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Abstract

As we continue to extend their range of appli-
cations, the study of the generalization capa-
bilities of large language models (LLM) has
become an important topic. Previous works
have recently proposed to study these abilities
in the context of mathematical reasoning. This
was done by asking models to reproduce proofs
that they have most likely seen during training,
but when key symbols are replaced. Since this
evaluation relies heavily on human feedback,
we study to what degree this evaluation can be
automatically performed. To that end, we simu-
late the human evaluation proposed by previous
work by interactively presenting the same ques-
tions to the LLMs as prompts. We analyze the
degree of alignment between human and model
answers via an accuracy and correlation anal-
ysis, as well as via inter-annotator agreement
metrics. We test a selection of models, includ-
ing ones with reasoning capabilities, and show
LLMs currently have important limitations in
this regard, which cannot be addressed by ICL.

1 Introduction

Mathematical reasoning is a key aspect of human
intelligence that encompasses pattern recognition
and logical entailment. The development of arti-
ficial intelligence systems capable of performing
tasks such as solving applied and theoretical mathe-
matical problems has been a long-standing focus of
research in the fields of machine learning and natu-
ral language processing, dating back to the 1960s
(Feigenbaum and Feldman, 1963; Bobrow, 1964).

With the advent of large language models
(LLMs), there has been a lot of interest in equip-
ping these models with the ability to reason. This
ability could be of use to mathematicians, for exam-
ple, to employ such LLMs for interactive theorem
provers (ITPs), where the machine and the users
work together to produce a formal proof. In order to
track progress on this research topic, several tasks

intended to measure the mathematical abilities of
LLMs have been proposed over the last years .

Early work focused on testing the ability of mod-
els to understand mathematical expressions focused
on the manipulation of simple expressions using
standard notation (Allamanis et al., 2017; Evans
et al., 2018). More recently, interest has shifted
from these approaches to a question-answer format
using natural language, which is more suitable for
LLMs. The release of the MathQA (Amini et al.,
2019), GSM8K (Cobbe et al., 2021) and GPQA
(Rein et al., 2023) datasets extended the class of
questions tested to many areas in mathematics.

A different angle to test models is to have them
generate actual proofs. The first such benchmark is
NaturalProofs (Welleck et al., 2021, 2022) which
contains theorems paired with a gold proof, all
in “informal” language. Similar datasets, such
as GHOSTS (Frieder et al., 2023a) and MATH
(Hendrycks et al., 2021) have also been devel-
oped recently. Furthermore, datasets like Omni-
math (Gao et al.) and FrontierMath (Glazer et al.,
2024) have introduced sets of challenging math-
ematics problems that can be verified computa-
tionally. Some of these datasets utilize the pop-
ular LLLM-as-a-Judge approach, while others di-
rectly employ automated verification utilizing ad-
hoc languages. We also find benchmarks that di-
rectly utilize ITPs in proof generation/validation
(e.g. LEAN), including MiniF2F (Zheng et al.,
2022), the LeanDojoBenchmark (Yang et al., 2023)
and FormalMATH (Yu et al., 2025).

While the ideas behind these works are promis-
ing, our work follows a different approach: to eval-
uate the performance of machine learning models
via model input perturbation. Prior works have
used this approach as a means to test the robustness
of the mathematical reasoning capabilities of mod-
els. Generally, this has meant generating perturbed,
hard variations of previously-existing benchmarks
or datasets to use as for such evaluations (Shi et al.,
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2023; Li et al., 2024; Mirzadeh et al., 2024; Zhang
et al., 2024; Gulati et al., 2024; Zou et al., 2024,
Huang et al., 2025; Dias-Alexiou et al., 2025).
Finally, our work is also related to the usage of
language models in automated grading and feed-
back systems for proof generation and other tasks
related to mathematics, often with a focus on rea-
soning (Stephan et al., 2024; Mondorf and Plank,
2024; Ahn et al., 2024). For example, (Gao et al.,
2024) proposed MATH-Minos, a system trained
with stepwise natural language feedback which
can identify various types of errors, including logi-
cal flaws. Similarly, (Miao et al., 2024) proposed
SelfCheck, a mechanism to check if LLMs rec-
ognize errors in their own step-by-step reasoning,
without resorting to external resources, testing on
math- and logic-based datasets such as the ones
discussed above. Yue and Klein (2025) directly
evaluate LLM proof-writing capabilities using the
LLM-as-a-judge framework to score the generated
solutions. More recently, Zhang et al. (2025) used
an ensemble of LLM Judges to evaluate reasoning
in formal mathematics. Finally, approaches more
tailored to educational settings have appeared. For
example, Zhao et al. (2025) proposed a system to
automatically grade induction proofs.

