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Abstract

Arithmetic tasks are widely used to evaluate
LLM reasoning because they provide objective
truth. Yet accuracy alone cannot distinguish
whether prompt sensitivity reflects random pre-
diction instability or systematic semantic bias.
We study this question in comparative arith-
metic, where semantically equivalent framings
can cue directional outcomes such as more, less,
or equal. We introduce MATHCOMP, a bal-
anced benchmark of 10,800 controlled compar-
ison problems spanning multiple framing condi-
tions and answer formats. Across ten LLMs, se-
mantically equivalent comparative cues system-
atically bias predictions toward cued outcomes
even when it is numerically incorrect. Notably,
this effect persists even when cue words are re-
moved from the answer options, suggesting that
framing bias reflects broader semantic steer-
ing rather than simple label copying. Chain-
of-thought reasoning mitigates the effect sub-
stantially, but residual directional drift remains.
These findings suggest that prompt sensitivity
in arithmetic reasoning can exhibit structured
semantic bias toward linguistically cued out-
comes, with implications for robustness evalua-
tion and benchmark design. !

1 Introduction

Arithmetic reasoning tasks are widely used to eval-
uate LLMs because they provide objective ground
truth and allow model behavior to be measured pre-
cisely. Yet prior work has shown that even in these
settings, semantically equivalent prompt variations
can substantially affect model predictions (Sclar
et al., 2024; Razavi et al., 2025; Yang et al., 2022;
Li et al., 2024; Sivakumar and Moosavi, 2023).
These effects are typically evaluated through ag-
gregate accuracy, leaving open the question of
whether prompt sensitivity mainly reflects random
prediction instability or more systematic changes

'The resource available at: https://github.com/

Mamin78/directional_shift

in model behavior. Comparative arithmetic pro-
vides a useful setting for studying this distinc-
tion because prediction outcomes are inherently
directional. Questions involving more, less, or
equal make it possible to analyze not only whether
prompts change model outputs, but whether they
systematically steer predictions toward semanti-
cally cued outcomes. For example, if a model is
asked whether Person 1 scored more than Person 2,
does the word “more” itself increase the tendency
to predict that outcome, even when the underlying
quantities support the opposite conclusion?

This perspective complements prior robustness-
oriented evaluations of arithmetic reasoning by fo-
cusing on the directional structure of model errors
rather than accuracy alone. It also relates to work
on framing and cognitive biases in LLMs (Lin
and Ng, 2023; Flusberg and Holmes, 2024; Wu
and Zheng, 2025; Itzhak et al., 2024), which has
largely examined subjective or preference-based
tasks without objective ground truth. Compara-
tive arithmetic instead provides a controlled setting
where directional shifts can be measured against
unambiguous numerical answers.

To investigate this question, we introduce MATH-
CoMP, a controlled benchmark for studying direc-
tional framing effects in arithmetic comparison.
Each scenario appears under a neutral formulation
and multiple semantically equivalent framing vari-
ants that manipulate the comparative cue (more,
less, equal), its placement (direct vs. contextual),
answer format, and option ordering (Table 1). The
benchmark is balanced across comparison labels
and includes both fixed and randomized answer
ordering to account for answer-position effects.

Main findings.

* Semantically equivalent comparative cues sys-
tematically steer predictions toward the cued
outcome, producing strong directional error
patterns rather than random instability.
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Scenario. Person 1 scored 1 point in the 100m dash, 7 points in the long jump, and 6 points in the shot put. Person 2 scored 1 point in the 100m dash, 4 points in

the long jump, and 8 points in the shot put. Gold label: More (14 vs. 13)

Condition Format Question text (the scenario text is prepended to every row)
Neutral MLE How does the total score of Person 1 compare to that of Person 2?
Direct-More MLE Does Person 1 score more than Person 2 in total?
WHO ‘Who scores more in total — Person 1, Person 2, or did they score equally?
YN Does Person 1 score more than Person 2 in total?
Direct-Less MLE Does Person 1 score less than Person 2 in total?
WHO Who scores less in total — Person 1, Person 2, or did they score equally?
YN Does Person 1 score less than Person 2 in total?

Direct-Equal MLE

Does Person 1 score the same as Person 2 in total?
YN Does Person 1 score the same as Person 2 in total?

Indirect-More MLE

Considering that Person 1 scores more than Person 2 in long jump, how does the total score of Person 1 compare to that of Person 2?

WHO Considering that Person 1 scores more than Person 2 in long jump, who scores more in total?
YN Considering that Person 1 scores more than Person 2 in long jump, does Person 1 score more in total?

Indirect-Less MLE

Considering that Person 1 scores less than Person 2 in shot put, how does the total score of Person 1 compare to that of Person 2?

WHO Considering that Person 1 scores less than Person 2 in shot put, who scores less in total?
YN Considering that Person 1 scores less than Person 2 in shot put, does Person 1 score less in total?

Indirect-Equal MLE
Person 2?

Considering that Person 1 scores the same as Person 2 in 100m dash, how does the total score of Person 1 compare to that of

YN Considering that Person 1 scores the same as Person 2 in 100m dash, does Person 1 score the same in total?

Table 1: [Dataset schema, one scenario shown across framings x formats] Example MATHCOMP prompts for a
single arithmetic comparison scenario. Each model input consists of the scenario text, a question row corresponding
to a framing condition, and the answer options of the associated format. To save space, option lists are omitted
from individual rows: MLE uses permutations of More, Less, Equal, WHO uses permutations of Person 1, Person 2,
Equal, and YN uses Yes, No. Direct framings place the comparative cue inside the question itself, while Indirect
framings introduce the cue in a preceding context sentence. MLE is defined for all seven framing conditions; WHO
and YN are defined only for framed conditions because the Neutral setting contains no comparison cue. Bold marks

the framing cue word. Shading: Neutral , Direct , Indirect .

