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Abstract

The probabilistic nature of large language mod-
els (LLMs) has regularly invited inquiries into
their consistency with regard to repeated sam-
pling, input variations, and conceptually related
prompts. However, unlike accuracy bench-
marks, consistency evaluations cannot rely on
standardized measurement tools. We conduct a
comprehensive survey of current methodolo-
gies evaluating language model consistency
across 85 peer-reviewed publications, organiz-
ing them into a novel three-level taxonomy: (1)
sampling, (2) semantic, and (3) relational con-
sistency. Throughout this process, we identify
three fundamental threats to the construct valid-
ity of LLM consistency measurements: Valid
evaluations must disentangle intrinsic consis-
tency from correctness, probabilistic uncer-
tainty, and artifacts of constrained generation.
Our systematic analysis shows that none of the
85 publications accounts for all three factors
jointly, allowing construct-irrelevant variance
to obscure our understanding of consistency.

1 Introduction

In everyday conversation, the responses we ex-
change are rarely arbitrary. Instead, we intuitively
rely on an underlying consistency in the behavior of
our interaction partner (Funder and Colvin, 1991).
Continuous self-contradictions diminish trust in
any person or system alike, regardless of any com-
parison against an established ground truth (Jang
et al., 2022; Novikova et al., 2025). Therefore, it
comes as no surprise that large language models
(LLMs), as widely used text generation systems
with an inherently probabilistic response process,
naturally invite questions about their consistency
(cf. Bender et al., 2021).

Continually, concerns have been raised regarding
LLMs’ uncertainty under repeated sampling (Kuhn
et al., 2023; Wang et al., 2023; Vashurin et al.,
2025), sensitivity to prompt and order variations
(Chang and Bergen, 2024; Wang et al., 2024b), and
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Figure 1: Overview of our proposed three-level taxon-
omy. It distinguishes between (1) sampling consistency
(stability of multiple generations from one prompt), (2)
semantic consistency (sensitivity to equivalent inputs),
and (3) relational consistency (logical, conceptual, and
psychometric relations between distinct inputs).

a general lack of a shared conceptual grounding
across contexts (Nunes et al., 2024; Ding et al.,
2025). Even without treating consistency as a nor-
mative requirement, understanding in which way
and to what extent LLMs are inconsistent is vital
for gaining insights into fundamental limitations,
especially for domains with stringent predictabil-
ity and safety demands. Similarly, unmeasured
inconsistency naturally casts doubt on how broadly
specific properties or findings from LLM research
can actually be generalized (Jung et al., 2026).

Unlike classic performance benchmarks, consis-
tency evaluations across responses cannot rely on
standard, established metrics. Rather, authors gen-
erally need to design custom measurement frame-
works in concordance with their research goals.
While often sharing an intuition of underlying con-
cepts — such as the need for comparisons between
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outputs — there is no substantiated definition for
what constitutes a valid measurement of language
model (LM) consistency. We therefore ask:
Are there overarching necessary conditions for a
valid measurement of language model consistency?
To answer this, we perform a comprehensive
review of 85 peer-reviewed publications that con-
duct evaluations of the consistency of LM outputs.
Our research process reveals how consistency mea-
surements are regularly conflated with other model
properties and artifacts, leading us to three ba-
sic, necessary requirements for construct validity,
which, as our analysis shows, are not jointly satis-
fied by any evaluation within these 85 publications.
Our contributions are:

¢ A meticulous itemization and analysis of
current evaluation methodologies in 85 peer-
reviewed publications (Sections 3 and 5).

* A novel three-level taxonomy to categorize
shared methodological concepts in the liter-
ature: (1) sampling, (2) semantic, and (3)
relational consistency (Section 3).

* The identification of three primary sources of
construct-irrelevant variance in current mea-
surements, yielding corresponding construct
validity requirements (Section 4). While not
meant to be exhaustive, these form a founda-
tional baseline to ensure evaluations measure
consistency rather than experimental artifacts.

2 Language Model Consistency

LM consistency can broadly be understood as the
semantic content! of responses not contradicting
between generations. On the technical side, incon-
sistencies arise from both probabilistic uncertainty,
where input variations or sampling noise trigger
path-dependent divergences (Xu et al., 2024), and
under-generalization, where models fail to transfer
conceptual meaning across contexts (Chang and
Bergen, 2024; Nunes et al., 2024). Both can steer
models into conflicting areas of their heterogeneous
training data (Xu et al., 2024) or into arbitrary hallu-
cinations (Manakul et al., 2023; Kalai et al., 2025).

We strictly focus on internal consistency across
distinct outputs.? This distinguishes our scope from
related constructs: (1) robustness, or ground-truth

10ften termed "belief" in the literature (e.g., Lietal.,, 2019;
Jang et al., 2022; Hase et al., 2023; Scherrer et al., 2023).

2We avoid the synonymous term "self-consistency" (e.g.,
Mitchell et al., 2022; Chen et al., 2023) to prevent confusion
with the prominent prompting technique (Wang et al., 2023).

accuracy against adversarial shifts (Wang et al.,
2022; Mizrahi et al., 2024); (2) external/factual
consistency, representing faithfulness to external
knowledge (Honovich et al., 2022; Jang et al.,
2022); and (3) intra-output coherence within a sin-
gle context window, such as reasoning faithfulness
(Lanham et al., 2023; Paul et al., 2024).

Understanding consistency is crucial for inter-
preting LM research: From a psychometric per-
spective (American Educational Research Asso-
ciation et al., 2014), constructs cannot be validly
attributed if behavior shifts arbitrarily across set-
tings or samples. Transferring standard reliability
measures to LLM evaluation (cf. Lohn et al., 2024)
— namely test-retest (repeated sampling), alternate
forms (rephrased inputs), and internal consistency
(relational checks) — forms the conceptual founda-
tion for our proposed three-level taxonomy.

3 A Three-Level Taxonomy of Language
Model Consistency

To gain an extensive overview of methodologies
used for evaluating language model consistency,
we conducted a targeted literature search process.
Papers were filtered in three steps: (1) constructing
a candidate pool via targeted keyword searches
on the ACL Anthology as well as DBLP and
Google Scholar, which, after completion of this ini-
tial acquisition, we cross-referenced with a recent
extensive survey on language model consistency
(Novikova et al., 2025) to find potential blind spots;
(2) selecting only peer-reviewed papers from this
pool, published either in ACL conferences and jour-
nals or in other highly reputable venues (such as
NeurIPS, ICLR, ICML, COLM, AIES, TMLR, or
Nature); and (3) filtering on whether they conduct
an actual evaluation of LM consistency, explic-
itly excluding purely theoretical or methodological
works lacking concrete evaluation from our struc-
tured literature review. Our final literature pool
consisted of 85 publications, each of which we
systematically analyzed regarding the respective
evaluation methodology.

To categorize these methods, we propose a hier-
archical, three-level taxonomy based on inputs and
constraints. Prior taxonomies have relied on formal
definitions (e.g., semantic, logical, and factual, cf.
Jang et al., 2022, or negation, implication, transi-
tivity, and factual, as well as their composition, cf.
Cheng et al., 2025) that fail to capture large parts
of recent research. Novikova et al. (2025) inherit
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the above definitions from Jang et al. (2022) and
expand them with a broader umbrella term of in-
formal consistency. Notably, none of the above
considers inconsistency from sampling. Here, the
taxonomy by Liang et al. (2024) has an orthogo-
nal focus on sampling diversity for inference-time
methods, while mostly ignoring input variations.

Inspired by Scherrer et al. (2023), our three-level
framework separates variations caused by sampling
from those caused by input differences, and, like
Jang et al. (2022), distinguishes consistency across
semantically equivalent inputs from consistency
regarding more complex relations:

1. Sampling Consistency: Non-contradiction of
multiple sampled outputs for the exact same
input (like Liang et al., 2024).

