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Abstract

This work explores the consistency of LLMs in answering
multiple times the same question. In particular, we study how
known, open-source LL.Ms respond to 10 repetitions of ques-
tions from the multiple-choice benchmarks MMLU-Redux
and MedQA, considering different inference temperatures,
small (2B-10B parameters) vs. medium models (50B-80B),
finetuned vs. base models, and other parameters. The paper
also examines the effects of requiring answer consistency in
repetitive inferences on accuracy and the trade-offs involved
in deciding which model best provides both of them, for what
we propose some new representations. Results show that the
number of questions which can be answered consistently vary
wildly among models but typically is in the 50%-85% range
for small models and that accuracy among consistent an-
swers correlates to overall accuracy at low inference tem-
peratures. Results for medium-sized models seem to indicate
much higher levels of answer consistency.

1 Introduction

In this paper, we investigate the non-determinism of small
LLMs (2 to 8 billion parameters) by examining their
consistency when answering multiple-choice questions,
using standard benchmarks of both general knowledge,
MMLM-Redux (Gema et al. 2025)), and medical expertise,
MedQA (Jin et al. 2021), and show that they rarely display
anything close to determinism or high levels of consistency.
Recent work has explored some aspects of answer con-
sistency but mostly in the context of non-multiple choice
answers and using closed commercial LLMs, often with
fixed inference temperatures (Atil et al. 2025; Nalbandyan,
Shahbazyan, and Bakhturina 2025; Patwardhan, Vaidya, and
Kundu 2024; Lee, Hong, and Thorne 2024; Ouyang et al.
2025). Unlike those, this work focuses on multiple-choice
benchmarks using only open source models. In particular,
we look into the issue how the inference temperature affects
the accuracy of the consistently-produced answers. The use
of multiple-choice benchmarks avoids the noise created by
measuring similarity between answers to the same question.
Also, the use of open source models assures that our re-
sults are reproducible since commercial LLMs may include
cache/retrieval systems which may affect the outputs.
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We start by defining answer consistency as oracle guess-
ing at the a given level and show how it is translated into
an objective criteria in the case of repeated multiple-choice
evaluations. In this process, we propose a simple but inef-
ficient method to define the consistency in answers. With
those tools, we explore answer consistency at different tem-
peratures in 23 small models of about § billion parameters
(2B-8B) and in 3 medium models in the range of 70 billion
parameters (50B-80B), including finetuned vs. base models,
and a commercial family of models, for the two benchmarks.

Answer consistency is often a requirement of most non-
creative applications of LLMs and it is either wrongly as-
sumed by developers or not explicitly declared, although
expected. Consider, for example, the common application
of LLMs in chatbots for customer service. In many coun-
tries, answering differently to customers with identical ques-
tions is considered deception and/or discrimination and may
entitle legal reparations. Similarly, patients and physicians
would be very suspicious of an Al radiologist which pro-
duced contradictory readings and diagnoses of the exactly
same X-ray. Also, answer consistency is an important fea-
ture when considering value alignment and safety of LLMs.
In many situations, it is not only required that the model
almost never produces an undesirable output, but also, for
some questions, that it never produces a particular answer.

The key contributions of this paper are:

* The definition of answer consistency at a level c as
equivalent to oracle guessing at the same level and its
derivation to the context of multiple-choice evaluation.

Experimental studies with the MMLU-Redux and
MedQA benchmarks across 26 different small and
medium models, with and without finetuning, showing
that small models produce consistent answers in the
range of about 50% to 85% of the times, often at low
temperatures, and with accuracy of the consistent an-
swers correlating to the average benchmark accuracy.

Evidence from the results with 3 medium-sized models
(50B-80B) that limited consistency is mostly an issue
of small models (2B-8B).

Evidence that in the general knowledge bench-
mark MMLU-Redux, increasing temperature yields a
higher degree of accuracy among answers which are
consistently given.



2 Related Work

There is very limited work on answer consistency in the con-
text of repetition of questions. In (Nalbandyan, Shahbazyan,
and Bakhturina 2025), an evaluation score is proposed with
one component where the same question was asked us-
ing different seeds but only the average accuracy is re-
ported. Conversely, (Patwardhan, Vaidya, and Kundu 2024)
looked into consistency over identical and semantically sim-
ilar prompts with non-multiple choice cybersecurity bench-
marks. Likewise, (Lee, Hong, and Thorne 2024) evaluated
commercial LLMs consistency to follow instructions using
common benchmarks, performing 5 repetitions at a high
1.0 temperature and found limited consistency (Jiang et al.
2023). Also, (Atil et al. 2025) looked into commercial mod-
els and explored consistency in both zero- and few-shot sce-
narios. Finally, (Song et al. 2024) focused on the differences
between greed and sampling decoding.