* The magnitude of the effect depends strongly
on presentation. Direct cues inside the ques-
tion produce substantially larger shifts than
indirect contextual cues, while fixed option or-
dering amplifies the effect further by aligning
framing and positional biases.

Changing the answer format does not elimi-
nate the phenomenon. Even when compari-
son labels are removed from the answer op-
tions, models still drift toward the entity as-
sociated with the cue, suggesting broader se-
mantic steering beyond simple label copying.
Chain-of-thought reasoning substantially re-
duces directional drift, but residual effects re-
main even when framing cues are removed
from the answer space, suggesting that com-
parative framing influences model behavior
beyond surface-level label matching.
Together, these results suggest that robust-
ness evaluations based solely on aggregate
accuracy can obscure systematic structure
in LLM reasoning errors, motivating more
fine-grained analyses of how linguistic form
shapes model behavior even in tasks with ob-
jective ground truth.

Contributions. (1) We introduce a directional
perspective on prompt sensitivity in arithmetic rea-
soning, focusing not only on whether prompt varia-
tions change predictions, but on how they system-
atically shape the direction of model errors. (2) We
present MATHCOMP, a controlled benchmark for
studying framing-induced directional drift across
comparative cues, answer formats, and option-
ordering regimes. (3) We show that semantically
equivalent comparative framing can induce struc-
tured semantic drift across models and prompting
settings, including in formats where the framing
cue is absent from the answer options, suggesting
that the effect extends beyond surface-level label
matching.

2 Related Work

Prompt sensitivity and robustness. LLM pre-
dictions can change substantially under semanti-
cally equivalent prompt variations, including para-
phrasing, formatting changes, and reasoning pertur-
bations (Gu et al., 2023; Sclar et al., 2024; Voronov
et al., 2024; Mizrahi et al., 2024; Sun et al., 2024).
In mathematical reasoning, prior work has stud-
ied robustness to paraphrasing, numerical perturba-
tions, and template variation (Yang et al., 2022; Li
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et al., 2024; Sivakumar and Moosavi, 2023), while
related work has examined failures in quantifier
and comparative reasoning (Gupta, 2023; Collac-
ciani et al., 2024). Existing evaluations, however,
primarily measure robustness through aggregate
accuracy or consistency metrics. Our work instead
studies the directional structure of model errors,
asking whether semantically equivalent prompts
systematically steer predictions toward particular
outcomes rather than merely increasing instability.

Framing and cognitive biases in LLMs. Hu-
man judgments are known to depend on linguis-
tic framing and presentation effects (Druckman,
2001; Gong et al., 2013). Similar framing and
cognitive-bias patterns have been observed in
LLMs across opinion, decision-making, negotia-
tion, and consumer-oriented tasks (Lin and Ng,
2023; Flusberg and Holmes, 2024; Wu and Zheng,
2025; Itzhak et al., 2024). In contrast, compar-
ative arithmetic provides objective and verifiable
numerical ground truth, allowing framing-induced
directional shifts to be analyzed independently of
subjective preference or ambiguity.

Reasoning formats and answer representation.
LLM behavior is sensitive not only to prompt word-
ing, but also to answer representation and evalua-
tion format. Prior work has shown that multiple-
choice performance can vary under option reorder-
ing, option-ID preferences, and verbalizer choices
(Zheng et al., 2024; Pezeshkpour and Hruschka,
2024; Wang et al., 2024; Zhao et al., 2021). Our
results extend these findings by showing that com-
parative framing interacts strongly with answer rep-
resentation: removing cue words from the answer
options changes the form of the error, but does not
eliminate the directional effect.

Reasoning elicitation and robustness. Reason-
ing elicitation methods including chain-of-thought
prompting can improve mathematical reasoning
(Wei et al., 2022; Wang et al., 2023). Prior work
mostly evaluates these methods through aggregate
accuracy gains. In contrast, we analyze how rea-
soning elicitation affects framing-induced error pat-
terns.

3 The MATHCOMP Dataset

MATHCOMP is a controlled benchmark for study-
ing directional framing effects in comparative arith-
metic. Each item presents two individuals accumu-
lating quantities across several sub-tasks, followed

by a comparison question asking whether one total
is more, less, or equal to the other. The dataset con-
tains 10,800 items derived from 144 base scenarios
instantiated across multiple framing conditions, an-
swer formats, and option-ordering settings.

3.1 Design Axes and Balance
The dataset is balanced across five axes:

* Topic: sports, housekeeping, education, trans-
portation (36 base scenarios each).

* Length: 3, 4, 5, or 6 sub-tasks.

* Digit count: one-, two-, or three-digit values.

* True label: more, less, equal, with equal fre-
quency (3,600 items each).

* Arithmetic variant: additive, deductive, and
mixed-operation structures.

Each base scenario is instantiated under a neu-
tral formulation and multiple equivalent framed
variants that manipulate comparative cues while
preserving the underlying arithmetic computation.
MLE includes both neutral and framed prompts,
whereas WHO and YN are defined only for framed
conditions because the neutral setting contains no
comparison cue. To control for answer-position
effects, all multiple-choice formats are evaluated
under both fixed and randomized option ordering.

Each base scenario uses one of three arithmetic
variants. V1 contains additive operations, V2 has
one deduction, V3 combines addition, multiplica-
tion, and division. Numerical values are sampled
subject to two constraints: the target comparison
label must hold for the final totals, and no individ-
ual sub-task may independently reveal the answer.
Appendix A has the full procedure.