2. Semantic Consistency: Consistency of out-
puts for semantically equivalent inputs, both
through formal semantic checks (cf. Jang
et al.,, 2022) and informal heuristics (cf.
Novikova et al., 2025).

3. Relational Consistency: Non-contradiction
across distinct, related inputs, capturing for-
mal logical constraints (as in Jang et al., 2022;
Cheng et al., 2025) as well as implicit concep-
tual relations and psychometric correlations.

As discussed in Section 2, we explicitly exclude fac-
tual consistency. Furthermore, while these levels
logically nest within one another, we conceptualize
them as separate from a methodological standpoint.
A detailed itemization of the 85 publications —
which may appear across multiple levels — is pro-
vided in Table 1 (sampling) as well as Tables 3
and 4 in Appendix B (semantic and relational).
Each entry outlines the evaluated CONSISTENCY
CHECKS and METRIC; OUTPUT indicates the
response format: Direct answers (i.e., any com-
mitment in the first token) in normal text, bold
italics for chain-of-thought (CoT), and bold for
open-ended outputs requiring heuristic extraction,
annotated by extraction method, e.g., man (man-
ual), NLI (natural language inference models), emb
(embedding similarity), CE (cross-encoder similar-
ity), LLM (LLM extraction). Multiple heuristics
are marked with *, with further details about the
methods provided in the METRIC column.

3.1 Sampling Consistency

Beyond measuring output stability, sampling con-
sistency underpins uncertainty quantification (e.g.,

Vashurin et al., 2025), capable of predicting robust-
ness (Rabinovich et al., 2023; Jiang et al., 2025)
and hallucinations (Farquhar et al., 2024; Nikitin
et al., 2024). Furthermore, sampling variance is
a widely used signal to improve reasoning, both
during inference (e.g., Self-Consistency prompt-
ing; Wang et al., 2023; see Liang et al., 2024 for
an overview) and training, increasing the sampling
consistency of correct reasoning traces (Yue et al.,
2025) in reinforcement learning algorithms like
GRPO (Shao et al., 2024).

Table 1 provides an overview of 18 papers eval-
uating sampling consistency, half of which focus
exclusively on this level, with the rest measuring
sampling and higher-level consistency in parallel.

Consistency Checks Most works focus on a sim-
ple uncertainty or robustness evaluation on factual
question answering (QA) or natural language un-
derstanding (NLU) benchmarks. However, three
address uncertainty in subjective domains like po-
litical or opinion questions (Ceron et al., 2024; Dur-
mus et al., 2024), with Scherrer et al. (2023) cru-
cially finding that LMs exhibit significantly higher
uncertainty in high-ambiguity moral scenarios com-
pared to low-ambiguity ones with correct choices.

Metrics & Outputs Metrics are highly contin-
gent on output formats. To simplify the calculation
of self-agreement or entropy, 8 of 18 papers sam-
ple direct, single-word answers or measure first-
token probabilities. However, Li et al. (2024a) note
that such constraints can obstruct natural model
behavior, observing that unconstrained generation
alters measured answer variance. Here, uncertainty
quantification evaluates open-ended generation by
semantically clustering responses (e.g., via NLI) to
avoid penalizing rewording (e.g., Kuhn et al., 2023;
Vashurin et al., 2025; see Table 1 for more ap-
proaches). Interestingly, while effective here, simi-
lar semantic approaches are rarely used in higher-
level consistency evaluations.

3.2 Semantic Consistency

Evaluating semantically equivalent inputs tests
whether models generalize an understanding of
meaning rather than superficially pattern-match
form (Ohmer et al., 2024; Chang and Bergen, 2024).
Such sensitivity evaluations are powerful as local
soundness (Fluri et al., 2024) or alternate-forms
reliability checks (Shu et al., 2024; Ceron et al.,
2024), but are no indicator of global coherence.
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PAPER (Venue)

CONSISTENCY CHECKS

METRIC

OuTPUT

Kuhn et al. (2023) (ICLR)

Scherrer et al. (2023)
(NeurlPS)

Ohmer et al. (2023) (GEM)
Ceron et al. (2024) (TACL)

Lin et al. (2024) (TMLR)

Li et al. (2024a)
(LREC-COLING)

Farquhar et al. (2024)
(Nature)

Zhang et al. (2024a) (NAACL)
Wang et al. (2024a) (ACL)

Durmus et al. (2024) (COLM)
Nikitin et al. (2024)
(NeurlPS)

Ye et al. (2024) (NeurlPS
Datas. & Benchm. Track)
Ohmer et al. (2024) (CL)

Lee et al. (2025) (COLING)

Liu et al. (2025) (ICML)
Vashurin et al. (2025)
(NeurlPS)

Fadeeva et al. (2026) (ICLR)

Cao et al. (2026) (EACL)

Semant. equiv. sampled open-ended
outputs (determ. by NLI)

Distr. of 10 sampl. actions in both
unambig. & ambig. moral scenarios
Same answ. if sampled twice

Stat. signific. of 30 sampled polit.
opinion answ. (test-retest reliab.)
Semant. equiv. sampled open-ended
outputs (determ. by NLI)

Ratio of same answ. for 5 samples

Semant. equiv. sampled open-ended
outputs (determ. by NLI)

Distrib. of all sampled answ.
Self-agreem. of binary LLM as judge
preferences

Token distr. on opinion quest.
Semant. equiv. sampled open-ended
outputs (determ. by NLI)
Token/answ. distrib. of different
classes

Same answ. if sampled twice

Cons. sampled scores in text
evaluation

Self-agr. of LLM-as-a-judge pref.
Open-e. answer sem. equiv. to other
samples (determ. by cross-encoder)
Open-e. answer sem. equiv. to likely
beam search outp. (det. by NLI)
Sem. equiv. tokens in each decoding
step (det. by clustering of emb.)

Entropy of output equiv. classes
Entropy of answ. distr.

% of cons. pairs

95% conf. interval of 1000-rep.
bootstrap

Diff. metrics from NLI-induc.
adjacency matrix

# of majority answer + # of
other options - 1

Entropy of output equiv. classes

Entropy of answer distr.
Entropy of pref. responses

Token distribution

von Neumann Entropy of sem.
graph kernels

Set Size: # of class labels above
probab. thresh.

% of consis. pairs
Krippendorff’s «

% of majority answer

1—prob. of answer seq. & avg.
1—sim. to samples

Like Vashurin et al. (2025) &
Lin et al. (2024) for beams
Product of cluster prob. masses
for each token in answer seq.

Open-ended"’
Binary-choice

Yes/No
Agree/Disagree

Open-ended"!

MCQ;
open-ended™"
Open-ended"’

Single-word
Pref. scores; CoT
+ Scores

MCQ tkn. prob.
Open-ended"!

MCQ tkn. prob.

Yes/No, 1-word
Num. & Likert
Scales, Yes/No
(CoT) bina.-ch.
Open-ended®

Short-form

answers'"!

Open-ended®™

Table 1: Overview of methods in sampling consistency evaluations. Bold text in the CONSISTENCY CHECKS
column indicates tasks without a ground truth (R1). Bold italic text in the OUTPUT column represents outputs with
CoT, bold text represents open-ended generation with the extraction heuristic provided in superscript (R3).

We provide a detailed itemization of 51 papers
evaluating semantic consistency in Table 3 in Ap-
pendix B. These works test sensitivity of models to
prompt variations such as paraphrases, translations,
negations of binary questions, option reordering, or
instruction and output format variations.