Our work differs from those because we measure consis-
tency with multiple mechanisms, report accuracy along with
its standard deviation, look at more than one temperature,
and do not use closed, commercial LLMs to avoid unknown
mechanisms like caching systems. Multiple-choice evalua-
tion is often used to evaluate LLMs (Singhal et al. 2023;
Jiang et al. 2023; Nori et al. 2023; Dubey and et al 2024)
since it can be more objectively evaluated as opposed to
open questions. This is the primary reason we used multiple-
choice contexts in this work.

A related area of work has explored sensitivity of LLMs
according to changes in the input and, in particular, on sim-
ple variations on the multiple-choice answers, such as re-
ordering. In (Mirzadeh et al. 2024), it was shown that LLMs
are negatively impacted by even small changes in the input
question such as when only having choice numbers modified
in math-related questions. The work described in (Ackerman
et al. 2024) proposed a metric for LLM robustness to input
changes and reported important impacts on the accuracy.

Another line of research has focused on investigating the
consistency of LLMs in providing a response when the ques-
tion is kept intact but with variations in other factors, such
as the set of choices and parameters of the inference algo-
rithm. An investigation on the sensitivity of choice order
was reported in (Li et al. 2024) according to different val-
ues for the temperature parameter. In (Wei, Chen, and Luo
2024), the authors compared the results of multiple-choice
evaluations and open-ended answers and found low consis-
tency between these two methods. In (Pezeshkpour and Hr-
uschka 2024), the MV metric based on majority voting was
proposed in what could be considered as a simplified, non-
generic version of the methods proposed here, a theme also
explored in (Wang et al. 2024).

3 Defining Answer Consistency Metric

Most LLMs use a softmax function at the top of the decoder
stack of a Transformer-based system (Vaswani et al. 2017)
which selects the next token to be generated, considering
the probabilities of each token as computed by the preced-
ing layers as part of a weighted random choice process con-
trolled by the temperature of the inference process. When
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the temperature is zero, the most likely token is, at least the-
oretically, produced and therefore the generation of the out-
put token in each cycle of the inference process is, or should
be, deterministic. However, when the temperature is greater
than zero the random weighted drawing of the next token
makes the process intrinsically non-deterministic.

Notice that in the context of this study, it is trivial to deter-
mine whether the same answer was produced from the same
input and whether the answer is correct or not, since we use
multi-choice benchmarks, where an answer is just one letter
identifying one of the answers provided by the question.

3.1 Consistency and Oracle Guessing

A way to characterize how consistent a model is in answer-
ing a set of questions is to compare it to an oracle machine
which answers questions at a certain rate c of success. Ora-
cles were introduced by Alan Turing in 1939 (Turing 1939)
and are a cornerstone of complexity theory, leading to:

Definition: given a question, an LLM-model has c-answer
consistency when the model is equivalent to an oracle guess-
ing the question at a c level of correctness.

In this work, we explore the characteristics of systems
which exhibit c-answer consistency in M repetitions of a set
with @ multiple-choice questions of k choices. We start by
considering a single multiple-choice question g of k choices
which is repeatedly evaluated by a model M times, yielding
answers llm(q;),1 < i < M, where llm(g;) = 1 if, and
only if, the answer is correct. In M repetitions, the number
of possible arrangement of choices where exactly p are cor-

rect, Cps(p) is, trivially:
M\ M!
= 1

Cu(p) = ( P M —pip

Now consider a system with a success guessing rate r,
where r = 1/k if it were a purely random guess. It is easy
to see that the probability of guessing correctly exactly p of
the M repetitions, TM (p) is, by basic probability:

(D

PITM(p) = CuprP(1-r) ™M @
Following, the probability of guessing correctly p or more
answers in M repetitions, Tf_w (p) is, just by summing up:
M
(P) = > Cu(G)r (1 —r)M=9

Jj=p

P 3)

For instance, let us consider the value of Tf/[ (p) for M =10
repetitions of kK = 5 choices, when the guessing rate is
purely random, = 1/k. In this case, the probability of ob-
taining 10 correct answers in 10 repetitions of a question, if
the model is randomly guessing, is 0.0000001.