2 Background

As discussed in the previous Section, current ap-
proaches to evaluate the mathematical abilities of
LLMs often focus on question answering, text com-
pletion, or similar tasks (Cobbe et al., 2021; Frieder
et al., 2023b; Rein et al., 2023) where the content
of the input is written in the style of informal math-
ematics. Alternatively, when it comes to formal
mathematics, approaches focus on test passing via
feeding the generated proof to the corresponding
ITP language (Polu et al.; Han et al.; Lample et al.,
2022; Azerbayev et al.; Zheng et al., 2022; Yang
etal., 2023), so that it can be automatically checked.
For approaches based on retrieval, or those that can
be used to generate multiple candidate solutions,
evaluation is performed in terms of the rate of top-k
generations that pass the ITP test. Naturally, this
setting requires that the model/system tested can
either directly generate ITP code, or access an ITP
environment via tool calling. An alternative to all
of this is to use LLM-as-a-Judge. However, this
does come at a cost. For example, it is known that
LLMs are sensitive to the position of the exam-
ples presented, tend to prefer longer outputs and

can exhibit a bias towards outputs generated by
themselves or by models from the same family.

Here, we look at the approach by Dias-Alexiou
et al. (2025) which utilizes the input-perturbation
approach to study the mathematical reasoning abili-
ties of LLMs. Concretely, they ask if LLMs models
can recognize that two structures are the same even
if they do not share the same nomenclature, and op-
erationalize this by designing a mechanism to mea-
sure to what degree models can reproduce proofs
that they have seen during training, but when the
symbols do not match the ones seen.

In their approach, it is assumed that proofs are
written in a standard system usually referred to
as a Hilbert system. This is a deductive system
that generates theorems from axioms (tautologies
taken as starting point for further reasoning) and
modus ponens. In this context, a proof is ultimately
written as an ordered collection of statements with
references (Welleck et al., 2021).

The evaluation consists of comparing a given
proof against a gold standard proof by checking the
following points: (i) Steps from the gold standard
proof that appear in the generated proof, i.e., to
what extent the model used the needed axioms (or
given facts) and rules of inference; (ii) Steps that
appear in the generated proof and were correctly
applied. In other words, the steps that are correct;
(iii) Steps that appear in the output providing an
expression which is a step towards finalizing the
proof, even if it was not correctly deduced, and (iv)
Overall clarity of the proof, in terms of explana-
tions.

In agreement with previous works such as
Welleck et al. (2021), they indicate that in an ideal
scenario, their evaluation should be performed by
a qualified human annotator. In fact, we see that
previous work has stressed the need to rely on ex-
perts for evaluation of theorem proving systems,
including the work of Welleck et al. (2022), who
carried out an in-depth annotation where an ex-
pert annotator is presented with the theorem, proof-
so-far, and a generated next-step. Frieder et al.
(2023b) also highlight that human evaluation of
advanced mathematics that approaches research
level is expensive and requires experts. There have
been significant advancements in the capabilities
of LLMs to act as judges for a variety of tasks,
perhaps partly explained by their ability to per-
form reasoning. Thus, we think it is possible to
partially automate the proposed evaluation, and
suggest an empirical method to assess to what de-
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gree it can be done. Comparing our proposal, we
find that prior work by Ma et al. (2026) is perhaps
the closest our work. The paper also evaluates
the ability of LLMs to detect incorrect, classifying
them into failure mode classes. Similarly, on “The
Open Proof Corpus” (Dekoninck et al., 2026), a
dataset of LLM-generated proofs that was labeled
by humans as correct/incorrect, evaluation via ac-
curacy on binary classification. In both cases, our
scheme differs in two ways. First, we focus on zero-
order logics only, where we have guarantees the
proofs should be solvable. Second, our framework
is much finer than binary classification, showing
specifically where LLMs fail on judgment. Finally,
we also mention the work of Mahdavi et al. (2025),
who propose a methodology that moves away from
binary classification into a score or scale. Although
our evaluation moves in the same direction, their
method is still not able to point at specific the types
of mistakes or areas where models struggle.

