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Abstract: Many people now write programs by asking a language model for the code and
running what it returns. Benchmarks such as HumanEval+ are meant to show how often such
code actually works. I gave the first 30 tasks of HumanEval+ to three open models, Qwen3.8
27B, gpt-o0ss-120b and Cohere North Mini Code, in five runs, and recorded for every failed task
why it failed. In the first scoring, the pass counts ranged from 4 to 29 out of 30, and Qwen
passed 24 tasks at the default temperature but 29 at temperature 0. Re-checking the saved
answers showed that most of these failures were not in the code's logic. Of 35 failed checks, 8
happened because the answer relied on an import line or a helper function that was in the task
prompt but not in the answer, 22 because the code was wrapped in markdown fences, 2 because
the answer was cut off at the token limit, and 1 was a check that failed once and passed when it
was repeated. Only 2 failures, one for gpt-oss-120b and one for North Mini Code, were real
logic errors. When the same 30 saved answers of Qwen were scored together with the prompt,
the result changed from 24 to 30 out of 30 (exact McNemar test, p = 0.031). After the scoring
was made the same for all runs, the models passed 29 or 30 tasks each, and no difference
between models or temperatures could be seen. For small benchmark studies like this one, the
way the answer is taken out of the model's reply and scored can matter more than the choice of
model.
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Introduction. Writing code by talking to a language model has become common enough
to get its own name. Sarkar and Drosos call it "vibe coding" and describe it as programming in
which the developer mostly prompts the model, looks through the result quickly and tests
whether the program works, instead of writing the code by hand [1]. This makes a simple
question important: how often is the code that a model returns actually correct, and when it is
not, why?

The usual way to measure this is a benchmark of programming tasks with tests.
HumanEval, released by OpenAl, has 164 short Python tasks. Each task gives the model a
function signature with a description and a few examples, and the code the model writes is run
against hidden tests [2]. MBPP is a similar set of short Python problems [3]. Liu and co-authors
later showed that the original HumanEval tests were too weak: they added many new test inputs,
on average about 80 times more, and called the new version HumanEval+. With the stronger
tests, code that had been counted as correct often failed, and the pass rates of many models went
down noticeably [4].
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A benchmark score depends not only on the model but also on how the test is run.
Biderman and co-authors, who maintain a widely used evaluation tool, describe how small
details of the setup can change results and make studies hard to compare [5]. Sclar and co-
authors found that changing only the formatting of a prompt changed the accuracy of one model
by up to 76 percentage points [6]. There is also randomness in the model itself. Ouyang and co-
authors asked ChatGPT to solve the same coding problems several times and often got code that
behaved differently from request to request; setting the temperature to 0 reduced this but did not
remove it [7]. Atil and co-authors found the same for settings that are expected to be
deterministic [8]. Because of this, several authors recommend repeating runs and reporting
uncertainty, not just one number [9, 10].

Studies like these usually use hundreds of tasks and many repeated runs. A student, or a
developer checking a model before using it, usually works on a much smaller scale: a free
model, a notebook, a few dozen tasks, one run. I wanted to see what such a small test shows.
My original plan was to give the same tasks to several free models and find out where and why
their code fails. During the project, the answer to "why" turned out to be different from what I
expected, and this paper is about that. The research questions are:

* How many of the first 30 HumanEval+ tasks do three open models pass, and for what
reasons does their code fail?

* How much does the way the answer is taken from the reply and scored change the pass
count for the same answers?

* After the scoring is made the same for all runs, is there a difference between the models,
or between temperature 0 and the default temperature?

Data and methods.

Tasks and tests. 1 used the first 30 tasks of HumanEval+ (HumanEval/0 to
HumanEval/29), version 0.1.10, with the EvalPlus package version 0.3.1 [4]. Each task has a
small set of original tests and a larger set of added tests. Among the 30 tasks, the number of
tests per task ranges from 69 to 1,006, and 20,613 in total. A task counts as passed only if the
code passes all original and all added tests. The tests are checked by running the task's reference
solution on the same inputs and comparing the outputs.

Two details of the task prompts turned out to matter. In 21 of the 30 tasks the prompt
starts with an import line such as "from typing import List", which is needed because the
function signature uses the type List. In one task, HumanEval/10 (make palindrome), the

prompt contains a second, finished function, is_palindrome, which the model is expected to use.

Models. 1 used three models that were free or had a free usage tier when I ran them (Table
1). Qwen3.8 27B is an open-weight dense model from the Qwen team that also works with
images [11]. gpt-oss-120b is an open-weight model from OpenAl with 117 billion parameters
in total, of which 5.1 billion are active for each token [12]. North Mini Code is Cohere's model
for coding; it has 30 billion parameters in total and 3 billion active [13]. Qwen and gpt-oss were
called through the Groq API, and North Mini Code through OpenRouter. I first tried Gemini as
a third model, but the free limit ran out after about ten tasks, so it is not included.

Prompt. Each model received the task prompt exactly as it is in the dataset, followed by
one sentence: "Return only the Python code for the solution. Do not include explanations or
markdown." Apart from the repeats described below, each task was sent once in each run.

Runs. There were five runs (Table 1). Runs A and B, on 21 September 2026, did not set
the temperature, so the provider's default was used; for Groq this is 1 [14]. Runs C, D and E, on
24 September 2026, used temperature 0. The runs also differed in how the code was taken out
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of the reply, because I changed the notebook between runs. In runs A, B and C, if the reply
contained a block marked with markdown fences (three backticks), only the code inside the first
block was saved. In runs D and E the whole reply was saved. North Mini Code spends part of
its token limit on reasoning, and at a limit of 2,000 tokens it returned an empty answer for one
task and an answer that stopped in the middle for two others. These three tasks (HumanEval/l,
10 and 21) were sent again with a limit of 5,000 tokens. In run C, one request (HumanEval/20)
hit the provider's rate limit and was sent again.