Consistency Checks Most works test robustness
deficiencies on NLU or QA tasks, with early influ-
ential work (Jiang et al., 2020; Elazar et al., 2021)
spawning numerous evaluations of prompt sensitiv-
ity to paraphrased or translated queries for knowl-
edge base (KB) or graph (KG) facts. As with sam-
pling, some evaluate input variations in subjective
or ambiguous domains like morality, personality,
or politics (e.g., Agarwal et al., 2024; Rottger et al.,
2024). Crucially, comparisons show that models
can achieve very high consistency on tasks with
an unambiguously correct choice, but exhibit pro-
nounced belief shifts (e.g., in political opinions)
across translated or paraphrased inputs of higher-

ambiguity tasks (Scherrer et al., 2023; Zhou and
Zhang, 2024; Moore et al., 2024).

Metrics The vast majority of the field (45 out
of 51 papers) follows works such as Elazar et al.
(2021), relying on deterministic point-wise metrics,
computing the raw percentage of exact matches or
the average of some similarity measure between
outputs. A small minority accounts for the fact that
discrete mismatches can simply stem from sam-
pling noise. To capture actual inter-prompt belief
shifts, these studies quantify consistency probabilis-
tically through either the (e.g., Jensen-Shannon)
divergence (JSD) between Monte-Carlo estimated
answer (e.g., Scherrer et al., 2023) or token logit
(e.g., Moore et al., 2024) distributions, or by com-
parison of token rankings (e.g., Qi et al., 2023).

Outputs Most evaluations (30 out of 51) artifi-
cially restrict to forcing multiple-choice (MCQ)
or otherwise direct answers. 6 additionally allow
for CoT before answer commitment. 15 publi-
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cations evaluate open-ended outputs, relying on
NLI, semantic similarity, or LLM-based heuristics
for consistency comparisons (e.g., Honovich et al.,
2022; Zhao et al., 2024) or answer extraction (e.g.,
Moore et al., 2024). Notably, papers directly com-
paring format constraints find a critical inconsis-
tency: LLM behavior shifts drastically when forced
to predict a single next token. Open-ended answers
often yield vastly different distributions (Réttger
et al., 2024) and are generally far more robust and
less biased toward option-order artifacts than their
forced-choice counterparts (Wang et al., 2024b,c).

3.3 Relational Consistency

Relational consistency demands non-contradiction
between answers to related inputs. Given the vast-
ness of possible relationships, evaluations typically
target specific local connections. As detailed for
the 40 papers in Table 4 in Appendix B, these eval-
uations broadly fall into three categories: hand-
crafted logical constraints, distinct but conceptu-
ally related contexts, and psychometric relations.

Logical consistency Logical consistency exam-
ines outputs’ adherence to strict, a priori defined
constraints, typically using propositional questions
or probability forecasts (e.g., Paleka et al., 2025).
Most commonly studied is transitivity for NLI
tasks, QA, and preference orderability. Other
prominent constraints include implication (e.g., of
ontological relations in KGs) and monotonicity
(e.g., Kassner et al., 2021; Ross et al., 2024), as
well as con- and disjunctions of input prompts.

Conceptual consistency While modern LLMs
handle local semantic and logical constraints de-
cently, they often fail to generalize across distinct
but conceptually highly related contexts, exhibiting
a lack of "concept mastery” (Nunes et al., 2024).
This inconsistency can generally be seen in behav-
ioral gaps: generator-validator (GV) inconsistency
(failing to validate their own generations) (Li et al.,
2024b), the safety discrimination-generation gap
(Ding et al., 2025), the reversal curse (Berglund
et al., 2024), and hard-to-easy inconsistency (Yang
et al., 2024b). Similarly, abstract value judgments
do not align with concrete actions (Jain et al., 2024;
Shen et al., 2025), an effect more pronounced if
there is no a priori correct answer (Xu et al., 2025).

Psychometric consistency Here, softer notions
of agreement or correlations are evaluated. While
LLMs show high inter-question reliability within a

single human-validated test (Serapio-Garcia et al.,
2025; Ye et al., 2025), akin to conceptual consis-
tency, they lack global cross-test correlations. Un-
like humans, their abstract moral values do not
correlate with their responses to concrete scenarios
(Nunes et al., 2024), and neither do questionnaire
answers and behavior in downstream tasks (Jung
et al., 2026). Political or opinion stances also do
not maintain alignment with the same demographic
groups across related topics (Santurkar et al., 2023;
Durmus et al., 2024; Ceron et al., 2024).

Metrics 33 out of 40 publications rely on single-
sample metrics, such as ratios of logical constraint
violations (commonly building on Li et al., 2019),
simple ratios of corresponding answer pairs for a
conceptual evaluation, and psychometric measures
on answers (e.g., Cronbach’s «). Only a minority
of works conduct probabilistic comparisons. Given
the prevalence of MCQ settings, these typically
compare first-token probabilities (Santurkar et al.,
2023; Moore et al., 2024), with results by Xu et al.
(2025) suggesting that single-sample metrics sig-
nificantly overestimate answer shifts compared to
underlying token distributions. As a rare example
of a more complex probabilistic constraint, Yang
et al. (2024b) use Monte-Carlo sampling to esti-
mate the probability of solving an easy question
conditioned on solving a strictly harder one.

Outputs 26 of 40 papers exclusively force direct
answers (e.g., Boolean, numeric, MCQ), with 10 re-
cent works utilizing CoT prior to extraction. Only
4 works evaluate open-ended outputs, relying on
complex methods like value extraction with multi-
agent pipelines (Ye et al., 2025) or iterative check-
ing of error messages when translating between
natural language and code (Min et al., 2024).

4 Construct Validity Requirements for
Consistency Evaluations

When quantifying consistency, evaluations must
distinguish the target construct from other sources
of observed agreement. High agreement can sim-
ply follow from high correctness, inter-input dis-
agreement may reflect sampling uncertainty rather
than be caused by input differences, and constraints
in response generation can induce either pattern.
Without accounting for these factors, observed con-
sistency remains ambiguous in interpretation.

In line with the closely related, broader rec-
ommendations for LLM evaluation of Bean et al.
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(2026), we identify three necessary requirements
for construct validity: disentangling consistency
from correctness (R1), sampling uncertainty (R2),
and constrained generation artifacts (R3). We note
that these requirements form a necessary but non-
exhaustive baseline for claims about consistency
as a standalone construct. They do not preclude
narrower claims conditional on a particular task,
decoding method, or response format.

4.1 RI1: Disentangle Consistency from
Correctness

Observed consistency on correctness-based tasks
can be misleading. Since language models are opti-
mized for accuracy and truthfulness, consistently
correct outputs may stem from independent infer-
ences rather than a coherent understanding of un-
derlying concepts (Ohmer et al., 2024). As a valid
ground truth is contradiction-free, the possible dis-
agreement is upper bound by the sum of error rates.
Even assuming independent errors, an LLM’s pre-
dictions for two prompt paraphrases that are each
90% accurate on a binary task have an expected
agreement of 0.92 + 0.12 = 82%. High agreement
can arise from accuracy alone without intrinsic
cross-prompt consistency. Rather, in correctness-
bound tasks, consistency is often merely an incom-
plete predictor of accuracy itself (e.g., Rabinovich
et al., 2023; Ye et al., 2024). Paradoxically, an
LLM producing systematically incorrect outputs
would be a stronger indicator of model consistency
(cf. Tan et al., 2025; Ganesh et al., 2026).

To establish that consistency captures more than
correctness, evaluations should include inputs with-
out definitive ground truths. Consistency is a nat-
ural measure in domains where responses can be
individually plausible but collectively contradic-
tory. Unambiguous tasks might still serve as a con-
trol to establish a baseline of inconsistency caused
by technical artifacts (i.e., a lack of robustness).
Controlling for such deficiencies can isolate ten-
dencies of actual conceptual belief shifts for, e.g.,
ambiguous moral dilemmas or controversial topics
(cf. Scherrer et al., 2023; Zhou and Zhang, 2024).

