidence is
inadmissible on hearsay grounds,
which aligns with the correct
answer that a sworn affidavit from a
brother is inadmissible.

Health

The mucosa of the upper larynx is
innervated by the

internal laryngeal nerve
which is the afferent limb
of the cough reflex.

The vagus nerves The phrenic nerves The vagus nerves give rise to the
internal laryngeal nerve, so a
respondent could argue that "vagus
nerves" is a correct (though
imprecise) answer to the. . .

Which of the following structures
accompany the oesophagus through
the diaphragm?

The vagus nerves Proprioceptive
information is carried
by the
glossopharyngeal and
vagus nerves.

The phrenic nerves
accompany the
oesophagus through
the diaphragm.

The option mentions the vagus
nerve, which is the correct structure
that accompanies the oesophagus
through the diaphragm, making it
factually correct.

A 17-year-old girl is brought to the
emergency department 15 minutes
after being stung by a bee.. . .

β2-Adrenergic agonist Adrenaline. Ibuprofen. Adrenaline (epinephrine) is a drug
used in anaphylaxis and could be
argued as an appropriate treatment
for this. . .

Table 18: Examples of flagged distractors and their corresponding replacements across different domains.
The Reason column summarizes the logical overlap identified by the LLM judge during the screening process.
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Code Name Description

S1 Independent Derivation then Scan The model solves the problem analytically (math, law, or logic) in its reasoning
trace before looking at the options. Once a result is derived, it explicitly
searches the long list of candidates to locate and select the matching entry.

S2 Sequential Order Review The model methodically evaluates options one by one, usually starting from
the first index (0) or occasionally from the end (999). It judges each statement’s
validity against its internal knowledge until it identifies a match or narrows the
field.

S3 Eliminative Filtering The model scans the option list to discard obviously incorrect, irrelevant, or
nonsensical candidates. This narrows the search space to a manageable subset
(shortlist) before the final selection is made.

S4 Candidate-Led Shortlisting The model brainstorms a set of plausible internal answers (candidates) based
on the question before scanning the list. It then specifically searches the long
option list to see which of its internally generated candidates actually appear.

S5 Surface Lexical Matching The model identifies specific key phrases or unique identifiers in the prompt
and performs a heuristic search for those same words in the option list. This
relies on textual similarity rather than full analytical derivation.

S6 Direct Outcome Recognition The model derives the answer or recalls the fact and identifies the correct
option via direct mapping or recognition without verbalizing a search or scan
of other indices.

S7 Index / Anchor Heuristic The model selects an option based on its numerical index or list position rather
than on semantic evaluation. The choice is driven by round-number attraction
(e.g. 0, 500, 999) or a prior belief that answers cluster at certain positions, with
no analytical justification given.

S8 Block / Cluster Detection The model notices that a subset of options forms a semantically coherent group
or a contiguous block and focuses evaluation on that cluster rather than the
full list. Expected to be more common in block placement mode where the
original options are contiguous.

S9 Explicit Overload Declaration The model explicitly acknowledges that the number of options exceeds what it
can evaluate in detail and announces a fallback plan. This is a meta-statement
about processing limits that precedes another strategy (typically S7 or S10).

S10 Capitulation / Default Guess The model produces a minimal or arbitrary answer with no genuine evaluation
— picking index 0, a round number, or the first plausible option encountered.
Typically follows an overload declaration or appears when the model fails to
derive an answer and resorts to a token response.

Table 19: Taxonomy of reasoning strategies used by LLMs on large-scale multiple-choice questions. Strategies
are ordered by overall frequency (S1 = most frequent).
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Strategy
S1 S2 S3 S4 Other
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Figure 9: Strategy variations across different candidate set sizes and window position for Sparse mode.
Comparison between dependent and independent settings with 100, 500, and 1000 candidate options.
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Figure 10: Strategy variations across different candidate set sizes and window position for Block mode.
Comparison between dependent and independent settings with 100, 500, and 1000 candidate options.
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S1 S2 S3 S4 S8 Other
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Figure 11: Strategy distribution by question type and
option count. Each cluster shows three stacked bars
(N=100, 500, 1000), one per model; Block placement,
averaged over window positions.
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Figure 13: Mean reasoning tokens per window position for each model, broken down by placement mode
(Block vs. Sparse, rows) and option-dependency label (Independent vs. Dependent, columns). Lines within
each panel correspond to different distractors counts (N ∈ {100,500,1000}).

Prompt Template — Question Dependency Classification (All Three Judges)

Decide whether a knowledgeable person could answer the question correctly WITHOUT seeing the answer options.

Core test — mentally remove the options and ask the question as open-ended:● If answerable (a specific fact, definition, formula, calculation, etc.) → option_independent● If the answer is ambiguous or requires comparing the options→ option_dependent

Additional rules:
(1) Phrasing like “which of the following” does NOT automatically make a question option-dependent.
(2) EXCEPT / NOT / LEAST / best-among framings are almost always option-dependent.
(3) Options introducing evaluation categories absent from the stem (e.g. “Not Given”, “All of the above”)

make the question option-dependent.
(4) When in doubt, prefer the label for which domain knowledge alone suffices.

[5 few-shot examples omitted for brevity]

Question:
<question text>

Options:
<option list>

Return ONLY valid JSON, no explanation, no markdown:

{"label": "option_dependent" or "option_independent"}

Figure 14: Classification prompt submitted to all three judges (GPT-OSS-120B, Gemma-4-31B, Qwen3.5-9B).
The full prompt includes five few-shot examples covering the main edge cases: open-ended phrasing, EXCEPT/NOT
framing, best-among comparisons, and composite True/False/Not-Given option sets.
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Prompt Template — Distractor Safety Sweep (GPT-OSS-120B / Gemini-3-Flash)

You are evaluating answer options for a multiple-choice question.

Question: <question text>
Correct answer (for reference only): <gold option>
Candidate options (labelled 0–<N-1>): <distractor batch>

Task: For each option decide whether it could be considered a correct or defensibly correct answer.

An option is UNSAFE if:● It is factually true as an answer to this question, even if phrased differently.● A domain expert could reasonably argue it is correct or partially correct.● It is semantically or numerically equivalent to the correct answer.

An option is SAFE if a domain expert would clearly reject it as wrong.

For every UNSAFE option also write a replacement: a new answer that is clearly wrong but plausible to someone
without deep domain knowledge, in the same style and approximate length as the other options.

Respond with a JSON object only, no other text:

{
"flagged": [
{"id": <0-based index within this batch>,
"reason": "<one or two sentences>",
"replacement": "<new SAFE option text>"}

]
}

Return {"flagged": []} if all options are safe.

Figure 15: Distractor safety prompt submitted to GPT-OSS-120B (CS, Law, Health) and Gemini-3-Flash
(Mathematics). Up to 100 distractors are submitted per call; the gold option is provided as a reference anchor so
the judge can detect semantic equivalence.
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