3.2 Scenario and Framing Generation

Each scenario is a short two-person comparison
task generated from topic-specific templates span-
ning sports, housekeeping, education, and trans-
portation.  Scenarios describe quantities accu-
mulated across several sub-tasks using domain-
specific units (e.g., points, minutes, kilometres).
Each base scenario is instantiated under one Neu-
tral condition and six framed conditions (Table 1).
Neutral questions ask for a plain comparison with-
out directional cues. Framed variants manipulate
two axes: placement and cue word. In Direct fram-
ing, the cue word (more, less, or equal) appears
inside the comparison question itself. In Indirect
framing, the cue appears in a preceding context sen-
tence stating a true sub-task-level comparison be-
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fore the final question. Cue sentences are selected
so that they remain locally true while potentially
misleading about the overall totals.

3.3 Option Ordering

MLE (options: More, equal, Less) and WHO (op-
tions: Person 1, Person 2, Equal) have six pos-
sible option orders. YN (options: Yes, No) has
two. Under the balanced condition we pick one
order per (topic, length, digit count, variant) tuple
with a deterministic hash. So the correct answer
lands in slot A about one-sixth of the time and the
other five-sixths spread over the rest. Under the
fixed condition we use one order on every item.
MLE is A. MORE, B. LESS, C. EQUAL. WHO is
A.PERSON 1, B. PERSON 2, C. EQUAL. YN is
A.YES, B. No. With fixed options, cue word does
not always sit in slot A. For example, under Direct-
Less the cue is “less” but slot A is still MORE.

3.4 Answer Formats

We evaluate each framing condition under three
answer formats designed to vary the relationship
between framing cues and the answer space.

MLE (label selection). The model selects MORE,
LESS, or EQUAL while presented in a balanced way
with one of six option orders. Because the framing
cue also appears in the answer space, this format
directly tests cue-aligned label selection.

WHO (entity selection). The model selects PER-
SON 1, PERSON 2, or EQUAL. The question may
still contain a comparative cue (e.g., “who scores
more?”), but the cue word is not itself an answer
option. This format therefore removes direct label
copying: to follow the cue, the model must map the
comparison direction to the corresponding entity.

YN (binary verification). The model answers
YES or NO to a framed comparison question (e.g.,
“Does Person 1 score more? ). This format allows
us to measure whether comparative cues increase
the tendency to answer YES even when it is not.

3.5 Directional Error Analysis

Directional error. For MLE and WHO, we mea-
sure directional error using DirErr(y): the propor-
tion of items for which the model predicts label y
‘i:ﬁz:y/\yz‘#y’
i3]
High values indicate that the model systemat-
ically drifts toward prediction y even when it is

when y is incorrect: DirErr(y) =

wrong. For YN, we instead measure the rate of
YES responses on false comparison statements.

MLE analysis. For MLE, we report the framing-
aligned shift: the difference between DirErr(y)
under a framing cue y and the corresponding Neu-
tral condition. Results are averaged across the six
matched framed conditions for each model.

WHO analysis. WHO has no neutral condition,
so we analyze the four settings where the fram-
ing cue and the comparison question ask about
the same direction (e.g., more cue + who scored
more?). We then measure how often the model
selects the person implied by the cue when that per-
son is actually incorrect. A model with no framing
bias should therefore score near zero. Additional
WHO conditions appear in Appendix B.

Statistical testing. We report 95% bootstrap
confidence intervals using 1,500 resamples (full
significance-testing details in Appendix A).

3.6 Models and Reasoning Modes

We test ten models, five proprietary (Gemini-2.5-
Flash, Grok-4.1-Fast, Gemma-4-26B, GPT-OSS-
20B, DeepSeek-V3.2) and five open-weight models
in the 7 to 9B range that we run locally (Qwen3.5-
9B, Llama-3.1-8B, Ministral-8B, CommandR-7B,
OLMo-3-7B). All runs use temperature 0. In short
answer mode, the model returns a single label. In
CoT mode, it writes its reasoning first and then its
final answer, both inside one JSON object.

4 Interactions Between Framing and
Positional Bias

Model Fixed Balanced CoT (balanced)
Gemini-2.5-Flash 0.2 [-0.2,0.8] 0.3 [-0.0,0.7] 0.3 [-0.3, 1.0]
Grok-4.1-Fast 24.7 [-1.7,51.1]  22.5[-2.7,454] 0.8 [-0.1, 1.9
Gemma-4-26B 3.8 [-2.8,10.5] 2.2 [-3.5,79] 0.6 [-0.7, 2.4]
GPT-0OSS-20B -0.1 [-0.4,0.0] -0.4 [-1.1,0.3] 0.11[-12,1.5)
DeepSeek-V3.2 39.9[185,60.31  30.3 [10.9, 48.4] 0.1 [-0.7,0.8]
Qwen3.5-9B 29.5 (6.5, 54.6] 32.5[8.5,56.1] 1.8 [1.2,2.6]
Llama-3.1-8B 43.8 [15.0,72.4]1  40.0 [26.9, 53.8] 1.5 (0.6, 2.7]
Ministral-8B 37.2[16.8,55.3] -0.41-7.1,6.3)
CommandR-7B 27.3[8.7,47.2] 11.0 (1.9, 20.9] 2.2 [-4.1,87]
OLMo-3-7B 52.015.1,82.8]  54.0 [45.0, 64.2] 1.4 [-49,7.1]
Across-model mean 28.4 23.0 0.8

Table 2: [MLE only, per model, averaged over 6
matched framed cells] Mean framing-aligned shift (pp)
vs. Neutral MLE, with 95% bootstrap CIs (1,500 resam-
ples). Fixed: option A always carries the cue. Balanced:
option ordering randomised across six permutations.
CoT: chain-of-thought on the balanced condition.
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Fixed ordering (MLE+WHQ) — DirErr by framing

DirErr - Less (%)

Gemini-2.5-Flash
Grok-4.1-Fast
Gemma-4-268
GPT-055-208
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Figure 1: [MLE only, per model x framing-cell] DirErr (%) under fixed option ordering. The same canonical
option order is used across all instances (A. More, B. Less, C. Equal), so slot A is always MORE regardless of
the framing cue. Each panel shows one error direction (one row of cells). Significance vs. Neutral MLE (paired
bootstrap, n = 1,500): *p < 0.05, **p < 0.01, ***p < 0.001.