4.2 R2: Disentangle Consistency from
Uncertainty

Standard evaluations relying on single-sample out-
puts conflate cross-prompt inconsistency with in-
herent probabilistic uncertainty. While determin-
istic decoding is often assumed to eliminate this
randomness, it merely masks the model’s internal

margins. For instance, contradicting greedy decod-
ings across two equivalent prompts might reflect
minimal shifts around a 50/50 decision boundary,
whereas point estimates can conversely obscure a
drop in confidence (e.g., from 95% to 55%) if the
top output remains unchanged. Without examining
probabilities, random variation is misdiagnosed as
a failure to generalize, an artifact that will converge
to biased error rates rather than averaging out.

To isolate actual probabilistic belief shifts, sam-
pling uncertainty must be treated as the null hypoth-
esis (Ohmer et al., 2024). Consistency evaluations
should therefore measure divergence between out-
put distributions, estimated via Monte-Carlo sam-
pling or token logits. Modeling LM beliefs proba-
bilistically (e.g., Scherrer et al., 2023) and applying
specialized probabilistic constraints allow for ex-
plicitly factoring out sampling noise and validly
measuring inter-input inconsistencies.

4.3 R3: Disentangle Consistency from
Constrained Generation Artifacts

The observed consistency of an LLM is funda-
mentally altered by the generation format used
in the evaluation. While forcing exactly match-
able direct outputs (e.g., "Yes/No", MCQ, or Likert
scales) facilitates sound evaluation and probabilis-
tic modeling, it artificially restricts the model’s un-
derlying autoregressive reasoning process. Given
standard formal assumptions, single-forward-pass
predictions are bottlenecked by theoretical limits
of transformer expressivity (Merrill and Sabhar-
wal, 2023); premature first-token commitments
frequently cause hallucinations that snowball for
the subsequent generation process (Zhang et al.,
2024b). They significantly increase selection and
position biases (Zhou et al., 2024) as well as prompt
sensitivity (Rottger et al., 2024; Wang et al., 2024b),
while overestimating certainty compared to the ac-
cumulated noise in sequential generation (Wang
et al., 2024c; Xie et al., 2024).

For autoregressive language models, avoiding
conflation with these restricted output artifacts re-
quires allowing extended generation, bypassing
such computational bottlenecks (Merrill and Sab-
harwal, 2024; Jiang et al., 2026). CoT prompting
(and native reasoning models) has the advantage of
mitigating reasoning limits while typically conclud-
ing with an output that allows rule-based extraction.
In contrast, open-ended generation provides the
most ecologically valid measure of natural model
behavior. However, evaluating open-ended text ne-
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R1: Correctness  R2: Uncertainty _R3: Extended Generation

R1 R2 R3| # | Papers

Sampling Consistency

— 5 Ohmer et al. (2023)  Zhang et al. (2024a) * Ye et al. (2024) « Ohmer et al. (2024) « Lee et al. (2025)
= v 10 Kuhn et al. (2023) « Lin et al. (2024) « Li et al. (2024a) « Farquhar et al. (2024) » Wang et al. (2024a) * Nikitin et al. (2024) * Liu et al.
(2025) * Vashurin et al. (2025) * Fadeeva et al. (2026) ¢ Cao et al. (2026)
V- 3 Scherrer et al. (2023) « Ceron et al. (2024) * Durmus et al. (2024)
- / 0 | -
Semantic Consistency
20 Li et al. (2019) * Asai and Hajishirzi (2020)  Jiang et al. (2020)  Elazar et al. (2021) * Newman et al. (2022) ¢ Fierro and Sggaard
(2022) * Jang et al. (2022) « Albrecht et al. (2022) « Zhou et al. (2022) * Hase et al. (2023) ¢ Hagstrom et al. (2023) ¢ Jang and
Lukasiewicz (2023) » Ohmer et al. (2023) « Rabinovich et al. (2023) ¢ Zhao et al. (2024) * Mizrahi et al. (2024) * Rajan et al. (2024) ¢
Ohmer et al. (2024) ¢ Lee et al. (2025) * Ganesh et al. (2026)
v 12 Honovich et al. (2022) * Raj et al. (2022) « Li et al. (2024a) * Yang et al. (2024a) » Wang et al. (2024a) » Wang et al. (2024b) * Raj
et al. (2024) ¢ Calanzone et al. (2025) » Ghosh et al. (2025) ¢ Liu et al. (2025)  Jang et al. (2025) * Bu et al. (2026)
v 2 Kassner and Schiitze (2020) ¢ Qi et al. (2023)
v / 0 | -
Ve 5 Kiehne et al. (2022) « Kiehne et al. (2024) * Shu et al. (2024) « Ceron et al. (2024) « Jung et al. (2026)
Ve v 8 Fluri et al. (2024) » Bonagiri et al. (2024) * Réttger et al. (2024) « Wang et al. (2024c) * Zhou and Zhang (2024) « Zhou et al. (2024) *
Paleka et al. (2025) * Liu et al. (2026)
v / 3 | Scherrer et al. (2023) « Agarwal et al. (2024) » Durmus et al. (2024)
v / v 1* Moore et al. (2024)
Relational Consistency
14 Li et al. (2019) « Ribeiro et al. (2019) ¢ Asai and Hajishirzi (2020) » Kassner et al. (2021) « Jang et al. (2022) « Mitchell et al. (2022) »
Hase et al. (2023) « Gu et al. (2023) * Chen et al. (2023) « Berglund et al. (2024) « Li et al. (2024b) * Jang and Lukasiewicz (2023) ¢
Kassner et al. (2023) « Rajan et al. (2024)
v 8 Min et al. (2024) » Zhang et al. (2024b)  Jiang et al. (2024) * Calanzone et al. (2025) * Ghosh et al. (2025) * Liu et al. (2025) * Bajpai
and Chakraborty (2025) * Ding et al. (2025)
v 1 Yang et al. (2024b)
v / 0 | -
Ve 6 Nye et al. (2021)  Jin et al. (2022) * Ceron et al. (2024) « Jain et al. (2024) * Shen et al. (2025)  Serapio-Garcfa et al. (2025)
v v 5 Fluri et al. (2024) « Ross et al. (2024) « Paleka et al. (2025) ¢ Ye et al. (2025) ¢ Jung et al. (2026)
v 7/ 5 Santurkar et al. (2023) * Durmus et al. (2024) * Nunes et al. (2024) « Moore et al. (2024) « Lehr et al. (2025)
o/ /| 1 Xu et al. (2025)

Table 2: Analysis of consistency evaluation methodologies across 85 unique publications based on the validity

requirements (R1-R3) defined in Section 4. v indicates the requirement is satisfied,
for, and — denotes the requirement is not applicable. Notably, evaluations marked with an asterisk

indicates it is not accounted
satisfy all

three criteria across separate experiments, but fail to satisfy them jointly within a single measurement.

cessitates post-hoc extraction or comparisons (e.g.,
via NLI or LLMs), which might introduce their
own second-order validity and reliability concerns.
For example, Wu et al. (2025) find that such heuris-
tic consistency measurements can align poorly with
semantic-similarity judgments of human raters.

5 Analyzing the Methodological
Landscape in LM Consistency

We systematically code the methodologies of all
85 publications against our three validity criteria
(R1-R3) in Table 2. Evaluations receive a v if
they: (R1) test ambiguous or subjective domains
without a priori correct answers;? (R2) disentangle
uncertainty using probabilistic comparisons rather
than single-sample matches;* and (R3) allow for
any generation beyond direct commitments (either

31f / is assigned, we also highlight the data or task in bold
in the CONSISTENCY CHECKS column in Tables 1, 3, and 4.
“Marked bold in the METRIC column in Tables 3 and 4.

through CoT or open-ended generation). X indi-
cates that the evaluation does not account for the
factor. If a paper features multiple evaluations, we
prioritize the assignment of v' over X. We mark R2
with — in sampling consistency as the requirement
does not apply. We provide more details on the
coding in Appendix A.