3 Experiments and Results

3.1 Proposed Study

As mentioned earlier, a key point of the evalua-
tion scheme we are adopting was to ensure that the
generated proofs were checked by mathematicians.
Here, we propose to automate this evaluation utiliz-
ing the LLLM-as-a-Judge approach. We mimic their
evaluation process by showing each judge-model
the exact input fed to a previous model, the out-
put generated by it, as well as the “gold standard”
proof. We then proceed to ask each judge-model
the same interactive questions asked to the human
annotator. First, if the output of the model con-
tains a proof. If so, then if each step in the “gold
standard” appears in the output of the model. Ad-
ditionally, if the step invokes an axiom or rule of
inference, we ask the models to do the following:
(a) If the step invokes an axiom, we ask to check
if variables were substituted correctly; (b) If the
step uses a rule of inference, we ask to check if the
rule is properly invoked; (c) We ask the model to
judge whether the step contributes to the proof in
the sense that it stirs the overall flow of the proof
in the right direction towards conclusion. Finally,
we ask it to rate the output on a scale of 0 to 4 via
“Very Incoherent, Incoherent, Neither Coherent nor
Incoherent, Coherent, Very Coherent”.

This evaluation protocol operates on proofs in
propositional calculus, which we think (follow-
ing the original paper’s argument) represents a

best-case scenario for LLM judges for several rea-
sons. (1) Foundational status: All the machinery
of propositional logic is included in higher-order
logic and, thus, most of mathematics. Crucially,
this setting does not involve quantifiers, which
would introduce additional complexities in both
proof generation and evaluation. (2) Semantic com-
pleteness: Propositional calculus is semantically
complete. Any tautology can be proved using the
formal axioms and rules of inference of the sys-
tem. This means that failure in providing a proof
is an issue of the prover and not of the logical sys-
tem. (3)Training exposure: Being the subject of
common undergraduate courses, demonstrations
in propositional logic have been widely discussed
online (e.g. Math Stack Exchange), so we can
reasonably assume LLMs have been extensively
exposed to these types of proofs during training.
(4)Self-contained: The entire logical structure (ax-
ioms, rules of inference) can be included in the
prompt, reducing assumptions and making evalu-
ation fully grounded. Based on these principles,
we think our findings represent a lower bound on
difficulty. If LLM judges struggle to reliably assess
correctness in this controlled, minimal, complete
logical system, they are likely to perform worse
reasoning in more complex mathematical domains.

For this task, we used the same proofs and hu-
man annotated data by Dias-Alexiou et al. (2025),
and tested the following models as judges: GPT
4.1, GPT-OSS 20B and 120B (Int, 2026), Qwen 2.5
32B (Bai et al., 2025), and an equivalent DeepSeek
distilled model DeepSeek-R1-Distill-Qwen-32B
(Guo et al., 2025) — the first reasoning models to
be released as open-weight models.

Based on the questions each of these models
answered, we compute the key metrics used by the
original paper to evaluate formal proofs.

* Compliance: Percentage of times the model
generated output that contains a proof !;

* Extensiveness: Percentage of steps from the
gold standard proof that appear in the answer;

* Correctness: Percentage of steps that appear
and were correctly applied;

* Flow: Percentage of steps that appear in the
output providing an expression which is a step
towards finalizing the proof, even if it was not
correctly deduced;

* Clarity: Average coherence score reported.

"Here, we use a softer version of Compliance than the one
used by Dias-Alexiou et al. (2025)
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GPT-4.1 GPT-oss GPT-oss Qwen 2.5 Qwen 2.5

(120B)  (20B) (DS, 32B) (32B)

Compl. 0.857 0.824 0.840 0.277 0.403

Extens. 0.692 0.653 0.673 0.818 0.678

Acc. Correct. 0.764 0.800 0.688 0.000 0.486

Flow 0.918 1.000 0.983 - 0.500

Clarity 0.267 0.344 0.188 - 0.143

Compl. (k) 0.479"** 0.058 0.148 0.033 0.007
Exten. (k) 0.361°** 0.313*** 0.347*** 0.290*** 0.311***