Conversely, now imagine the model as an oracle which
guesses the correct answer at a certain success rate, SGR.
We can then compute the minimum success needed to al-
ways get at least p correct answers in M, what we call the
minimum success guessing rate, M SGR(p). We computed
numerically such values, for M = 10 repetitions of k = 4
and k£ = 5 choices. For the former, a model has to be guess-
ing at least of a success rate of 0.93 to achieve 6 out of 10



correct answers (M SGR(6)), which is equivalent to the re-
quirements of the metric MV proposed in (Pezeshkpour and
Hruschka 2024). In our view, a M.SGR(6) = 0.93 is still
insufficient to guarantee that a model is actually consistent
in a multiple-choice benchmark. However, requiring that the
model is consistent in 10 out of 10 repetitions (M SGR(10))
warrants that it can only successfully guess if its success rate
is above 0.9999, which for us seem to be an excessive re-
quirement.

For the experiments in this paper, a model is answer con-
sistent when it is equivalent to an oracle guessing correctly at
a 0.99 rate, or when it has 0.99-answer consistency or, sim-
ply, 0.99-consistency. As shown by the derivation we have
just done, for M = 10 repetitions of k = 4 or k = 5 choices,
this is equivalent to answering at least 9 of the 10 repetitions
with the same choice. This requirement thus covers the stud-
ies with the two benchmarks used in this paper.

3.2 Assuring Consistency

We are now in position to propose a formal method to deter-
mine whether a model has 0.99-consistency when answer-
ing a 4- or 5-choice question in a context of 10 repetitions.
We say the model is SURE of its answers to a question
when it shows, experimentally, 0.99-consistency, and UN-
SURE when it is not able to produce evidence of it. This is
accomplished by:

1. Asking the question to the model 10 times.

2. If the model answers identically 9 or 10 times, the ques-
tion is SURE.

3. If not, the question is UNSURE.

Notice that we do not need to actually call 10 times the
model, since in some cases only 3 answers already war-
rant the model is UNSURE of the question, and, similarly,
9 identical answers are sufficient for SURE. However, being
SURE does not mean being correct. In the case of bench-
marks, where the correct answer is known, we consider
that a SURE question is answer correctly, right, only if it
matches the correct choice for the 9 or 10 times it responds
identically, and wrong if the converse has happened. In the
case of UNSURE questions, we consider here that the model
is right if the correct answer is among the choices with high-
est number of answers and wrong otherwise.

To characterize differences and trade-offs among models,
we propose a representation for c-consistency of a model by
a pair of numbers separated by the symbol “|”:

* RWS, or “right when SURE”, is the ratio of right SURE
questions to the total number of SURE questions.

e S/T, is the percentage of SURE questions in relation to
the total number 7" of questions.

* c-consistency of a model: RWS | S/T.

We understand that repeating a question multiple times is
not an efficient way to achieve consistency but, for the pur-
poses of this work, it is a safe method. The proposal of effi-
cient consistency methods is beyond the scope of this paper.
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4 Experiments with MMLU-Redux

We first explored answer consistency by running 10 rep-
etitions of the MMLU-Redux general knowledge bench-
mark (Gema et al. 2025), considering three general-purpose
small models in the range of 8 billion parameters: LLama3
8B (Llama-3-8B) (Aaron Grattafiori et al 2024), LLama3
8B Instruct (Llama-3-8B-instruct) (Aaron Grattafiori et al
2024), and DeepSeek v3 7B (DeepSeek-Al and Aixin Liu
et al 2024). We also explored three medium-size models,
Llama3 v3 70B (llama-3.3-70b) (Aaron Grattafiori et al
2024), Mistral 8x7B Instruct (mixtral-8x7b-instruct) (Jiang
et al. 2024), and Qwen 2.5 72B Instruct (qwen2-5-72b-
instruct) (Qwen et al. 2025), all in the range of 50 to 70 bil-
lion parameters. The labeling of the models as small and
medium follows practices of the LLM research community.

The experiment consisted on performing 30 repetitions of
each question of the benchmark, in three sets of 10 identical
repetitions, with inference temperatures of 0.3, 0.7, and 1.0.
MMLU-Redux is a 4-choice benchmark, so we computed
the correct answer by prompting the model to answer the
question as the letter of the correct choice, using the prompt
described in section 4.1 of (Pinhanez et al. 2025), with top-
K sampling decoding. The same work provides more tech-
nical details of the experiment, including information about
infrastructure, environment, and parsing.