The most striking finding from our review is
that not a single publication satisfies all three va-
lidity requirements simultaneously. Instead, eval-
uations frequently sacrifice one dimension of con-
struct validity in satisfying another. Even Moore
et al. (2024) and Xu et al. (2025) only consider all
three requirements in separate experiments, but not
Jjointly within a single measurement.

Holdovers from Masked Language Models
Evaluations frequently fail R2 or R3 due to a re-
liance on outdated evaluation paradigms. Early
influential works (e.g., Li et al., 2019; Jiang et al.,
2020; Elazar et al., 2021) established consistency
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measures tailored to masked language models like
BERT (Devlin et al., 2019), where single-forward-
pass matches were the ecologically valid standard.
As the field transitioned to autoregressive LLMs,
researchers often iterated upon these frameworks
rather than formalizing setups for probabilistic, se-
quential generation from scratch.

Consequently, modern semantic and relational
evaluations exhibit a stark mutual exclusivity be-
tween uncertainty disentanglement (R2) and un-
constrained formats (R3). Studies often consider
the role of the output format for consistency (e.g.,
Rottger et al., 2024; Wang et al., 2024c) but fall
back on simplistic, single-sample matches (satisfy-
ing R3 but failing R2), or formulate rigorous prob-
abilistic frameworks (e.g., Durmus et al., 2024;
Yang et al., 2024b) that treat LLMs like simple
classifiers by sampling direct outputs or compar-
ing the first-token distribution (satisfying R2 but
failing R3). In fact, R2 is especially rare, met by
only 7 of 51 semantic and 7 of 40 relational con-
sistency publications. Even comprehensive evalua-
tions (Moore et al., 2024; Xu et al., 2025) exhibit
this limitation, computing probabilistic divergence
exclusively over first-token logits and reverting to
point-wise matches for CoT and open-ended text.’

This is a notable methodological disconnect
across taxonomy levels: While the sampling consis-
tency literature has developed sophisticated uncer-
tainty quantification frameworks specifically for un-
constrained text, similar approaches remain mostly
absent from semantic and relational evaluations.

Methodological Heterogeneity Furthermore,
outside of specific niches like moral alignment or
psychometric studies, the majority of semantic,
logical, and conceptual evaluations violate R1 by
relying strictly on ground-truth accuracy tasks.
Even at the sampling level, where R2 is not
required, only 3 of 18 publications evaluate subjec-
tive domains, and, notably, none of these allows
for CoT or open-ended generation (R3) despite the
breadth of approaches in uncertainty quantification
at the sampling consistency level. Echoing
sentiments voiced by Novikova et al. (2025), we
find current evaluation methodologies fractured
and lacking valid measurement frameworks. We
stress that our coding of the publications against
the criteria was intentionally lenient. =~ While
future work may identify additional conditions

SMoore et al. (2024) only consider open-ended text in their
semantic, not in their relational consistency evaluation.

for validity, failing to isolate a measurement from
these basic artifacts already compromises its
interpretation with regard to LM consistency. No
study in our corpus manages to satisfy even this
foundational baseline.

6 Discussion

Do we understand how consistent LLMs are?
While findings in the literature clearly demonstrate
that LLMs exhibit inconsistencies, the conflation
of different model properties makes it difficult to
precisely isolate how and to what extent underly-
ing conceptual inconsistencies occur. Evaluations
that violate R1 may hold undeniable practical value
as rigorous and valid proxies for assessing model
robustness, uncertainty, or capability transfer, yet
fail to deepen our understanding of consistency as
a standalone property. Furthermore, because no
study jointly addresses sampling uncertainty (R2)
alongside unconstrained generation (R3), we know
surprisingly little about LLM behavior with regard
to cross-prompt consistency in natural, autoregres-
sive settings. We want to stress that our analysis
is not meant to be read as a critique of individ-
ual works. Rather, failing to control for all three
factors limits the generalizability of a result to any
overarching claim about quantifying LLM response
consistency itself. Until evaluations jointly address
these factors, LLM consistency as a property re-
mains beyond our grasp.

The Cost of Valid Evaluation We theorize that
the striking finding of no study jointly covering
R2 and R3 in part reflects the computational and
practical costs of addressing both requirements si-
multaneously. While uncertainty disentanglement
can be achieved in a single forward pass per input
by simply comparing output token logits, forcing
single-token outputs violates R3. Conversely, ex-
tended generation already requires a non-trivial
increase in computational resources. Uncertainty
estimation for unconstrained text is often restricted
to methods such as Monte-Carlo estimation, mul-
tiplying inference costs by the number of output
samples. Furthermore, probabilistic comparisons,
especially beyond first-token probabilities, entail a
significant theoretical formalization overhead, par-
ticularly for already complex logical or concep-
tual consistency constraints. We acknowledge that
for many researchers, point-wise comparisons and
forced direct answers simply remain the most ac-
cessible options.
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Jointly Operationalizing R1-R3 The three re-
quirements constrain different evaluation stages:
R1 concerns the selection of the evaluation do-
main and interpretation of agreement metrics, R3
concerns response elicitation, and R2 concerns ag-
gregation and comparison. None logically implies
another. Their concrete joint implementation, es-
pecially regarding R2, will depend on the evalu-
ated consistency relation, which varies across and
within taxonomy levels. Nevertheless, here, we
want to provide a possible schematic to exemplify
how the requirements could jointly be operational-
ized within a single evaluation.

For semantic consistency, an evaluation could
apply prompt variations to ambiguous inputs (R1),
sample multiple CoT or open-ended responses per
variation (R3), and map them to either predefined
choices or semantic equivalence classes (as in Kuhn
et al., 2023; Nikitin et al., 2024), yielding empir-
ical response distributions. These can be used to
measure a between-paraphrase divergence (e.g.,
JSD) relative to within-prompt sampling uncer-
tainty (R2). Notably, Scherrer et al. (2023) already
apply a similar distributional framework for prede-
fined direct-answer choices in moral scenarios, and
adding CoT or open-ended responses would then
additionally address R3.

While R1 and R3 transfer similarly to relational
consistency, R2 requires relation-specific proba-
bilistic formalization. Logical evaluations might
estimate assent probabilities through sampling and
measure violations against probabilistic constraints,
such as the ones applied by Paleka et al. (2025).
Translating R2 to conceptual gaps like generator-
validator consistency would mean comparing the
generator’s distribution of answers with the valida-
tor’s preference distribution. In psychometric eval-
uations, repeated generations could, for example,
conceptually be treated similarly to a population of
respondents (cf. Lohn et al., 2024).

Arbitrariness or Pluralism? Beyond these
methodological questions, a deeper, more abstract
interpretive ambiguity concerns the unit of analysis.
Consistency evaluations that aggregate responses
at the model level implicitly treat the LLM as a sin-
gle entity expected to express a unified viewpoint.
Yet, from the perspective of LLM psychometrics, as
Lohn et al. (2024) argue, models are not well-suited
to such an individual-level interpretation: Their re-
sponse distributions often resemble heterogeneous
response populations. Particularly in subjective do-

mains, interpreting disagreement is ambiguous. It
may arise from arbitrary variance, sensitivity, or
hallucinations, or it may reflect a (potentially desir-
able) plurality of internally coherent viewpoints (cf.
Sorensen et al., 2024). Stenseke et al. (2026), for
example, have directly raised this concern specif-
ically for moral consistency, arguing that justifi-
able inconsistencies between reasonable responses
should not necessarily be treated as a defect. Nev-
ertheless, quantification of model-level consistency
remains relevant for aspects such as predictabil-
ity and safety. An avenue for future evaluations
could therefore be to actively distinguish between
intra-viewpoint inconsistency and inter-viewpoint
heterogeneity. Analogous to how R2 separates
intra-prompt uncertainty from cross-prompt shifts,
this could help conceptually disentangle arbitrary
contradictions from pluralistic diversity.