Fixed ordering tests whether framing effects in-
teract with positional bias. Because the same an-
swer label always occupies slot A, any tendency
to favor early options can systematically reinforce
particular framing directions rather than acting as
independent noise.

Table 2 reports aggregate framing-aligned shifts
averaged across the six matched framing condi-
tions, while Figure 1 shows the full directional
error structure across framing cells. Exact per-cell
values appear in Table 8 in Appendix.

Framing effects produce highly asymmetric er-
ror patterns. Figure 1 shows that framing does
not simply increase overall error rates, but system-
atically redirects predictions toward particular out-
comes. More-cued framings strongly increase DI-
RERR—MORE, while Less- and Equal-cued fram-
ings produce corresponding shifts in their aligned
directions. Several models approach ceiling-level
directional error on individual cells, especially un-
der indirect framing.

The strongest effects concentrate in smaller
open-weight models. Gemini-2.5-Flash and
GPT-OSS-20B remain within +0.3,pp across
matched cells. Largest shifts occur in 7-9B open-
weight models, but also Deepseek shows pattern.

5 Isolating Framing Effects from
Positional Bias

Balanced ordering removes the fixed slot-A advan-
tage by randomizing answer positions across all
permutations. This isolates the component of di-
rectional drift attributable to comparative framing

itself rather than positional bias. As shown in Fig-
ure 2 and Table 2 (Balanced column), the mean
framing-aligned shift decreases from +28.4 pp un-
der fixed ordering to +23.0 pp under balanced or-
dering, a relative reduction of 19%.

Comparative framing alone systematically
steers predictions. Even after positional bias is
removed, most models continue to exhibit substan-
tial directional drift. The largest reductions occur
for Ministral-8B, CommandR-7B, and Qwen3.5-
9B, indicating that positional bias strongly ampli-
fied framing effects in these models. However, sev-
eral models, including OLMo-3-7B and DeepSeek-
V3.2, remain strongly affected under balanced or-
dering, showing that comparative cues alone can
systematically redirect predictions.

Direct framing produces substantially stronger
effects. The strength of the effect depends
strongly on presentation. Direct framing, where the
cue appears inside the question itself, consistently
produces larger shifts than indirect contextual cues.
Thus, comparative framing exerts the strongest pull
when embedded directly in the comparison query
rather than introduced through preceding context.
Detailed balanced-ordering breakdowns appear in
Table 9 in Appendix.

6 Directional Drift Beyond Label
Matching

To test whether framing effects depend on lexi-
cal overlap between cues and answer labels, we
evaluate two alternative formats under balanced or-
dering: WHO, where models select a person rather
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Framing bias persists under fixed option ordering

35 { Z& Randomized ordering
E=3 Fixed ordering

Mean framing-aligned shift (pp)

Figure 2: [MLE only, per model, averaged over 6
matched framed cells] Mean framing-aligned shift
(pp) under fixed vs. balanced (randomised) option order-
ing. The fixed dataset uses one canonical permutation
(A.More, B.Less, C.Equal) on every item. The bal-
anced dataset spreads the correct answer across all six
permutations. Balanced ordering reduces the across-
model mean from +28.4 pp to +23.0 pp (—19%), iso-
lating the portion of the shift attributable purely to the
cue word.

than a comparison label, and YN, where models
verify a framed comparison statement. Table 3 re-
ports matched WHO directional error rates, while
Figure 3 shows YES-rates on incorrect YN items.

Model D-Mo D-Le I-Mo I-Le Mean
Gemini-2.5-Flash 7 7 8 7 7
Grok-4.1-Fast 63 68 34 81 62
Gemma-4-26B 40 13 36 44 33
GPT-OSS-20B 7 7 7 6 7
DeepSeek-V3.2 61 67 70 81 70
Qwen3.5-9B 43 45 47 64 50
Llama-3.1-8B 69 65 89 94 79
Ministral-8B 79 68 63 58 67
CommandR-7B 33 34 23 24 29
OLMo-3-7B 37 29 46 18 33

43.5

Across-model mean

Table 3: [WHO matched non-equal, per model x
framing-cell, 4 cells per model] DIRERR (%) un-
der Balanced-ordering prompting. Each cell measures:
among items where the cued person is not actually the
right answer, how often the model picks the cued per-
son. With no framing bias the rate should approach zero.
Mismatched-direction and equal WHO variants appear
in Appendix B. Darker = higher DirErr.

WHO: directional drift persists without cue la-
bels. In the matched non-equal WHO conditions
(8§3.5), models must choose between PERSON 1
and PERSON 2, while the comparative cue appears
only in the input. A model with no framing bias
should therefore rarely select the cue-implied per-
son when that person is incorrect. However, Ta-

YN format: framing-aligned Yes-rate on incorrect items

Yes-rate when correct answer = framing cue (%)

Figure 3: [YN only, balanced ordering, per model x
cue direction] Yes-rate on incorrect items (items where
the cued direction is not the gold label). Pooled across
the six framed conditions for each cue direction. A
model with no framing bias would show the same rate
across all three cue directions. Deviation indicates cue-
following.

ble 3 shows strong residual directional drift under
balanced ordering, with an across-model mean of
43.5%. Llama-3.1-8B reaches 94% on Indirect-
Less and 89% on Indirect-More, while DeepSeek-
V3.2 reaches 81% on Indirect-Less. Only Gemini-
2.5-Flash (7.0%) and GPT-OSS-20B (6.7%) re-

main near zero.