IAA Correct. (k) 0.185 0.181 0.151 0.000 0.097

Flow (k) 0.000 - 0.000 - -0.069

Clarity (1)  0.606"** 0.586™** 0.435*** - 0.292

Compl. 0.481™** 0.111 0.282***  0.101 0.011

Extens. 0.558"** 0.643"** 0.712*** 0.294"*  0.160"

Corr. Correct. 0.738"** 0.815"** 0.832*** 0.021" 0.101

Flow 0.689*** 0.767*** 0.842* 0.076***  0.003

Clarity 0.583"** 0.695"** 0.530*** - 0.051

Table 1: Results of our experiments using the LLM-
as-a-Judge approach. Correlation is short for Pearson
correlation. Bold indicates values higher than 0.500 for
Accuracy and Correlation and values higher than 0.400
for IAA. Underline indicate negative corr. or IAA, while
* denotes significance at 90, 95 and 99 confidence.

Our evaluation of the generated replies aims to
study to what degree the behavior of the LLMs
agrees with humans. For this, we utilize the hu-
man labels collected by the authors. On the one
hand, taking the human labels as the gold standard,
we report the accuracy of each LLM in answering
each item on the questionnaire in a zero-shot fash-
ion. On the other hand, we report inter-annotation
agreement (IAA) between the LLM and the human
answers via Cohen Kappa (x) for Compliance, Ex-
tensiveness, Correctness and Flow and Kendal’s
Tau (7) for Clarity, and Pearson correlation always.

Finally, we assess to what degree In-Context
Learning (ICL) can help bridge the expected perfor-
mance gap between humans and zero-shot LLMs.
We tested 3 ICL strategies for providing human an-
notation examples to the LLM judge. (1) Random
(rand): N annotated examples selected uniformly
at random, re-sampled for each test item. Tests
whether generic annotation examples improve task
understanding. (2) Random Fixed (fixed): N exam-
ples selected once and reused across all test items.
Controls for the variance introduced by per-item re-
sampling. (3) Same Category (same): N examples
drawn from items matching the test item’s proof
category (same context level and modifier). Tests
whether domain-matched demonstrations provide
additional benefit. Each strategy was tested with
N € 1,2,5 shots. To the best of our knowledge,
no other study of this kind has been proposed.

3.2 Results

Table 1 summarizes the results of our zero-shot
evaluation. It is important to note that Compliance

is the only metric for which all questions are used
to compute the scores, since all subsequent ques-
tions are only answered if the annotator and the
judge agree that there is a proof to be evaluated.
For all other metrics, the number of examples de-
creases and, in some cases, it can be as low as 10%
of the original number or even zero. While we
acknowledge that this makes some of the metrics
hard to interpret, we note that this conditional eval-
uation is inherent to the task structure. In other
words, one cannot judge, for example, step correct-
ness without first establishing that a proof attempt
exists. We also note that because top-performing
LLM:s achieve high gate agreement (> 80% over-
lap with humans), the downstream sample sizes are
substantial (typically 90+ items out of 120).

We note that, even with reasoning, the distilled
Qwen 2.5 model did not perform significantly bet-
ter than its base model. In fact, the Compliance
measure was worse for the modified model (27.7%)
than for the base model (40.3%). Overall, we note
that all these models generally struggle with instruc-
tion following. For example, for the first question
(whether the tested model generated an answer),
we often observed that models would start gener-
ating a proof rather than answering our question
2. This suggests a significant gap between Qwen
and GPTs in terms of their instruction following
capabilities, making the former models essentially
unsuitable for our needs.

Although GPT models have high values for ac-
curacy and correlation, IAA values tend to be low.
Even for GPT 4.1, which is the model with the high-
est overall scores, the IAA score for Correctness
and Flow indicates a pure chance agreement. This
becomes even more evident for the open-weight
models where only Clarity has a significant IAA
value. In general, these models showed good agree-
ment with the annotator on the clarity of the overall
text, but were not particularly good at judging the
contents of the proof per se. Finally, all models
show significant Extensiveness k, suggesting all
LLMs can detect step presence reasonably well.
Conversely, Correctness « is low for all models
and none achieve significance here, suggesting step-
correctness evaluation is unreliable.

