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Abstract

Large language models (LLMs) are stochastic,
and not all models give deterministic answers,
even when setting temperature to zero with
a fixed random seed. However, few bench-
mark studies attempt to quantify uncertainty,
partly due to the time and cost of repeated ex-
periments. We use benchmarks designed for
testing LLMs’ capacity to reason about car-
dinal directions to explore the impact of ex-
perimental repeats on mean score and predic-
tion interval. We suggest a simple method for
cost-effectively quantifying the uncertainty of
a benchmark score and make recommendations
concerning reproducible LLM evaluation.

1 Introduction

As Generative Artificial Intelligence (GenAl) sys-
tems become prevalent, it is natural to want to
assess their capabilities and compare their per-
formance. Large Language Models (LLMs) (De-
vlin et al., 2019; Brown et al., 2020), such as
Claude Sonnet and GPT-40 are examples of so-
called Foundation Models (Bommasani et al., 2021)
that generate textual responses to prompts, hav-
ing been trained on very large corpora. Vendors
compete to provide ever more capable LLMs, mak-
ing claims and counter-claims about model perfor-
mance across a variety of tasks including general
knowledge and reasoning (e.g. see recent product
launches from XAI' and OpenAI®).

LLM evaluation is a burgeoning field (for a sur-
vey see Chang et al., 2024). LLM benchmarks con-
sisting of question and answer pairs, are widely
used to assess performance and provide leader
boards comparing state-of-the-art, frontier models
(e.g. LMSYS Chatbot Arena®). Specialist bench-

"https://x.ai/blog/grok-2, accessed October 2024.
Zhttps://openai.com/index/

gpt-4o-mini-advancing-cost-efficient-intelligence/,

accessed October 2024.
3https ://huggingface.co/spaces/1lmsys/
chatbot-arena-1leaderboard, accessed October 2024.

marks are emerging to assess model performance
across diverse domains including coding (e.g. Zhuo
et al., 2024), medical (e.g. Cai et al., 2024) and le-
gal (e.g. Guha et al., 2024).

However, LLMs are stochastic systems (Bender
et al., 2021) that may generate non deterministic
answers. Despite calls for reproducibility in LLM
evaluation (e.g. Burnell et al., 2023), few studies
try to quantify uncertainty. Attempts have been
made to reduce answer variability (for example, by
fixing the random number seed, prompt engineer-
ing (Sahoo et al., 2024) or changing the sampling
strategy (e.g., nucleus sampling, Holtzman et al.,
2020), but at the time of writing, none of these
approaches is reliable for all APIs and models.

We note that reproducibility and determinism
are not always desirable properties of an Al system,
especially if novel or artistic solutions are sought.
The subject of creativity in Al has a long history,
for example see Boden (2004). However, in this
paper we are primarily interested in benchmarks
with questions that can either be answered correctly
or incorrectly and can thus test specific capabilities
of an LLM.

Reasons for non-determinism in LLMs include
the use of probabilistic random sampling, the un-
predictable order of subsystem execution in parallel
systems and differences in floating point arithmetic
implementation (Hagmann et al., 2023). LLMs
generate text based on probabilities derived from
their training data. At each step in the generating
process, the model predicts the next word (or token)
by sampling a probability distribution of next token
likelihood. Whilst random number generators can
be seeded, coordination of these seeds is difficult
in a distributed system where the order of execu-
tion of parallel elements is unpredictable. This is
especially the case in shared, cloud infrastructure
which may consist of heterogeneous hardware.

Commercial LLM Application Programming In-
terfaces (APIs) can be costly and are often rate-
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limited, restricting the throughput and number of
experiments that can reasonably be undertaken as
part of a benchmark study. In this paper, we explore
how the size of benchmarks, the model parameters,
and the number of experimental repeats affect un-
certainty. We conclude by making practical rec-
ommendations for cost-effective LLM sampling,
evaluation, and benchmarking.

2 Related Work

Lin et al (2024) differentiate uncertainty from con-
fidence: the former refers to the “dispersion” of the
potential predictions for a fixed input, and the latter
refers to the confidence of a particular prediction.

Lower temperature settings are associated with
more deterministic responses, whereas higher set-
tings promote creativity. In their experiments,
Renze and Guven (2024) showed that changes in
temperature from 0.0 to 1.0 did not have a statis-
tically significant effect on the problem solving
performance of the LLMs tested. Renze and Gu-
ven (2024) also showed that uncertainty reduces
with temperature and recommend setting an LLM’s
sampling temperature to 0.0 to make results more
deterministic. Patel et al. (2024) report similar
results for clinical tasks.