4.1 Small vs. Medium Models

Results for the 3 small and 3 medium models are shown on
the top part of table 1. For each evaluation we computed the
ratio of questions for which the model provided the correct
alternative, yielding 10 results of accuracy. The average of
those 10 accuracy results is reported as the accuracy average
together with the standard deviation, accuracy stdev.

We then determined, examining the 10 answers for each
question in an evaluation, whether the model answered the
question in a SURE or UNSURE way and whether the set
of 10 answers was right or wrong as described before. We
followed by determining the ratio of correct questions to
the number of SURE questions, RWS, and the percentage
of SURE questions, S/T, as described previously.

For small models, the best temperature was ¢ = 0.3, in
which the percentage of SURE questions (S/T) was in the
53% to 79% range and the accuracy on consistent answers
(RWS) was better than the average accuracy. Notice also a
pattern where the best S/T scores were at the low tempera-
tures while the best RWSs happened at high temperatures.

The medium models had very high levels of percentage
of SURE questions (S/T), from 96% to 99% at their best
temperatures, suggesting that bigger models may have less
issues with consistency. Possibly because of that, their accu-
racy average and RWS scores were very similar, and we saw
again the best RWS scores happening at high temperatures.
However, bigger models have a higher chance of bench-
mark contamination, since they are trained with much larger
amounts of data. We will further explore possible contami-
nation issues in large models in future works.



MMLU-Redux - 10 trials SURE UNSURE UNSURE SURE accuracy accuracy
0.99-consistency temp & right & right & wrong & wrong average stdev RWS | S/IT
SMALL MODELS (< 8B parameters)
Llama-3-8B 0.3 43% 18% 29% 10% 0.590 0.004 0.81 | 53%
Llama-3-8B 0.7 24% 36% 39% 2% 0.520 0.005 0.93 | 25%
Llama-3-8B 1.0 10% 47% 43% 1% 0.428 0.006 0.94 | 11%
Llama-3-8B-instruct 0.3 58% 7% 14% 22% 0.645 0.002 0.73 | 79 %
Llama-3-8B-instruct 0.7 49% 15% 24% 12% 0.634 0.004 0.80 | 62%
Llama-3-8B-instruct 1.0 43% 21% 29% 7% 0.616 0.003 0.86 | 50%
deepseek-1lm-7b 0.3 41% 8% 18% 33% 0.485 0.002 0.55 | 74%
deepseek-1lm-7b 0.7 32% 17% 34% 17% 0.478 0.004 0.65 | 49%
deepseek-1lm-7b 1.0 24% 25% 42% 10% 0.465 0.003 0.71 | 34%
MEDIUM MODELS (> 50B and < 80B parameters)
1lama-3.3-70b 0.3 80% 1% 1% 18% 0.805 0.001 0.81 | 98 %
1lama-3.3-70b 0.7 79% 2% 2% 17% 0.805 0.001 0.82 | 96%
1lama-3.3-70b 1.0 78% 2% 4% 16% 0.805 0.001 0.83 | 94%
mixtral-8x7b-instruct 0.3 70% 0% 1% 29% 0.700 0.093 0.71 | 99 %
mixtral-8x7b-instruct 0.7 70% 1% 1% 29% 0.687 0.100 0.71 | 98%
mixtral-8x7b-instruct 1.0 69% 1% 2% 29% 0.679 0.105 0.71 | 98%
qwen2-5-72b-instruct 0.3 81% 2% 2% 15% 0.826 0.001 0.84 | 96%
qwen2-5-72b-instruct 0.7 79% 4% 5% 12% 0.825 0.001 0.87 | 91%
qwen2-5-72b-instruct 1.0 77% 6% 7% 10% 0.823 0.001 0.88 | 87%
SMALL GRANITE MODELS ( < 8 B parameters)