These results show that the framing effect is not
limited to copying comparison labels from the an-
swer space. Even when the options contain only
entity names, many models still map comparative
cues onto the implied referent and systematically
select that referent when it is incorrect. This sug-
gests that comparative framing alters the seman-
tic interpretation of the comparison itself, not just
surface-level answer selection.

YN: framing skews verification behavior. Fig-
ure 3 shows the YES-rate on incorrect items under
balanced ordering. A model with no framing bias
would produce similar rates across all cue direc-
tions. Instead, several smaller open-weight models
exhibit strong directional asymmetries. OLMo-3-
7B answers YES on more than 80% of incorrect
less-cued items, while Llama-3.1-8B exceeds 65%
for both more and less. Across models, equal-cued
framing consistently produces weaker effects than
directional comparative cues.

Unlike MLE, the YN format contains no compet-
ing comparison labels and requires only binary ver-
ification. Yet framing effects persist strongly, sug-
gesting that directional cues can bias the model’s
internal assessment of the comparison itself rather
than merely shifting preference between answer
options.
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7 Chain-of-Thought as Partial Mitigation

We evaluate chain-of-thought (CoT) prompting un-
der balanced ordering, isolating whether explicit
reasoning reduces framing-induced directional drift
independently of positional bias.

Framing-aligned shift: short-answer vs CoT
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Figure 4: [MLE only, one point per (model, framed
cell)] Framing-aligned shift in balanced short-answer
(x-axis) vs. CoT (y-axis), 60 points total (10 models x
6 framed cells). Almost every point lies below the di-
agonal, which means CoT shrinks the MLE shift across
models and cells.

CoT substantially reduces directional drift. Ta-
ble 2 and Figure 4 show that CoT sharply decreases
framing-aligned MLE shifts across models and
framing conditions. The across-model mean falls to
+0.8 pp, with six of ten models below 1 pp. In Fig-
ure 4, almost every point lies below the diagonal,
indicating consistent reduction across framing cells.
Explicit reasoning appears to anchor predictions to
computed quantities before answer selection.

Mitigation is weaker when semantic interpreta-
tion is required. The reduction is substantially
smaller in WHO, where models must map compar-
ative cues onto entity references rather than se-
lect comparison labels directly. Table 4 shows
that matched WHO directional error decreases
from 43.5% to 15.83% under CoT, but several
smaller models retain substantial drift, including
CommandR-7B (38%), Ministral-8B (26%), and
OLMo-3-7B (21%).

Residual framing effects persist after explicit
reasoning. Although CoT removes most large

Model D-Mo D-Le I-Mo I-Le Mean
Gemini-2.5-Flash 7 6 7 5 6
Grok-4.1-Fast 6 6 8 5 6
Gemma-4-26B 5 5 6 6 6
GPT-OSS-20B 7 6 8 9 7
DeepSeek-V3.2 3 7 6 8 6
Qwen3.5-9B 13 17 16 23 17
Llama-3.1-8B 17 16 20 23 19
Ministral-8B 14 23 21 45 26
CommandR-7B 18 53 27 54 38
OLMo-3-7B 16 19 21 29 21
Across-model mean 15.3

Table 4: [WHO matched non-equal, per model x
framing-cell] DIRERR (%) under Chain-of-thought
prompting. Each cell shows how often the model selects
the cue-implied person when that person is incorrect.
Lower is better. Mismatched-direction and equal WHO
variants appear in Appendix B. Darker = higher D1-
RERR.

framing shifts, some reliable directional errors re-
main, particularly under indirect framing in smaller
open-weight models. In several cases, the ratio-
nale computes the correct comparison while the
final answer still follows the framing cue. This
suggests that reasoning elicitation mitigates direc-
tional framing effects substantially, but does not
fully eliminate semantic steering during answer
generation. Detailed CoT heatmaps and accuracy
results appear in Figure 11 in Appendix.

8 Robustness Across Domains and
Problem Scales

The previous sections showed that comparative
framing systematically steers predictions, that po-
sitional bias amplifies the effect, and that explicit
reasoning substantially mitigates but does not fully
eliminate it. We now test whether these effects de-
pend on domain, arithmetic scale, or pre-existing
directional priors.

Directional framing generalizes across domains.
Table 5 shows consistent framing-aligned shifts
across all four topic families. Although absolute
magnitudes vary somewhat by domain, the rela-
tive ordering of framing conditions remains stable,
indicating that the effect is not tied to a specific
semantic domain or scenario template.

The effect is largely independent of arithmetic
complexity. As shown in Table 6, increasing
problem length or digit count produces only modest
changes in framing-aligned shift. Directional drift
therefore appears to arise primarily from compara-
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Topic D-Mo D-Le D-Eq I-Mo I-Le I-Eq
Education 16.4 39.8  39.6 9.8 30.8 1.2
Housekeeping 16.0 40.4 325 10.6 238 8.0
Sports 20.1 41.1 33.1 155 321 -26

Transportation = 20.1 45.8 33.1 152 349 2.7

Table 5: [MLE only, per topic x framed cell, averaged
across 10 models] Framing-aligned shift (pp) under
Balanced-ordering prompting.

tive framing itself rather than from failures caused
by longer reasoning chains or harder arithmetic.

Subset D-Mo D-Le D-Eq I-Mo I-Le I-Eq

Length=3.0 18.9 426 353 144 328 -14
Length=4.0 195 434 328 11.7  29.0 28
Length=5.0 16.9 40.1 35.6 10.8 29.7 34
Length=6.0 174 412 346 142 298 4.6
Digits = 1.0 20.8 434 313 17.1 318 -1.6
Digits = 2.0 18.5 42.7 35.4 114 297 3.1
Digits = 3.0 15.3 394 37.1 9.7 294 5.6

Table 6: [MLE only, per problem-scale slice x framed
cell, averaged across 10 models] Framing-aligned shift
(pp) by problem length and digit count under Balanced-
ordering prompting.