3 Methods

To explore the stochastic nature of LLMs, we
present questions to OpenAl GPT-3.5 Turbo 0125
(GPT-3.5T), OpenAl GPT-40 2024-05-13 (GPT-
40), Meta Llama 3 70B Instruct (Llama-3 70B),
Meta Llama 3 7B (Llama-3 7B), Google Gem-
ini 1.5 Pro preview-0409 (Gemini-1.5P), and An-
thropic Claude 3.5 Sonnet 20240620 (Claude-3.5S).
The OpenAl models are hosted on Microsoft Azure
(with content filtering switched off), Llama-3 70B
on Microsoft Azure Al, Gemini-1.5P on Google
Vertex and Llama-3 7B on Ollama on a Mac M2.
Each question is posed as a prompt in a separate
chat completion.

We study two representative, qualitative spa-
tial reasoning benchmarks developed by Cohn and
Blackwell (2024). The first benchmark (Small)
consists of 100 simple questions with cardinal di-
rections as answers, e.g2. “You are watching the sun
set. Which direction are you facing?”. The sec-
ond benchmark (Large) consists of 5760 templated
questions with cardinal or intercardinal directions
as answers, e.g. “You are walking south along
the east shore of a lake; in which direction is the

lake?”. We run the experiment as described by
Cohn and Blackwell (2024) except that we first run
with default model settings (not explicitly setting
seed, temperature or top_p). We then run with
temperature = 0 and a fixed seed = 123.We use
the system prompt “You are a helpful assistant. I
will give you a question about directions. The an-
swer is either north, south, east, or west. Please
only reply with the answer. No yapping.” for Small
and “You are a helpful assistant. I will give you
a question about directions. The answer is either
north, south, east, west. north-east, north-west,
south-east or south-west. Please only reply with
the answer. No yapping.” for Large. We vary the
number of repeats from 1 to 30 to explore the im-
pact of repetition on mean benchmark score and
compute prediction interval as a measure of uncer-
tainty:

Let g be the number of benchmark questions, n
the number of times the experiment is repeated and
X;,j € {0, 1} the score for the i-th question in the
j-th repeat (0 incorrect, 1 correct). The mean score
for a single repeat j, with ¢ questions is given by
(Eq. 1), and the mean score over n repeats, by (Eq.
2).

1
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The prediction interval for a future observation
of the mean z’ over n’ repeats is (3).

1 1

T+ toc/Z,n—l + S —+ - (3)
n n

where s is the standard deviation of z and
ta/2,n—1 18 the critical value from the Student’s
t-distribution for a confidence level 1 —a and n— 1
degrees of freedom (we use o = 0.05 for a 95%
probability).

Tian et al. (2022) give a short history of predic-
tion intervals dating back to Fisher (1935). Gener-
ally, they are used for a single future observation
(n’ = 1), but, here, we use them for a future mean.
Note that a prediction interval is wider than its cor-
responding confidence interval. A prediction inter-
val estimates the range where future observations
or means of observations will likely fall, while a
confidence interval estimates the range where the
true population parameter (e.g. mean) lies based



on sample data (Chiolero et al., 2012). We are in-
terested in reproducibility of benchmark scores and
so we use prediction intervals where n’ = n.

Finally, to explore whether there are differences
in the same model provided by different vendors,
we run the Small cardinal reasoning benchmark
(temperature = 0, seed = 123, n = 90) using
the Microsoft provided Azure OpenAl API and
then the OpenAl provided API. We perform a two-
sample t-test to determine whether the results are
statistically significantly different at the oz = 0.05
significance level.

4 Results

For all models tested, when using the default model
settings, the Large benchmark gave a prediction
interval width < 0.01 after fewer repeats than the
Small benchmark (Figure 1). All tests except GPT-
3.5T with Large gave a prediction interval width <
0.01 in four or fewer repeats.

For both Large and Small benchmarks, setting
temperature to 0.0 with a fixed seed gave a pre-
diction interval width < 0.01 after less than or the
same number repeats than when using default set-
tings. In all cases except two (GPT-3.5T and Llama-
3 7B with Small (defaults)), the prediction interval
width reduces to < 0.01 within n = 30 repeats.

When comparing results for GPT-3.5T from the
Microsoft Azure OpenAl API and the OpenAl API
applied to the Small dataset, the mean scores were
0.833 and 0.840 respectively (n = 90). A two-
sample t-test suggests that the results are statisti-
cally significantly different (t = 2.51, p = 0.013).