7 Conclusion

Through a comprehensive review of 85 peer-
reviewed publications, we introduced a three-level
taxonomy — (1) sampling, (2) semantic, and (3) re-
lational consistency — to organize the landscape of
language model consistency evaluations. We iden-
tified three prevalent threats to construct validity:
Evaluations fail to disentangle consistency from
correctness (R1), probabilistic uncertainty (R2), or
constrained generation artifacts (R3).

Strikingly, zero evaluations in our analysis can
satisfy all three validity requirements simultane-
ously. Studies frequently conflate a model’s ability
to give the correct answer with consistency, and
evaluation frameworks are still regularly built upon
outdated, point-wise metrics and forced direct out-
puts designed for older language models, rather
than being constructed with the uncertain, autore-
gressive nature of modern LLMs in mind. While
the NLP community widely acknowledges that
LLMs exhibit inconsistencies, the understanding
of their actual extent and nature remains obscured
by these methodological artifacts.

Limitations

We recognize that our search process might have
overlooked either conceptually highly related pub-
lications simply not captured by our searches or
a few select very recent publications. On this
note, our literature survey process was strictly lim-
ited to peer-reviewed publications from reputable
venues to ensure our assessment covered published
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works meeting a standard of methodological qual-
ity. However, given the rapid pace of LLM and
Al research, this will miss very recent evaluation
paradigms that currently exist only as preprints.

Additionally, our focus lies only on the eval-
uation of consistency, meaning literature exclu-
sively covering methods for improving consistency,
inference-time or training based on consistency re-
search, or theoretical work are not categorized as
part of our survey.

Furthermore, our coding in Section 5 was delib-
erately simplified from a more nuanced assessment
to a binarized one, as almost all papers fall into
one of two camps per requirement. Consequently,
we acknowledge that our analysis misses a small
handful of works such as Ohmer et al. (2024), who
provide notable theoretical rigor in deliberating
about the role of correctness as an upper bound
(R1) and sampling as a baseline (R2) for seman-
tic consistency. However, their concrete practical
methodology falls short of our requirements.
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A Further Coding Details

For our analysis of consistency evaluations in Ta-
ble 2, we relied on a strict coding scheme with
binary decisions. We conceptualized the coding
process as deliberately permissive, assigning v if
the methodology featured any of our three require-
ments, regardless of the depth of the evaluation.
Additionally, if a paper featured multiple evalua-
tions, we prioritized the assignment of v' over
The following provides detailed descriptions for
each requirement:

R1: We use X to indicate tasks with clearly pre-
ferred/correct answers. This includes any fac-
tual knowledge, QA or reasoning task, LLM-
as-a-judge tasks with labeled preferences, and
also any data for which the authors or dataset
creators provide or test against an a priori
ground truth (note that this does not have to
mean that the authors actually evaluate any
correctness in their paper). v signifies tasks
with no a priori clearly correct answers.

R2: We use X to indicate direct, point-wise output
comparisons that do not account for variance.
v/ signifies measurements comparing aggre-
gations of multiple samples or token distribu-
tions between inputs (e.g., divergence metrics,
comparison of answer distributions or token
rankings). This does not require the evalua-
tion to actually quantify any uncertainty.

R3: We use X to indicate an evaluation only test-
ing responses that are forced commitments in
the first word or token. v signifies additional
evaluation that allows for either sequential rea-
soning/CoT before answering or open-ended
responses.

B Detailed Literature Overview for
Semantic and Relational Consistency

Below, we provide the detailed itemization of the
semantic and relational consistency evaluations par-
allel to the sampling consistency overview provided
in Table 1 of the main text.

Table 3 outlines the 51 publications evalu-
ating semantic consistency, as discussed in
Section 3.2.

Table 4 details the 40 publications evaluating
relational consistency, categorized into logi-
cal, conceptual, and psychometric consistency
constraints, as defined in Section 3.3.
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The columns are coded as follows:

CONSISTENCY CHECKS: Bold text indi-
cates a task in ambiguous or subjective do-
mains without a priori correct answers, fulfill-

ing R1.

METRICS: Bold text indicates a metric
that disentangles uncertainty using probabilis-
tic comparisons rather than single-sample
matches, fulfilling R2.

OUTPUT: Direct answers (i.e., any commit-
ment in the first token) are in normal text,
bold italics for chain-of-thought (CoT), and
bold for open-ended outputs requiring heuris-
tic extraction, annotated by extraction method,
e.g., man (manual), NLI (natural language in-
ference models), emb (embedding similarity),
CE (cross-encoder similarity), LLM (LLM ex-
traction). Multiple heuristics are marked with
*, with further details about the methods pro-
vided in the METRIC column.



PAPER (Venue)

CONSISTENCY CHECKS

METRIC

ourruT

Lietal. (2019)

(EMNLP-IJCNLP)

Asai and Hajishirzi

(2020) (ACL)

Jiang et al. (2020)

(TACL)

Kassner and Schiitze

(2020) (ACL)

Elazar et al. (2021)

(TACL)

Newman et al. (2022)

(ICLR)

Fierro and S¢gaard
(2022) (ACL Findings)

Honovich et al. (2022)

(NAACL)

Jang et al. (2022)
(COLING)

Albrecht et al. (2022)
(NeurIPS MLSW)

Raj et al. (2022)

(NeurlPS MLSW)

Kiehne et al. (2022)
(EMNLP Findings)

Zhou et al. (2022)
(EMNLP Findings)

Hase et al. (2023)

(EACL)

Scherrer et al. (2023)

(NeurIPS)

Hagstrom et al. (2023)

(EMNLP)

Jang and Lukasiewicz

(2023) (EMNLP)

Qi et al. (2023)
(EMNLP)

Ohmer et al. (2023)

(GEM)

Rabinovich et al.
(2023) (GEM)

Fluri et al. (2024)

(SaTML)

Agarwal et al. (2024)
(LREC-COLING)
Bonagiri et al. (2024)
(LREC-COLING)

Kiehne et al. (2024)
(LREC-COLING)

Li et al. (2024a)

(LREC-COLING)

Zhao et al. (2024)
(LREC-COLING)

Shu et al. (2024)
(NAACL)

Symmetric contradiction in NLI tasks

Compl. answer for antonyms or negated
questions

Same entity for paraphr. expres. the same
KB relation

Cons. toward negations and misprimes in
KB relat.

Same entity for paraphr. expres. the same
KB relation

Same entity for paraphr. expres. the same
KB relation

Same entity for paraphr. expres. the same
multiling. KB relat.

Factual cons. btw. open-ended texts
(summarization, fact verification,
paraphrases, dialogue)

Cons. answer for paraphr., order var. and
negations

Reworded commons. moral quest.

Sim. open-ended answ. to paraphr.
questions

Action choices cons. w/ contrary social
norms after fine-tuning

Same classif. under paraphrased input and
labels

Paraphrase cons. in QA

Same action wrt. prompt rephrasing &
option order var. in moral scen.

1. Same entity for paraphr. expres. the same
KB relat. 2. Paraphr. cons. of retrieval

Cons. answer for paraphr., order var. and
negations

Same token rankings for prompts in 2
languages expres. same KB rel.

Same answer for self-transl. input
Sim. factoid answ. to paraphr. quest.

1. Paraphr. & negation cons. of forecasting
probs.; 2. BERT classf. on paraphr. in
human rights violations

Cons. action agreement in moral dilem. in
diff. languages

Sim. open-ended answers for paraphr.
moral questions

Cons. wrt. prompt var. of moral norm
judgem.