Several models exhibit intrinsic directional pri-
ors. Figure 5 shows that some models already
prefer particular comparison outcomes under the
Neutral prompt, especially More. Importantly, all
framing-aligned shifts in this paper are measured
relative to the corresponding Neutral baseline, en-
suring that the reported effects capture framing-
induced directional drift rather than pre-existing
label preferences.

Baseline directional drift (Fixed-ordering)

DirErr (%) under Neutral prompts

p? ® 23 A% ;
¢ o
Wt e o

o < 6% 0° o 2
o £ A A o 3
5% A o o5 o o
W o o & o5 e g

&

Figure 5: [MLE only, balanced ordering, per model x
error direction] Baseline Neutral MLE DirErr. Several
models have an intrinsic prior toward More or Less
independent of any framing cue.

Positional bias changes error direction more
than overall competence. Overall accuracy re-
mains broadly similar under fixed and balanced
ordering (Figure 10 in Appendix), even though di-
rectional shifts differ substantially between the two

settings. This suggests that positional bias primar-
ily alters the direction of model errors rather than
overall task competence.

9 Discussion

Our results show that framing effects in arithmetic
reasoning are not simply a consequence of prompt
instability or shallow label copying. The same
comparative cue produces different forms of direc-
tional error depending on how the task is repre-
sented: in MLE, the bias appears as cue-aligned
label selection; in WHO, it appears as selection of
the cue-implied referent; and in YN, as asymmetric
verification behavior. Across formats, the underly-
ing directional pull remains structurally consistent
even as its surface realization changes.

Chain-of-thought reasoning changes this picture
again. Explicit reasoning sharply reduces direc-
tional drift in direct label-selection settings, yet
residual effects persist in formats requiring seman-
tic reference resolution. This suggests that elicit-
ing correct intermediate reasoning is not always
sufficient to prevent framing-sensitive answer gen-
eration, particularly when the final prediction still
requires mapping comparative language onto enti-
ties or verification decisions.

10 Conclusion

MATHCOMP shows that comparative framing
in LLM reasoning can produce structured,
representation-dependent error patterns rather than
simple prompt instability. Across answer formats,
option-ordering regimes, and reasoning settings, se-
mantically equivalent cues systematically reshape
how models interpret and express numerical com-
parisons. The resulting behavior cannot be reduced
to a single mechanism such as positional bias or la-
bel copying; instead, the form of the error changes
with the representational structure of the task itself.
These findings point toward a broader perspective
on reasoning robustness. Evaluating whether a
model arrives at the correct answer is often insuf-
ficient to understand how language influences the
reasoning process that produces it. By isolating
framing-induced directional drift in a controlled
arithmetic setting, MATHCOMP provides a founda-
tion for studying the semantic structure of reason-
ing errors more systematically, and for developing
robustness evaluations that move beyond aggregate
accuracy toward more behaviorally grounded anal-
yses of model reasoning.
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Limitations

The scenarios are English only and follow a fixed
shape: two people, a few sub-tasks, a clean sum.
Real prompts are messier (longer text, unit conver-
sions, narrative wrapped around numbers).

All models ran at temperature 0. Higher temper-
atures would spread the prediction distribution, but
they are unlikely to flip the direction of the pull.

The matched WHO metric is an absolute rate,
not a shift over a neutral baseline. WHO is defined
only for framed conditions, so no baseline exists.
The reading is a bit different from the MLE shift,
but both numbers track the same pull toward the
cued label. Appendix B has the full WHO grid with
mismatched and equal-cued cells.
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A Dataset Generation and Prompts

A.1 Number Generation

For each (topic, length L, digit count, variant, label)
combination a Python script draws random integer
values and checks two rules. First, the gold label
must hold on the totals. Second, the per-sub-task
comparisons must include at least one slot where
Person 1 is higher, one where they are equal, and
one where Person 1 is lower. We call this the cross-
comparison rule. It stops any single sub-task from
giving the answer away. The model has to sum the
values to get the right label.

Arithmetic variants. The three variants differ in
how sub-task values combine into totals.

V1 (all additive). Each sub-task adds a positive
integer: Total; = Z£=1 v; k- Straight addition.

V2 (one deduction). The last sub-task is sub-
tracted: Total, = 5;11 Vi ) — v;,r. This adds a
minus sign the model has to track. In the scenario
text it shows up as a penalty or deduction (“received
a 4-point deduction in the discus throw™).

V3 (multiply, add, divide). The first sub-task is
a product (¢ x r, where ¢ € [2,9] is a count and r
is a per-unit value). The middle sub-tasks are addi-
tive. The last sub-task is a negative integer division
(—d =+ s, where s € [2,9] divides d exactly). This
mixes three operations. In scenario text it reads
like “scored 3 points per heat across 5 heats” and
“had a group penalty of 20 points shared equally
among 4 athletes”.

Equal-label construction. For the equal label
the script uses a targeted method. It fixes a solution
for Person 1, copies one raw value across to satisfy
the cross-comparison rule, then solves backwards
for the last value so the totals match. The more
and less labels use random retries with rejection
sampling.

Pipeline. The 144 base scenario frames are the
full cross of topic x length x digit count x vari-
ant. We wrote one scenario template per topic by
hand and let the script combine the axes. For each
frame the number generator (numgen. py) samples
raw integers under seed 42, checks the label and
cross-comparison rules, and retries up to 2,000
times before reporting failure. No frame failed.
Question text is built by questions.py from per-
format templates. Scenario sentences are built by
templates.py. The whole pipeline runs in under a
minute on a laptop CPU and is deterministic given
the seed.