3.2-8b-instruct 0.3 56% 8% 14% 22% 0.636 0.002 0.72 | 78 %
3.2-8b-instruct 0.7 48% 16% 24% 12% 0.626 0.004 0.80 | 60%
3.2-8b-instruct 1.0 40% 24% 28% 8% 0.611 0.003 0.84 | 48%
3.1-8b-instruct 0.3 56% 8% 14% 21% 0.640 0.002 0.73 | 78 %
3.1-8b-instruct 0.7 46% 18% 25% 11% 0.624 0.003 0.81 | 57%
3.1-8b-instruct 1.0 37% 26% 30% 7% 0.592 0.006 0.84 | 44%
3.1-8b-base 0.3 44% 14% 24% 18% 0.575 0.002 0.71 | 63%
3.1-8b-base 0.7 24% 34% 38% 4% 0.535 0.005 0.84 | 28%
3.1-8b-base 1.0 10% 48% 41% 1% 0.462 0.007 0.90 | 11%
3.0-8b-base 0.3 2% 19% 28% 11% 0.591 0.003 0.79 | 52%
3.0-8b-base 0.7 21% 39% 37% 2% 0.537 0.005 0.90 | 24%
3.0-8b-base 1.0 10% 49% 40% 1% 0.457 0.004 0.90 | 11%
3.1-2b-instruct 0.3 56% 8% 14% 22% 0.636 0.002 0.72 | 78 %
3.1-2b-instruct 0.7 48% 16% 24% 12% 0.626 0.004 0.80 | 60%
3.1-2b-instruct 1.0 40% 24% 28% 8% 0.611 0.003 0.84 | 48%
3.1-2b-base 0.3 21% 28% 44% 7% 0.465 0.005 0.76 | 24%
3.1-2b-base 0.7 7% 41% 52% 1% 0.394 0.006 091 | 7%
3.1-2b-base 1.0 2% 42% 55% 0% 0.331 0.004 0.91 | 3%

Table 1: Results of 0.99-consistency for the MMLU-Redux benchmark

with 10 repetitions for 3 small models (2B-8B),

3 medium models (50B-80B), and for 6 small models of the granite family.

4.2 Exploring Multiple Versions of a Model

We also performed an identical study using 6 different mod-
els of the granite family (Granite Team 2024): 3.2 8B in-
struct (3.2-8b-instruct), 3.1 8B Instruct (3.1-8b-instruct), 3.1
8B Base (3.1-8b-base), 3.0 8B Base (3.0-8b-base 3.1 2B In-
struct (3.1-2b-instruct), and 3./ 2B Base (3.1-2b-base), com-
prising models with between 2 and 8 billion parameters. We
used the granite models because they were trained with care-
fully curated data and with a strong attention to avoid incor-
porating benchmarks (Granite Team 2024).

Results are shown on the bottom of table 1. We observed
very similar results as in the previous models: the percentage
of SURE questions at the best temperature for each model
going from 52% to 78% (we ignored the results of the 3.1-
2b-base as outliers); the accuracy among SURE questions
(RWS) alittle higher then the average accuracy; and the best
performance for S/T at the temperature 0.3. Similarly, the
best RWS scores happened at high temperatures suggesting
theres is a trade-off between being SURE often and being
right when SURE.
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4.3 Aggregated Results over All Models

To provide an overall understanding of the impact of assur-
ing consistency, we first considered the RWS results of all
models at different temperatures and computed the correla-
tion with the average accuracy. We obtained correlation val-
ues of 70%, 8%, and 18% for the results with temperatures
0.3, 0.7, and 1.0, respectively. In the scatter plot depicted on
the top of figure 1, we can see that the blue markers cor-
responding to the evaluations with ¢ = 0.3 are reasonably
aligned. Using basic regression, we obtained a coefficient of
0.563 and an intercept value of 0.374, with R? = 0.488.
The scatter plot on the bottom of figure 1 plots the pairs
of RWS and S/T values for all models and temperatures and
the averages of the S/T value for each of the inference tem-
peratures. We considered the percentage of SURE questions
(S/T) for each model at the ¢ = 0.3 for all 9 small mod-
els and obtained an average across models of 69% with an
standard deviation of 11%, therefore exhibiting a tendency
to be in the range between 54% and 80%. We did not con-
sider the medium models because, as observed before, they



MMLU-Redux: accuracy average vs RWS
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Figure 1: Scatter plot graphs showing the correlation be-
tween average accuracy and RWS for small and medium
models (top) and between RWS and S/T for small models
(bottom) tested with MMLU-Redux benchmark.

exhibit very strong consistency, in the range of the upper
90%s. For t = 0.7, we obtained an average of 46% + 17%
and for t = 1.0, 32% =+ 18%. This seems to indicate that
small models, even at the low temperature 0.3, tend to ex-
hibit high levels of inconsistency: in none of our experiments
with MMLU-Redux, any of them showed more than 80%.
Notice also that the corresponding RWS values stayed in a
small range, from 0.55 to 0.94.