To test if the input-output format interfered
with the results, we also ran experiments using
JSON-mode responses (both JSON-output-only

*Malformed responses, which occurred rarely (< 2% of

outputs for most models) were logged and treated as missing
values.
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GPT oss 20B Qwen2.5-32B

0-shot 1-fixed 5-rand O-shot 1-fixed 5-rand

Compl. 0.840 0.857 0.840 0.403 0.504 0.395
Extens. 0.673 0.680 0.680 0.678 0.672 0.632
Acc. Correc. 0.688 0.722 0.788 0.436 0.605 0.714
Flow 0.983 0.968 0.951 0.500 0.750 0.643
Clarity 0.188 0.144 0.146 0.143 0.231 0.353
Compl. (k) 0.148 0.279 0.195 0.007 0.159 0.036
Extens. (k) 0.347 0.350 0.355 0.311 0.279 0.169

IAA Correc. (k) 0.151 0.298 0.493 0.097 0.193 0.469
Flow (k)  0.000 0.000 0.000 -0.069 0.486 0.125
Clarity () 0.435 0.435 0.503 0.292 0.198 0.216
Compl. 0.282 0.403 0.281 0.011 0.256 0.065
Extens. 0.712 0.705 0.738 0.160 0.141 -0.029
Corr. Correct. 0.832 0.854 0.867 0.101 0.238 0.059
Flow 0.842 0.876 0.866 0.003 0.118 0.060
Clarity 0.530 0.522 0.511 0.051 -0.079 0.047

Table 2: Effect of selected ICL strategies on agree-
ment with human annotations. For each model we
show zero-shot and the best-performing few-shot condi-
tion. “rand” = random example selection (re-sampled
per item); “fixed” = random examples fixed across all
items. Bold indicates values > 0.500 (Acc./Corr.) or >
0.400 (IAA). Underline indicates negative values.

GPT-4.1 GPT-oss (120B)
Metric base out in+out base out in+out
Completeness 0.479 0.076 0.000 0.058 0.010 0.257
Extensiveness 0.334 0.423 0.419 0.311 0.354 0.323
Correctness  0.185 0.114 0.049 0.181 0.242 0.207
Flow 0.000 0.000 0.000 - 0.000 0.488
Clarity 0.128 0.219 0.258 0.212 0.108 0.060

Table 3: Results of our experiments with constrained
decoding via enforcing JSON inputs (in), outputs (out)
and both (in+out), versus free text decoding (base).

and JSON-input+output) with GPT-4.1 and GPT-
oss (120B) via vLLM. The results summarized on
Table 3 show that the JSON mode produces mixed
results. For GPT-4.1, we see it degrades the crit-
ical question, as Completeness drops from 0.479
to near zero because the model defaults to “yes’
for nearly every item, while modestly improving
some downstream metrics. For GPT-oss (120B),
results are similarly mixed. We see JSON helps
on binary step-level questions, but hurts on more
nuanced judgments like Clarity. Overall, this evi-
dence suggest that structured output does not mate-
rially change our conclusions. LLM judges remain
unreliable on Correctness regardless of format.

B

We also implemented and tested a panel-of-
judges approach. We experimenting aggregating
evaluations from 5 models (GPT-oss (120B), GPT-
0ss (20B), GPT-4.1, Qwen 2.5 (32B), and Qwen 2.5
Distill (32B) into a single virtual panel verdict us-
ing configurable aggregation strategies. Concretely,

Metric  Best Single x BestPanel x  Winner

Complet. GPT-4.1 0.479

Majority 0.138 single

Extensiv. GPT-oss (20B) 0.342  Any  0.347 panel
Correct. GPT-4.1 0.185 Any  0.113 single
Flow GPT-4.1 0.000 All 0.154 panel
Clarity  GPT-oss (120B) 0.212 All 0.165 single

Table 4: Results of our experiments with panels of LLM-
as-a-Judge approaches, using several voting techniques,
compared against best single models. No single voting
or panel can consistently outperform single models

we tested: majority vote, mean, median, unani-
mous, and “any”. For binary fields, each strategy
applies its voting rule across panelists; for ordinal
coherence scores, it uses mode/mean/median/max.

We note that the LLM panel approach does not
consistently outperform the best individual model
(see table 4). Panels win on 2 out of 5 of the core
metrics (marginally), while individual models dom-
inate on Completeness and Clarity. We also found
that including weaker models dilutes panel qual-
ity on harder judgments. We think this supports
our finding that the difficulty lies in the nature of
mathematical correctness evaluation.