A.2 Instruction Templates
A.3 Bootstrap Statistical Test

We test each framed-vs-Neutral difference with
a pooled bootstrap under the null. We pool the
framed and neutral samples (Size€ Nframed + Mneutral)
and resample with replacement to build the null
distribution of the rate difference, then take a two-
sided tail. The tables and the headline numbers
in the abstract use 1,500 resamples. p-values are
floored at 1/npoor. The heatmap markers are *p <
0.05, **p < 0.01, **p < 0.001.
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Format | Instruction (built by evaluate.py)

Common “You are solving a comparison problem.

prefix Read the scenario and question carefully.”

MLE Prefix + “Respond with ONLY the exact

(short) text of one option: the word More, Less,
or Equal (match spelling/capitalisation as
shown in Options).”

WHO Prefix + “Respond with ONLY the exact

(short) text of one option: either Person 1, Per-
son 2, or Equal (exact wording as in Op-
tions; option order varies).”

YN (short) Prefix + “Respond with ONLY the exact
text of one option: Yes or No.”

CoT (all for- | Prefix + “Output a single JSON object only

mats) — no markdown fences, no text before or
after. Required keys: reasoning (step-by-
step chain-of-thought) and answer (final
choice). Evaluation uses only answer. The
answer string must be exactly (one of the
format options above).”

Table 7: [All formats, instruction strings appended
to the prompt] Instruction templates as actually sent
to the model. Built by build_system_prompt in
evaluate.py.

B Additional Figures and Tables

Framing-aligned DirErr shift relative to Neutral (Fixed-ordering)

Vs Neutral (pp)

shift in DirErr

1,’,;\»“ R
o o
e

Figure 6: [MLE only, per model, averaged over 6
matched framed cells] Framing-aligned shift (pp) vs.
Neutral MLE under fixed option ordering. The same
canonical option order (A. More, B. Less, C. Equal) is
used across the whole dataset, so any slot-A primacy
bias adds a constant pull toward predicting MORE.

B.1 Full WHO grid

The main paper uses only the four matched non-
equal WHO cells. Table 10 reports the full framed
grid under balanced ordering. (i) The mismatched-
direction cells, for example Direct-More with “who
scores less?”. A model that follows the cue picks
the cued person regardless of what the question
asks, so the mismatched cells show the opposite
pattern from the matched cells. (ii) The equal-cued
cells (Direct-Equal and Indirect-Equal) have no
matched WHO version, since the cue word is not
one of the WHO options.

Model Dir N D-Mo D-Le D-Eq I-Mo I-Le I-Eq
Gemini Le 6 6 6 6 6 7 6
Eq O 0 0 0 1 0 0
Mo 7 7 7 7 8 7 7
Grok Le 41 34 - 5 80 - 54
Eq 24 2 1 86 4 1 1
Mo 20 39 0 1 4 2 20
Gemma Le 14 24 15 5 10 33 14
Eq 3 2 3 14 9 8 3
Mo | 52 42 59 50 55 28 56
GPT-OSS Le 6 6 6 4 6 6 5
Eq O 0 0 0 0 0 0
Mo 7 6 8 10 7 6 7
DeepSeek Le 16 11 85 4 7 69 36
Eq 14 13 3 81 9 5 11
Mo 19 32 1 1 59 4 20
Qwen Le 32 40 - 67 6 - 28
Eq O 0 0 0 0 1 15
Mo 47 40 1 18 84 0 41
Llama e O 0 2w o 0 80 2
Eq O 0 0 79 0 0 13
Mo NODNNSYM 8 21 [NOON 14 (NS4
Ministral Le 2 0 0 (U
Eq O 0 4 0 0 85
Mo [OSHIIOON © 0 0 14
CmdR Le O 0 45 2 0 62 0
Eq O 0 0 6 0 0 51
Mo [OONIIO0N 50 [UEONENO0N 26 5I
OLMo Le O 0 0 0 50 0
Eq 7 14 1 5 43 81
Mo - 86 0 0 2 17
Avg Le 12 12 63 9 12 59 15

Eq 5 3 1 47 3 6 26
Mo 54 55 14 20 61 9 32

Table 8: [MLE only, per model x error direc-
tion x framing-cell] DIRERR (%) under Fixed-
ordering prompting. N=Neutral; D/I=Direct/Indirect;
Mo/Le/Eq=More/Less/Equal. Darker = higher DirErr.
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B.2 Additional MLE heatmaps

Model Dir N D-Mo D-Le D-Eq I-Mo I-Le I-Eq
Gemini Le 6 7 6 6 6 7 6
Eq O 0 0 0 0 0 0
Mo 7 7 7 7 7 7 7
Grok Le 29 26 [96W 14 | 53 170 37
BEq 29 4 4 63T 10 8 2
Mo 24 48 0 9 21 13 42
Gemma Le 11 22 13 5 10 25 13
Eq 4 2 3 12 9 9 3
Mo 54 44 61 50 54 36 57
GPT-OSS Le 5 5 6 3 5 6 6
Eq O 0 0 0 0 0 0
Mo 9 7 7 14 7 7 7
DeepSeek Le 16 19 78 27 10 70 29
Eq 17 8 5 46 7 9 11
Mo 33 41 3 5 65 3 28
Qwen Le 12 9 5 34 58 24
Eq 29 3 0 81 1 3 15
Mo 46 | 75 4 8 51 30 47
Llama Le 25 3 85 33 15 75 33
Eq O 0 0 59 0 0 28
Mo [66 96 14 4 78 21 36
Ministral  Le (52 26 13 38 60
Eq 10 2 0 1 1 3
Mo 20| 57 0 0 54 4 23
CmdR Le 32 11 55 21 27 29 33
Eq 24 21 20 35 31 34 31
Mo 43 72 26 43 41 37 36
OLMo Le 17 1 3 1 78 3
Eq 33 5 2 10 14 @ 74
Mo 48 93 7 0 7 20
Avg Le 20 13 62 13 20 51 24
Eq 15 4 3 48 7 8 17
Mo 35 54 13 14 47 16 30
Table 9: [MLE only, per model x error direc-

tion x framing-cell] DIRERR (%) under Balanced-
ordering prompting. N=Neutral; D/I=Direct/Indirect;
Mo/Le/Eq=More/Less/Equal. Darker = higher DirErr.
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Model