1. MCQ order cons.; 2. Cons. btw. MCQ &
open-ended text answ.

Cons. open-ended answ. for paraphr.
instruct.

Symbol, format changes & option, negation,
order cons. in person. tests

% of exmpl. w/ constraint violation
(Global Violation) + where
antecedent holds (Conditional
Violation)

Glob. Viol. (See Li et al., 2019)

% of cons. inputs for 2 prompts

Neg.: Spearman rank corr.; Mispr.:

Drop in prec.

Avg. % of cons. prompt pairs & %
where all ans. correct

See (Elazar et al., 2021)

See (Elazar et al., 2021)

ROUGE/BLEU, BERTScore, NLI,
QG-QA

% of cons. input pairs
% of cons. reworded inputs

Avg. BERTScore, paraphr. pred.
score, NLI-score

Accuracy diff. after fine-tuning

Fleiss’ kappa over paraphrases and
inputs
See (Elazar et al., 2021)

JSD btw. answer distribution and
average

1. See (Elazar et al., 2021); 2.
Overlap of retriev. passages; cos.
sim. of retriev. emb.

See (Jang et al., 2022)

RankC: Avg. weighted sum of
intersec. sizes of the top j tokens
for both prompts

% of cons. pairs rel. to sampl.

Avg. cos. sim. btw. emb. answer
pairs

1. (Inverted) diff. of probs.; 2.
Change in class probs. and % cases
w/ switched classes

Comp. of Monte-Carlo answer
distrib. btw. languages

SaGE: Graph entropy of weighted
cos. sim. of answers

Avg., max., min., std. dev. of % of
cons. prompt pairs

1. Chi-sq. statistic & accur. diff.; 2.
Conf. matrix & Pearson’s corr.
Avg. % of cons. answ. pairs & of
maj. answ. rated by GPT-4

% same response

BERT NLI

BERT QA
Single-token
Token ranking
Single-token
Single-token
Single-token

Open-ended*
True/False
classif.

(Not) Wrong
Open-ended*
Binary classif.
MCQ
True/False
Binary-choice
Single-word
Retr. pass. &
embed.

Yes/No

Token ranking

Yes/No

Single-
word/phrase®”
1. CoT + Prob.;
2. Binary
classif.

MCQ

b

Open-ended®™
Single-token
MCQ;
open-ended™"

Open-ended™"

Agree/Disagree
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PAPER (Venue) CONSISTENCY CHECKS METRIC OUTPUT

Ceron et al. (2024) Paraphr./negation/order/templ. cons. on % same response & Krippendorff’s  Agree/Disagree

(TACL) political opinion quest. «@

Rottger et al. (2024) 1. 10 paraphr. instructions; 2. MCQ vs 1. % of cons. answ. & change of MCQ;

(ACL) open-ended text for pol. compass quest. pol. compass position; 2. Answ. open-ended""
distr. change

Wang et al. (2024a) Option order cons. of binary LLM as judge % conflicting judgem. Pref. score;

(ACL) preferences CoT + score

Wang et al. (2024c) 1. First-token MCQ vs open-ended text; 2. 1. % same response; 2. Entropy MCQ;

(ACL Findings) Order cons. (MMLU + OpinionQA) over 10 random orders open-ended""

Yang et al. (2024a) Paraphr. cons. on NLU and NLG tasks NLU: Std. dev. of acc.; NLG: Answ. MCQ;

(ACL Findings) sim. rated by GPT-4 open-ended"

Mizrahi et al. (2024) Robustn. of perform. rank against 1. Kendall’s W; 2. Kendall’s 7; 3. Single-

(TACL) instruction paraphr. Std. dev. from avg. prompt perform. word/phrase

Durmus et al. (2024) Changing opinion agreem. w/ country Change in JSD btw. LLM and MCQ token

(COLM) when prompted in other language population answer distr. probs.

Wang et al. (2024b) 1. Random perturb. cons.; 2. First-token 1. Entropy over all random perturb.; MCQ;

(COLM)

Zhou and Zhang
(2024) (Nature
Scientific Reports)
Raj et al. (2024)
(TMLR)

Moore et al. (2024)
(EMNLP Findings)

Rajan et al. (2024)
(EMNLP Findings)
Zhou et al. (2024)
(NeurlPS)

Ohmer et al. (2024)
(CL)

Lee et al. (2025)
(COLING)

Liu et al. (2025)
(ICML)

Calanzone et al.
(2025) (ICLR)
Ghosh et al. (2025)
(ICLR)

Paleka et al. (2025)
(ICLR)

Jang et al. (2025)
(EMNLP)

Bu et al. (2026)
(ICLR)

Liu et al. (2026)
(ICLR)

Ganesh et al. (2026)
(EACL)

Jung et al. (2026)
(EACL)

MCQ vs open-ended text; 3. Change w/
addit. neutral options

Cons. content and sentiment btw. English
and Chinese political quest.

Sim. open-ended answ. to paraphr.
questions

Paraphr., multiling., MCQ vs open-ended
text on value quest.

Same answ. for paraphr. KG fact

Same action wrt. option letter & order swap
in moral scen.

Same answ. for self-paraphr./-transl. input

Cons. scores in text evaluation btw. diff.
eval. scales

Commutativity and negation cons. of LLM
as judge preferences

Complem. answ. for negation of KG fact
quest.

Complem. answ. for negation of KG fact
quest.

Cons. forecasting probs. wrt. paraphr. and
negated scenarios

Consistent open-ended responses for
stylistic prompt variations in math QA
Consistently safe or unsafe answers across
mult. lang.

Same value pref. rankings btw. MCQ and
open-ended generation answers

Same response for paraphrases, example
order & MCQ option order changes

Rephras., option order, symbol cons. in
psychom. racism/sexism/moral. tests

2. & 3. % same response

% cons. response; Diff. in sentim.
score btw. languages

Avg. NLI entailm., paraphr. pred.
score, ROUGE-L

JSD btw. token distrib. and
centroid (binary for open-ended)

% same response

% same response & t-SMC

% of cons. pairs rel. to sampl.
Krippendorff’s o btw. scale types
% of cons. pairs

Cond. Viol. (See Li et al., 2019)
9% complementary response

Arbitrage & frequentist probabilistic
cons. violation

Score based on structural, lexical
and logical overlap of 2 respon.
Like (Elazar et al., 2021) for same
safety rating

Difference in preference rankings of
values

1. % quest. w/ >0 different resp.; 2.
% of diff. response pairs

% same response

open-ended"""

Yes/No;
open-ended™"

Open-ended*

Yes/No tkn.
probs.;
open-ende

Yes/No

dLLM

Single-tkn.
binary-ch.
Yes/No,
Single-word
Num. & Likert
sc., Y./N.
Binary-ch. (+
CoT)

True/False; CoT
+ T./F.

True/False; CoT
+ T./F.

Score only;
CoT + Score

Open-ended*
Open-ended"™"
MCQ;
Open-ended"™"
MCQ

Likert scales

Table 3: Overview of methods in semantic consistency evaluations. Bold text in the CONSISTENCY CHECKS
column indicates tasks without a ground truth (R1). Bold text in the METRIC column indicates distributional
comparisons between outputs (R2). Bold italic text in the OUTPUT column represents outputs with CoT, bold text
represents open-ended generation with the respective extraction heuristic provided in superscript (R3).
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PAPER (Venue) CONSISTENCY CHECKS METRIC OUTPUT
Logical Consistency
Lietal. (2019) Transitivity of implications in NLI tasks % of exmpl. w/ constraint BERT NLI

(EMNLP-IJCNLP)

Ribeiro et al. (2019)

(ACL)

Asai and Hajishirzi
(2020) (ACL)

Kassner et al. (2021)

(EMNLP)

Nye et al. (2021)
(NeurIPS)

Jang et al. (2022)
(COLING)

Mitchell et al. (2022)

(EMNLP)

Hase et al. (2023)
(EACL)

Gu et al. (2023)
(ACL)

Jang and
Lukasiewicz (2023)
(EMNLP)

Kassner et al. (2023)

(EMNLP)

Fluri et al. (2024)
(SaTML)

Ross et al. (2024)
(COLM)

Rajan et al. (2024)
(EMNLP)
Calanzone et al.
(2025) (ICLR)
Ghosh et al. (2025)
(ICLR)

Paleka et al. (2025)
(ICLR)

Robustn. to validation quest. entailed by QA
pair
Transitivity of cause-effect QA

Impl. cons. of binary KG fact quest.