S Experiments with MedQA

To explore whether those results were particular to the
MMLU-Redux benchmark, we ran similar studies with the
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health-related MedQA benchmark (Jin et al. 2021) on 4 fine-
tuned medical models and their respective base models,
again using 3 different temperatures. Instead of exploring
the differences between small and medium models, as we
did with the MMLU-Redux benchmark, we explored the dif-
ferences in answer consistency among the finetuned vs. base
models. The objective was to see how the finetuning process
may affect consistency. We also performed evaluations with
the same 6 granite models used before, taking in account that
MedQA is beyond their areas of expertise.

Here, we considered as benchmark the test set of MedQA
with 1,273 5-choice questions extracted from the USMLE
exam. We chose 4 LLMs finetuned on medical data which
had reported scores on this benchmark: MedLlama3 7B
(medllama3-v20) (Medical 2024), BioMedical Llama3 8B
(Bio-Medical-Llama-3-8B) (Medical 2024), BioMistral 7B
(BioMistral-7B) (Labrak et al. 2024), and MedAlpaca
7B (medalpaca-7b) (Han et al. 2025). The correspond-
ing 4 base models from where these models were fine-
tuned are: LLama3 8B (Llama-3-8B) (Aaron Grattafiori et
al 2024), LLama3 8B Instruct (Llama3-8B-instruct) (Aaron
Grattafiori et al 2024), Mistral 7B Instruct (Mistral-7B-
Instruct) (Jiang et al. 2023), and Llamal 7B (llamal-
7b) (Touvron et al. 2023). The granite models were the same
used in the MMLU-Redux experiment. We used exactly the
same methodology as in the MMLU-Redux case.

5.1 Finetuned vs. Base Models

The top of table 2 displays the results of the 10 evaluations of
the 8 finetuned and base models at 3 inference temperatures.
First, all the accuracy standard deviations are extremely
small, agreeing to the results reported in (Nalbandyan, Shah-
bazyan, and Bakhturina 2025). Among the finetuned mod-
els, medllama3-v20 had the best accuracy average, 0.736, at
t = 0.3. The second best model was Bio-Medical-Llama-3-
8B, with 0.717 average accuracy, also at 0.3 temperature.

As for answer consistency, the finetuned medical models
produced consistent answers from 49% to 96% of the bench-
mark questions, considering the output at the best tempera-
ture but it was as low as 17% for the worst model at ¢ = 1.
The best finetuned model was medllama3-v20 at 0.3 tem-
perature which produced the highest percentage of SURE
(S/T) questions, an impressive 96%, with 0.75 SURE accu-
racy (RWS), what was higher than its own accuracy average.

However, the highest ratio of correct SURE questions
(RWS) was yielded by the Bio-Medical-Llama-3-8B model
at temperatures 0.7 and 1.0, of 0.79, better by more than
5% over the best average accuracy, 0.736, although only in
about 60% of the answers. Here is an interesting case where
overall accuracy can be increased by filtering out UNSURE
answers, albeit at the cost of 40% of the questions. In some
highly critical situations where certainty and correctness are
top requirements, this would be the best model. The other
two models, BioMistral-7B and medalpaca-7b, had much
lower performances across all metrics, although BioMistral-
7B showed a high number of consistent questions, but with
less than one third correct.

If we look into the S/T column of table 2, we see the
same pattern observed in the MMLU-Redux in which, as the