5 Discussion

Although we found no combination of
temperature and seed or top_p and seed
that gave deterministic answers for all models
and benchmarks, setting temperature to 0 and
fixing seed (where available) reduced variability
for most models and experiments, as expected.
Unless creativity of answers is a goal, or there
is a requirement to test the default settings of
models, it seems sensible to set temperature to
0 with a fixed seed and thus reduce the number
of experimental repeats required to achieve a
desired prediction interval width. Evaluators might
chose to tune parameters such as temperature or
top_p to maximise performance on a model by
model or task by task basis, but this could be time
consuming and we prefer to compare models using

consistent settings.

Llama-3 7B always gave deterministic results
when setting the seed to a fixed value. Hagmann
et al.(2023) note the challenges of reproducibility
when using distributed, parallel architectures and
out-of-order execution. Llama-3 7B is the only
model tested that was run locally rather than in the
cloud and we suggest that this lack of distributed
parallelism allows the random number generator
to be consistently seeded, resulting in predictable
execution patterns and deterministic results.

It is important to document the precise API,
model, version, and parameters being used to con-
duct a benchmark. Our results show that GPT-
3.5T via the Microsoft Azure OpenAl API and
GPT-3.5T via the OpenAl API, gave statistically
significantly different results for the Small bench-
mark. Although model versions appear to be con-
sistent in both the Azure OpenAl API and OpenAl
API documentation, the two APIs are different
and use different message formats. At the time
of writing there were multiple versions of GPT-
3.5T available (including gpt-3.5-turbo-0125, gpt-
3.5-turbo-1106, gpt-3.5-turbo-instruct-0914, gpt-
35-turbo-16k-0613, and gpt-35-turbo-0613) and
some APIs (e.g. Microsoft Azure OpenAl API)
can be set to auto-update, causing possible confu-
sion. Our results also show that model parameters
such as temperature and seed can also change the
mean score of a model, e.g. setting temperature
to 0 and seed to 123 for GPT-3.5T applied to Large
increased its score from 0.55 to 0.59 (Figure 1).

Inference APIs can be expensive and rate lim-
ited, making experimental repeats costly and time-
consuming. Our results suggest that when setting
temperature to 0.0 with a fixed seed, it is rarely
necessary to conduct more than three repeats to
achieve a prediction interval width of < 0.01.

6 Conclusions

LLMs are stochastic and not all LLMs pro-
vide deterministic answers. However, setting
temperature to 0.0 with a fixed seed appears to
reduce answer variability for many models and re-
duces the possibility of outlier benchmark scores.
Evaluators should take steps to quantify uncer-
tainty in LLM benchmark scores. One way to quan-
tify uncertainty is to provide results in the form
I+ e, using prediction intervals (Eq. 3); the number
of experimental repeats can be increased incremen-
tally until the prediction interval width is below a
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Figure 1: Prediction interval by repeat for each model tested with Small and Large benchmarks. The red dashed
line indicates the repeat at which the prediction interval width falls below 0.01. For Claude-3.5S and Gemini-1.5P
applied to Large the total number of repeats tested is fewer than 30 owing to practical constraints.

desirable threshold (perhaps 0.01). Larger bench-
marks with more questions reduce the variability

of the mean score.

The experimental conditions including bench-

mark size, model, version, API, parameters, num-
ber of experimental repeats, and date of the exper-
iment should be carefully documented, as should
the method used to quantify uncertainty.



7 Limitations

This study tested six representative LLMs from
four vendors, but there are now many LLMs that
could be tested with varying architectures, weights,
context windows and parameters.

This study tested two qualitative spatial reason-
ing benchmarks of different size, question style and
complexity, but there are now many benchmarks
that could be tested. Different benchmarks are de-
signed to test different knowledge and reasoning
tasks. It is possible that some benchmarks may re-
quire more experimental repeats for the prediction
interval width to reduce acceptably.

We have not looked at the impact of prompt
engineering on answer variability.

We have not looked at the impact of linguistic
variation (e.g. tense, person form, vocabulary or
language) on answer variability.

This study used temperature based sampling and
does not consider nucleus (top_p) sampling. Pre-
liminary work by the authors suggest that nucleus
sampling can also be used to reduce the variability
of benchmark score and that the methods described
herein for quantifying uncertainty are equally ap-
plicable.