Neuro-symbol. cons. of step-by-step stories
or relationships

Impl. transit. in cause-effect QA and NLI;
Conj. of quest. w/ same label

Impl. cons. of binary KG fact quest.

1. Impl. & contrapos. cons. on binary quest.;
2. Transit. belief change after knowl. editing

Cons. (a-)symmetric, inverse, transitive
spatial relat. in physical objects

Transitivity of impl. in NLI and cause-effect

QA

Cons. beliefs btw. answ. options of MCQ
quest.

1. Forecasting probs. follow monotonicity
and Bayes Rule; 2. Impl. cons. on legal bail
decisions

1. Monotonicity in economic decisions; 2.
Cons. better/worse econ. rationality than
humans

Transitive cons. of KG fact quest.
(Reverse) impl. cons. of KG fact quest.

Disj., conj. & complex logic rule cons. of KG
fact quest.

Cons. forecasting probs. wrt. different prob.
constraints

violation (Global Violation) +
where antecedent holds
(Conditional Violation)

% of answ. cons. w/ original ans.
Glob. Violat. (Li et al., 2019)
Condit. Violat. (Li et al., 2019)

% of lines & full outputs w/out
constraint violation

Condit. Violat. (Li et al., 2019)
Condit. Violat. (Li et al., 2019)

1. Condit. Violat. (Li et al., 2019);
2. % transitive triples

Condit. Violat. (Li et al., 2019)

Condit. Violat. (Li et al., 2019)

Condit. Violat. (Li et al., 2019)

1. Spearman rank corr. (for
monot.); Bayes Rule; 2. Cond.
Violat. (Li et al., 2019)

1. % cons. responses; 2. Compar.
to human popul. over mult.
experiments

% cons. responses
Condit. Violat. (Li et al., 2019)

% inputs w/ cons. answ.

Arbitrage & frequentist
probabilistic cons. violation

Single-word;
Yes/No
BERT QA

True/False
Fixed-format text

True/False
classif.

True/False

True/False
classif.

True/False

Yes/No

True/False

CoT +
Prob./Yes/No

Single-word;
CoT +
Single-word
Yes/No

True/False; CoT
+ T./F.

True/False; CoT
+ T./F.

Score only; CoT
+ Score

Liu et al. (2025) Transitivity cons. of LLM as judge Ratio of subgraphs of the pref. (CoT)

(ICML) preferences graph that are acyclic Bin.-choice
Conceptual Consistency

Jin et al. (2022) Conservativeness in making exceptions on % of judgem. agreeing w/ Yes/No

(NeurIPS) moral judgem. underlying principle

Chen et al. (2023) 1. Same answ. for quest. and hypothet. quest.; 1. % same answ.; 2. % compos. MCQ

(TMLR)

Berglund et al.
(2024) (ICLR)
Li et al. (2024b)
(ICLR)

Min et al. (2024)
(ICLR)

Zhang et al. (2024b)

(ICML)

Jain et al. (2024)
(AIES)

2. Cons. answ. btw. partial quest. and
composite of quest.

Symmetric entity knowl. when asked for
relation

Cons. of LLM when generating and
validating own answ.

Cons. code after n translations to natural
language and back

Cons. btw. answer and the LLM validating its
rationale

Cons. btw. factual & normative quest. about
surveillance footage

quest. reusing the partial answ.

Diff. of acc. on relation and
reverse relation

% cons. responses

% test cases w/ matching error
message

% rationales the LLM validates as
wrong

% of Yes/No/ambig. answers in
both settings

Single-word/-
token
Fixed-format text

Code;
Open-ended

Yes/No; CoT +
Yes/No

Yes/No +
explanation

61265



PAPER (Venue) CONSISTENCY CHECKS METRIC OUTPUT
Jiang et al. (2024) Cons. answ. on fallacy quest. against % correct before & after changes  (CoT)
(EMNLP) logically irrelevant changes Bin.-choice
Moore et al. (2024) Cons. answ. btw. value quest. on the same JSD btw. answ. distr. and Yes/No token
(EMNLP) topic centroid probs.

Yang et al. (2024b)
(EMNLP)

Xu et al. (2025)
(ICLR)

Bajpai and
Chakraborty (2025)
(EMNLP)

Ding et al. (2025)
(EMNLP)

Shen et al. (2025)
(EMNLP)

Correct answ. for easy quest. if LLM
correctly answ. harder one

Cons. btw. abstract value & concrete
scenario judgem.

Same answer for event-oriented and
time-oriented historical questions

Cons. detection of harmful prompts both
when tasked to generate and discriminate

Action choices cons. with value agreem.

Cond. prob. of answ. easy q.
given prob. for hard q.

% cons. answ.; JSD btw. first
token distr.

% cons. pairs

% pairs where LLM detects harm
in one but not the other

F1 of cons. answ.; Dist. btw.
mean action and value choice

Fixed-format text
A/B; CoT + A/B

Entity name;
CoT + ent. n.

Open-ended"™"

Likert scales &
MCQ

Psychometric Consistency

Santurkar et al.
(2023) (ICML)
Ceron et al. (2024)
(TACL)

Durmus et al. (2024)

(COLM)

Nunes et al. (2024)
(AIES)

Lehr et al. (2025)
(PNAS)

Ye et al. (2025)
(ACL)

Serapio-Garcia et al.

(2025) (Nature
Machine
Intelligence)

Jung et al. (2026)
(EACL)

Cons. agreem. w/ one group on public
opinion quest.
Cons. political stance on a topic

Change of opinion distrib. agreem. w/ a
country when prompted to answer like a
person from that country

1. Internal cons. within moral questionnaire;
2. Correl. between value and vignette quest.

1. Cons. btw. pol. opinion quest. and
sentiment in open-ended text essay; 2.
Internal cons./reliability

1. Internal cons. within value questionnaire;
2. Correl. of LLM values btw. topics and two
datasets

Reliability/internal cons. on psychometric
tests

1. Correl. scores btw. related psychom. tests;
2. Test scores correlate with open-ended text
answ. in related downstr. tasks

% of topics where token distrib.
agrees w/ the most aligned group

% agree - % disagree per topic

Change in JSD btw. LLM and
population answers

1. Cronbach’s «; 2. Ordinary
linear regression (over 100 tests)

1. Deviation from mean z-score;
2. Cronbach’s «

1. Cronbach’s «; 2. Correl. of
extracted values

Cronbach’s «r, Guttman’s \g,
McDonald’s w

Spearman’s rank correlation

MCQ token
distrib.

Agree/Disagree

MCQ token
probs.

Full

questionnaires w/
Likert sc.

Likert scales

Open-ended™™"

Likert scales

Likert scales;
open-ended*

Table 4: Overview of methods in relational consistency evaluations. Bold text in the CONSISTENCY CHECKS
column indicates tasks without a ground truth (R1). Bold text in the METRIC column indicates distributional
comparisons between outputs (R2). Bold italic text in the OUTPUT column represents outputs with CoT, bold
text represents open-ended generation with the respective extraction heuristic provided in superscript (R3). The
literature is categorized into logical, conceptual, and psychometric consistency, as defined in Section 3.3.
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