MedQA - 10 trials SURE UNSURE UNSURE SURE accuracy accuracy
0.99-consistency temp & right & right & wrong & wrong average stdev RWS | S/IT
SMALL FINETUNED MODELS
medllama3-v20 0.3 71% 2% 2% 24% 0.736 0.002 0.75 | 96 %
medllama3-v20 0.7 67% 6% 5% 21% 0.733 0.004 0.76 | 89%
medllama3-v20 1.0 67% 7% 5% 21% 0.730 0.004 0.76 | 88%
Bio-Medical-Llama-3-8B 0.3 66% 7% 5% 23% 0.717 0.003 0.74 | 88 %
Bio-Medical-Llama-3-8B 0.7 47% 25% 15% 13% 0.701 0.007 0.79 | 60%
Bio-Medical-Llama-3-8B 1.0 48% 23% 16% 13% 0.691 0.007 0.79 | 61%
BioMistral-7B 0.3 25% 12% 14% 49% 0.371 0.004 0.34 | 75%
BioMistral-7B 0.7 7% 26% 40% 27% 0.329 0.011 0.20 | 34%
BioMistral-7B 1.0 7% 25% 40% 28% 0.327 0.011 0.20 | 35%
medalpaca-7b 0.3 14% 18% 32% 35% 0.342 0.012 0.29 | 49 %
medalpaca-7b 0.7 2% 21% 60% 17% 0.289 0.015 0.11 | 19%
medalpaca-7b 1.0 2% 20% 64% 14% 0.290 0.008 0.14 | 17%
SMALL BASE MODELS
Llama3-8B 0.3 38% 14% 14% 34% 0.512 0.008 0.53 | 72%
Llama3-8B 0.7 19% 30% 31% 20% 0.472 0.006 0.49 | 39%
Llama3-8B 1.0 10% 33% 43% 14% 0.424 0.007 0.41 | 25%
Llama3-8B-instruct 0.3 50% 8% 6% 37% 0.405 0.007 0.39 | 87 %
Llama3-8B-instruct 0.7 42% 15% 15% 29% 0.559 0.007 0.59 | 70%
Llama3-8B-instruct 1.0 33% 23% 22% 22% 0.541 0.013 0.60 | 55%
Mistral-7B-Instruct 0.3 23% 10% 11% 54% 0.321 0.008 0.29 | 79 %
Mistral-7B-Instruct 0.7 14% 16% 26% 44% 0.310 0.009 0.24 | 58%
Mistral-7B-Instruct 1.0 8% 21% 36% 35% 0.300 0.010 0.19 | 43%
llamal-7b 0.3 0% 9% 70% 20% 0.201 0.009 0.00 | 20%
llamal-7b 0.7 0% 6% 78% 16% 0.187 0.014 0.00 | 16%
llamal-7b 1.0 0% 5% 77% 18% 0.165 0.012 0.00 | 18%
SMALL GRANITE MODELS

3.2-8b-instruct 0.3 30% 13% 13% 44% 0.422 0.005 0.41 | 74%
3.2-8b-instruct 0.7 19% 21% 28% 32% 0.393 0.008 0.38 | 51%
3.2-8b-instruct 1.0 11% 27% 38% 25% 0.376 0.007 0.32 | 36%
3.1-8b-instruct 0.3 32% 12% 12% 44% 0.433 0.006 0.42 | 75%
3.1-8b-instruct 0.7 19% 22% 28% 30% 0.405 0.007 0.39 | 49%
3.1-8b-instruct 1.0 12% 26% 36% 26% 0.368 0.011 0.32 | 39%
3.1-8b-base 0.3 11% 23% 37% 29% 0.349 0.008 0.27 | 40%
3.1-8b-base 0.7 2% 21% 60% 16% 0.283 0.007 0.13 | 18%
3.1-8b-base 1.0 0% 17% 67% 15% 0.234 0.010 0.00 | 16%
3.0-8b-base 0.3 17% 23% 49% 11% 0.369 0.008 0.60 | 29%
3.0-8b-base 0.7 4% 33% 61% 1% 0.293 0.010 0.75 | 5%
3.0-8b-base 1.0 1% 36% 63% 0% 0.244 0.010 0.79 | 1%
3.1-2b-instruct 0.3 22% 14% 11% 53% 0.296 0.011 0.29 | 75%
3.1-2b-instruct 0.7 11% 21% 27% 40% 0.263 0.010 0.22 | 52%
3.1-2b-instruct 1.0 6% 22% 38% 34% 0.244 0.009 0.15 | 40%
3.1-2b-base 0.3 9% 19% 33% 39% 0.271 0.010 0.19 | 49%
3.1-2b-base 0.7 1% 19% 59% 21% 0.239 0.011 0.04 | 21%
3.1-2b-base 1.0 0% 14% 68% 18% 0.217 0.010 0.03 | 19%

Table 2: Results of 0.99-consistency of models on the MedQA benchmark with 10 repetitions for 4 finetuned models, 4 base

models, and for 6 models of the granite family.

temperature increases, the number of SURE questions de-
creases. However, unlike the MMLU-Redux case, the num-
ber of correct answers among SURE questions (RWS) tends
to remain stable or with small decreases, with a few ex-
ceptions. The middle of table 2 displays the results for the
4 base models from where the medical models were fine-
tuned. Overall, as expected, the average accuracy is con-
siderably lower. However, the LLama3-8B-instruct model,
at 0.7 temperature, had an impressive RWS of 0.59 with
70% SURE answers, results much better than the worst two
finetuned models. Also, the same model at temperature 0.3
yielded a considerable 87% percentage of SURE questions.
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5.2 Exploring Multiple Versions of a Model

We also performed an identical study using the same 6 dif-
ferent versions of the granite model (Granite Team 2024).
Results are shown on the bottom of table 2. We observed
here very similar results as in the previous models: the per-
centage of SURE questions at the best temperature for each
model, going from 29% to 75%; the accuracy among SURE
questions (RWS) similar to the average accuracy, with some
exceptions. However, unlike in the base models, the best
RWS performance were at the low temperature 0.3.