LLMs are black box systems and we have no
way of knowing precisely how models will perform
for future requests. The underlying hardware and
software systems may be subject to change without
notice. LLM technology is evolving rapidly, and
new sampling methods may change the stochastic-
ity of LLMs.

In this paper we have used frequentist statistics
to model uncertainty, but it would also be interest-
ing to explore Bayesian statistical approaches.
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A Supplementary Information

Small (default settings)

Small (t=0, seed=123%)

X:0.94 0:0.000 1:0.94 1:0.94 n:30
x:0.94 0:0.000 {:0.94 1:0.94 n:30
x:0.93 0:0.005 1:0.93 1:0.94 n:30
x:0.92 0:0.000 1:0.92 1:0.92 n:30
x:0.87 0:0.007 1:0.86 1:0.88 n:30
x:0.75 0:0.000 {:0.75 1:0.75 n:30

0j2 0j4 0:6 0?8
Large (t=0, seed=123%)

x:0.74 0:0.000 1:0.74 1:0.74 n:23
x:0.59 0:0.002 1:0.58 1:0.59 n:30
X:0.43 0:0.000 1:0.43 1:0.43 n:30
x:0.42 0:0.002 1:0.42 1:0.43 n:30
x:0.42 0:0.000 1:0.42 1:0.42 n:3

x:0.21 0:0.000 {:0.21 7:0.21 n:30

Llama-370B 4 X:0.94 0:0.005 1:0.94 1:0.95 n:30 Llama-3 70B -
GPT-40 { x:0.94 0:0.007 {:0.93 1:0.95 n:30 Claude-3.5S -
Claude-3.55 4 Xx:0.93 0:0.007 {:0.92 7:0.95 n:30 GPT-40
Gemini-1.5P 4 X:0.92 0:0.007 !:0.91 7:0.93 n:30 Gemini-1.5P -
GPT-3.5Tq X:0.87 0:0.018 {:0.83 1:0.90 n:30 GPT-3.5T 1
Llama-378 { X:0.74 0:0.013 1:0.72 1:0.77 n:30 Llama-3 7B A
0.0 02 0.4 0.6 0.8 1.0 0.0
Large (default settings)
Claude-3.55 41 X:0.74 0:0.001 1:0.74 1:0.74 n:19 Claude-3.5S
GPT-3.5T{ Xx:0.55 0:0.005 1:0.54 1:0.56 n:30 GPT-3.5T -
Llama-370B 4 X:0.43 0:0.002 1:0.43 1:0.43 n:30 Llama-3 70B -
GPT-40 { X:0.43 0:0.003 {:0.42 1:0.43 n:30 GPT-40
Gemini-1.5P 4 X:0.42 0:0.001 !:0.42 7:0.42 n:4 Gemini-1.5P -
Llama-378 4 X:0.20 0:0.004 {:0.19 1:0.21 n:30 Llama-3 7B
0.0 02 0.4 0.6 0.8 1.0 0.0

0.2 0.4 0.6 0.8

1.0

Figure 2: Mean score by model for the Small benchmark (top) and the Large benchmark (bottom). Models use
default settings on the left and temperature = 0 with a fixed seed on the right. The text on the bars shows mean
score (T), standard deviation (o), worst score ({.), best score (1), and the number of experimental repeats (n). Green
bars indicate range < 0.01. *Note that the seed parameter cannot be set for Claude-3.5S.

Figure 2 shows summary information for each of the models tested.

The following Python code was used to compute the 95% prediction interval.

import numpy as np

import scipy.stats as stats

def prediction_interval(samples, confidence=0.95):
mean = np.mean(samples)
std_dev = np.std(samples, ddof=1)

n = len(samples)

t_crit = stats.t.ppf((1 + confidence) / 2, df=n -

margin_of_error =

lower_bound
upper_bound =

mean - margin_of_error
mean + margin_of_error

return lower_bound, upper_bound

# sample standard deviation

D)

t_crit x std_dev * np.sqrt(2 / n)
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Figure 3: Histogram of mean score for the Small benchmark for GPT-3.5T using the Azure OpenAl API (left) and
the OpenAl API (right). The two distributions are statistically significantly different (t = 2.51, p = 0.013, n = 90),

indicating possible differences in the hosting of the model.
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Figure 4: Histogram of mean score for for each model tested with Small and Large benchmarks. In most cases the
number of repeats, n=30, but in some cases n is fewer owing to practical constraints; in these cases n is specified in
the top right of the plot.
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