D-M/M D-M/L D-L/M D-L/L D-EM D-E/L I-M/M I-M/L I-.L/M I-L/L. I-EM I-E/L

Gemini
Grok
Gemma
GPT-0SS
DeepSeek
Qwen
Llama
Ministral
CmdR
OLMo

7
63
40
7
61
43
69
79
33
37

7
60

7
68
13

7
67
45
65
68
34
29

7
60
42

7
57
43
68
78
33
37

6
68
13

8
34
36

7
70
47

63
23
46

6
49

7

7

60 81
20 44

6 6
a1 s
40 64
[0
35 58
26 24

5 18

7
58
40
8
56
45
48
56
31
12

6
64

Table 10: [WHO full grid, per model x (framing-cell, question-direction)] DIRERR (%) under Balanced-ordering
prompting. Column headers use the format X-F/Q, where X € {D=Direct, I=Indirect} is the framing type, F €
{M=More, L=Less, E=Equal} is the framing cue, and Q € {M=More, L=Less} is the question direction. Matched
cells (e.g., D-M/M, I-L/L) are the main-paper subset; mismatched and equal-cued cells are reported here for

completeness.

DirErr - Less (%)

Gemini-2.5-Flash
Grok-4.1-Fast
Gemma-4-268
GPT-055-208
DeepSeek-V3.2
Qwen3.5-98
Uama-3.1-88
Ministral-88
CommandR-78

OLMo-3-7B

Figure 7: [MLE only, per model x framing-cell] DirErr (%) under balanced option ordering. Compare with

Balanced ordering (MLE+WHO) — DirErr by framing

Figure 1 for the fixed-ordering condition.
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Framing-aligned DirErr shift relative to Neutral (CoT)
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Figure 8: [MLLE only, per model, averaged over 6 matched framed cells] Framing-aligned shift vs. Neutral MLE
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Model Dir N D-Mo D-Le D-Eq I-Mo I-Le I-Eq

Gemini Le 6 5 5 5 6 6 6
Eq 0 0 0 0 0 0 0
Mo 6 8 7 8 7 6 7
Grok Le 3 5 4 4 5 6 6
Eq 0 0 0 0 1 0 0
Mo 6 6 6 6 8 5 6
Gemma Le 6 5 11 5 5 6 6
Eq 0 1 0 0 0 0 0
Mo 7 5 6 4 7 6 6
GPT-OSS Le 5 5 7 5 4 6 6
Eq 0 0 0 0 0 0 0
Mo 9 6 8 14 9 6 8
DeepSeek Le 7 5 7 5 6 7 5
Eq 0 0 0 1 0 0 1
Mo 7 5 6 5 7 5 4

Qwen Le 11 13 13 15 12 13 13
Eq 0 0 0 2 0 1 1

Mo 12 13 14 17 16 12 12

Llama Le 27 22 27 36 24 31 27
Eq 0 0 1 0 1 2 1

Mo 12 14 22 16 13 11 14

Ministral Le 7 8 15 14 11 17 15
Eq 2 2 1 3 1 0 4

Mo 34 23 15 28 22 12 17

CmdR Le 12 15 27 16 16 22 16

—_
(=]
(=]
—_

Eq 0 0 1

Mo 26 20 13 17 20 9 18

OLMo Le 9 11 19 22 11 20 12
Eq 1 1 0 0 1 1 2

Mo 23 10 13 14 22 13 18

Avg Le 9 9 14 13 10 13 11

Eqg 0 0 0 1 0 1 1
Mo 14 11 11 13 13 8 11

Table 11: [MLE only, per model X error direc-
tion x framing-cell] DIRERR (%) under Chain-of-
thought prompting. N=Neutral; D/I=Direct/Indirect;
Mo/Le/Eq=More/Less/Equal. Darker = higher DirErr.

Topic D-Mo D-Le D-Eq I-Mo I-Le I-Eq
Education 2.1 6.5 1.0 -0.9 42 0.8
Housekeeping -4.4 2.0 -0.3 2.2 2.6 0.3
Sports -1.7 49 0.6 1.2 2.7 12

Transportation ~ -4.7 39 0.2 -2.9 7.6 0.5

Table 12: [MLE only, per topic x framed cell, av-
eraged across 10 models] Framing-aligned shift (pp)
under Chain-of-thought prompting.

Baseline directional drift (CoT)

g” ? =

7 ’

iﬁ v é 7 g %

7 7= VR KV
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A1HEANI N %% a1’

minnnnny 'y v
ag o Baﬂ zw s o

Figure 9: [MLE only, balanced ordering, per model
x error direction] Baseline Neutral MLE DirErr under
CoT prompting.

Accuracy under randomized vs. fixed option ordering
100

= Randomized ordering
=3 Fixed ordering (A=More/P1/Yes)

Accuracy (%)

Figure 10: [MLE+WHO pooled, per model, averaged
across all framings] Accuracy (%) under randomised
vs. fixed option ordering, balanced short-answer.
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CoT (balanced) — DirErr by framing
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Figure 11: [MLE only, per model x framing-cell] DirErr (%) under CoT prompting on the balanced ordering
condition. Significance markers as in Figure 1.
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Figure 12: [MLE+WHO pooled, per model, averaged
across all framings and orderings] Overall accuracy
in short-answer vs. CoT mode. The models most biased
under short answer gain the most accuracy from CoT.
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