When it comes to the effects of ICL, shown in Ta-
ble 2), we see this helps with the Correctness eval-
uation (judging whether axiom substitutions are
done right) across both models, but this improve-
ment does not generalize and other dimensions
either stay flat or behave erratically, especially for
the weaker model. In general, we observe that ICL
does not have a positive impact on the ability of
models to better mimic humans here, in some cases
actually degrading performance with more shots.

4 Conclusions

We studied to what degree LLMs can be used to
replace human verification when evaluating formal
proofs in a controlled scenario where the origi-
nal proofs are perturbed. We observed that open-
weight models had difficulties following instruc-
tions, which limited their suitability to replace hu-
mans in this type of evaluation. It was also noted
that, for these models, reasoning did not help them
perform significantly better. We also noted that
even for API type models, which had higher rates of
accuracy, their inter-annotation agreement with the
human annotator was not much better than chance
in most cases, showing that current models offer
limited ability in this regard, even with the help of
ICL or the use of a panel-of judges.
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Limitations

While our study may provide valuable insights into
the mathematical reasoning abilities of large lan-
guage models, it is subject to several limitations.
First, our analysis is constrained to a finite and
small set of tasks, which do not capture the full
breadth of mathematical reasoning scenarios. Ad-
ditionally, human evaluation, while essential for
assessing nuanced reasoning steps, is inherently
subjective and may introduce variability in judg-
ments. The models examined and the techniques
tested represent only a snapshot of available archi-
tectures and methods. Finally, our study focuses
on English-language prompts.
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A Costs and Computational Resources

Hardware and Costs Our experiments were per-
formed on a large cluster, where we usually rely
on a node with 8 NVIDIA H200 GPUs for LVLM
inference. Inference on all examples, for all cases
usually amounts to a few hours for the largest mod-
els. For our evaluation with API models, our exper-
iments cost less than 100 USD.

Packages We utilize vLLM as an inference en-
gine for the LLMs, via docker on version 0.11.0.
Performance and IAA metrics are used directly
from scipy (kendalltau) and sklearn metrics ( co-
hen_kappa_score, accuracy_score).

Use of Al Assistants Al models were utilized to
facilitate table generation from raw data.

B Proofs and Prompts

Example requested proof See figure 1

Prompt - Proof request

Given the following axioms:
Ax (¢ A Y) = ¢)
(Ax2)((p A ) = ¥)
(Ax3)(¢ = (¥ = (¢ A ¥)))
(Ax4)(¢ = (¢ V1))
(Ax5)(¢ = (¥ V ¢))
(Ax6)((¢ = x) = (v = x) = (¢ V ¥) = X))
(Ax7)(¢ = (¢ = ¢))
(Ax8)((¢ = (¥ = x)) = (¢ = ¥) = (¢ = X))
(Ax9)((¢ = ¥) = ((¢ = ~¥) = —¢))
(Ax 10)(=¢ — (¢ — ¢))
(Ax 1D)(¢ V —¢)
(A 12)((¢ A =) = ¥)
Ax13)((¢ = (Y A —0)) = =)
(AX 14)(~=¢ — ¢)
(Modus Ponens){P — Q, P} - Q
Using only the axioms provided, prove that

(P—Q),(Q— R)}F(P—R).

Figure 1: Example of prompt provided to the LLMs
showing the content of the full context provided, namely,
the axioms and rules of inference.

Example gold standard proof See figure 2

Question: Prove that {(P — Q),(Q — R)} - (P — R).
Answer:

(P — Q) (hyp)
(Q = R) (hyp)

(@ = R) = (P — (Q — R))) (Ax7)
(P—(Q— R)) 2,3MP
(P=>(@Q—=R) = (P—=>Q)—=(P—R))) (Ax8)
(P—>Q)— (P— R)) 4,5MP
(P — R) 1,6 MP

Figure 2: Gold standard proof utilized for our study,
which we allowed LLM judges to see.

Prompt for the Judge LLM (Completeness)
See figure 3

Prompt - Evaluation request

Given the following question and answer.
Question: (markdown output)

Answer: (markdown output)

Is there a provided answer for the question?
Reply only YES or NO.

Figure 3: Example prompt fed to the judge LLM for the
Completeness evaluation.
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