5.3 Aggregated Results over All Models

As we did with the MMLU-Redux benchmark, we looked
into the correlation between the RWS results and the accu-
racy average. With MedQA we obtained much higher corre-
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Figure 2: Scatter plot graphs showing the correlation be-
tween RWS and average accuracy (left) and between S/T and
average accuracy (right) for the 4 finetuned and base models
tested with MedQA benchmark across 3 temperatures.

lation values of 91%, 81%, and 76%, for temperatures 0.3,
0.7, and 1.0, respectively. As seen in the scatter plot depicted
on the top of figure 2, except for the 3 granite models (cor-
responding to the results of 3.0-8b-base), the values of av-
erage accuracy and RWS are mostly aligned. Regression for
t = 0.3 values yielded a coefficient of 1.234 and an intercept
value of -0.119, with R? = 0.831.

Similarly as we did with MMLU-Redux, we computed the
percentage of SURE questions (S/T) for each model at the
best temperature level and obtained averages of 64% =+ 14%,
42%+25%, and 35% +23%, for temperatures of 0.3, 0.7. an
1.0, respectively. The scatter plot on the bottom of figure 2
shows the values for all models. Unlike the case of MMLU-
Redux, RWS values occupied a large range from 0% to 85%.
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6 Limitations

The results and conclusions drawn from these studies may
have been impacted by two key limitations. First, we are
considering only multiple-choice benchmarks in this study,
under the top-K sampling decoding method. Although this
methodology warrants good precision in the reported re-
sults, it may have impacted them as discussed, for instance,
in (Song et al. 2024). Second, we are not considering pos-
sible effects of benchmark contamination (Xu et al. 2024;
Cheng, Chang, and Wu 2025; Ravaut et al. 2024) which may
have inflated the number of consistently corrected answers
due to rogue memorization (Cavalin et al. 2024), especially
for medium models.

7 Conclusion and Future Work

This paper proposed a generic definition of answer consis-
tency by an equivalence to oracle guessing at the same level,
and then derived a formula for answer consistency in the
case of repetitions of multiple-choice questions. We then
suggested a compact representation of answer consistency
as a pair of numbers, RWS | S/T, the proportion of correct
answers among the consistent ones (RWS) followed by the
percentage of consistent answers (S/T).

More details can be found in the extended version of this
paper (Pinhanez et al. 2025) where we also propose a way to
visualize the RWS — S/T representation, called consistency
plot, which helps understanding phenomena like the effects
of finetuning and of different inference temperatures.

In this work we have performed experimental studies with
the MMLU-Redux and MedQA benchmarks using 26 mod-
els at 3 different temperatures. Our results indicated: (i) most
small models produce only between 50% and 85% of con-
sistent answers (S/T); (iii) medium size models display high
level of consistency, above 95%; (iii) there is a high cor-
relation between model average accuracy and the propor-
tion of correct answers among the consistent ones (RWS) at
low temperatures; and (iv) in the more generic benchmark
MMLU-Redux, increasing temperature yielded a higher de-
gree of accuracy among SURE answers, RWS. Visualiza-
tions of those results as well as detailed information about
the studies are also available in the extended version of this
paper (Pinhanez et al. 2025).

Several aspects remain to be explored. First, we did not
consider benchmark contamination through memorization,
what may have had significant impacts in the consistency
measurements. Although we explored the granite family
where the risk of contamination is likely to be smaller,
we are still working reliable ways to filter out contami-
nated questions. Also, we want to go beyond simple repeti-
tion and use equivalent wordings for questions and answers,
aiming to apply the methods to contexts beyond multiple-
choice benchmarks. Finally, we also want to study alterna-
tive methods to determine whether a question is consistently
answered by a model, during runtime, which are not based
on repetitive API calls, a method which is often too expen-
sive to be used in practice.
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