Table 1. The five runs. All runs used the same 30 tasks and the same prompt.

Run | Model (provider) Temp. Token limit | What was saved from the

reply

A | Qwen3.8 27B (Groq) 1 (default) 1,000 code inside the first fenced
block, or the whole reply

B | gpt-o0ss-120b (Groq) 1 (default) 1,000 code inside the first fenced
block, or the whole reply

C | Qwen3.8 27B (Groq) 0 1,000 code inside the first fenced
block, or the whole reply

D | gpt-oss-120b (Groq) 0 1,000 the whole reply

E | North Mini Code 0 2,000; the whole reply; fences

(OpenRouter) 5,000 for removed afterwards
three tasks

Two ways of scoring. EvalPlus accepts an answer in two forms. A "solution" is a complete
program and is run as it is. A "completion" is only the continuation of the prompt, so the prompt
is placed in front of it before running [4]. The original HumanEval also runs the prompt together
with the model's completion [2]. In my notebook, runs A, B and C were first scored as complete
programs ("answer alone"). Runs D and E, and later a second check of run C, were scored with
the task prompt placed in front of the answer ("prompt + answer"). When the prompt is in front,
its import line and helper functions are available to the answer. If the answer defines the same
function again, the new definition replaces the one from the prompt, so the model's own code is
what gets tested.

The saved answers of runs A and B were kept in the notebook output, so I scored all 60
of them again in both ways with the same EvalPlus version. The re-scoring reproduced the
notebook results exactly (24 and 29 passed tasks for the answer alone). For runs C, D and E, the
answer files were stored only inside the Colab session, which does not keep files after it closes,
so for these runs I report the scores that were printed in the notebook.

Failure causes. For every failed task I looked at the saved code and at the error it
produced, and put it into one of five groups: a name that was defined only in the prompt (an
import or a helper function), markdown fences in the saved code, an answer cut off at the token
limit, a check that failed once and passed when repeated with the same code, and wrong logic.
When a failure disappeared after one fix but the task still failed for another reason, it was counted
under the later reason, so each failed check is counted once.

Statistics. For pass rates I give 95% Wilson intervals [15]. To compare the same 30
answers scored in two ways, [ used the exact McNemar test, which looks only at the tasks where
the two results disagree [16]. To compare two different runs, I used Fisher's exact test.

Results

Scores as first recorded. Figure 1 shows the pass counts in the first scoring and after the

scoring was corrected. As first recorded, the results looked very different from each other. Qwen
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passed 24 of 30 tasks at the default temperature (run A) and 29 at temperature 0 (run C). gpt-
0ss-120b passed 29 at the default temperature and 29 at temperature 0. North Mini Code passed
only 4 tasks. If these numbers were taken at face value, one would conclude that North Mini
Code 1s much weaker than the other two, and that Qwen became much better at temperature O.
Even so, with only 30 tasks, a gap like 24 against 29 is not strong evidence. The 95%
interval for 24 of 30 is 62.7% to 90.5%, and for 29 of 30 it is 83.3% to 99.4%. Fisher's exact
test for 24 against 29 gives p = 0.10.

The same answers, scored in two ways. Table 2 shows what happened when the saved
answers were scored again. The 30 answers of run A passed 24 tasks when each answer was run
alone and 30 tasks when the prompt was placed in front. All six changes went in the same
direction, and none of the answers that passed alone failed with the prompt. For these six
discordant tasks the exact McNemar test gives p = 0.031. For run B the count went from 29 to
30, and for run C from 29 to 30. Nothing in the code was changed; only the scoring was.

Table 2. Number of tasks passed out of 30 in each way of scoring.

Run Answer Prompt + After all
alone answer, as saved | corrections

A. Qwen, default 24 30 30

B. gpt-oss, default 29 30 30

C. Qwen, temp. 0 29 30 30

D. gpt-oss, temp. 0 not scored 29 29

E. North Mini Code, temp. 0 not scored 4 29

Forrun E, "after all corrections" means after removing the markdown fences, re-sending
two answers that had been cut off, and repeating the check for HumanEval/l5.

In run E the first check was already done with the prompt in front, but 26 of the 30 saved
answers were wrapped in markdown fences, even though the prompt asked for no markdown.
The reply for HumanEval/10 also had fences, but I had removed them by hand when I saved
that answer again. Python cannot run a file that starts with three backticks, so all 26 failed
without running a single test. After the fences were removed, 26 tasks passed. Two of the
remaining failures, HumanEval/l and HumanEval/21, were answers that had stopped in the
middle at the 2,000-token limit; with a limit of 5,000 tokens both passed. One more,
HumanEval/15, failed one of its 137 tests on the first check and passed all 137 when the same
code was run again. The code did not change, so the most likely reason is the time limit of the
test.

Where the failures came from. Across the five runs there were 35 failed checks. Figure
2 shows what caused them, and Table 3 lists the tasks.

Eight failures were caused by a name that the answer used but did not define. In six cases,
five in run A and one in run B, the answer used the type List in the function signature but did
not include the line "from typing import List". Python evaluates the signature when it defines
the function, so the program stopped with "NameError: name 'List' is not defined" before any
test was run. This is why these tasks show zero passed tests and not a partly working function.
In the other two cases, runs A and C, the answer to HumanEval/10 called is_palindrome, the
helper function that is given in the prompt. In a sense the model did what the task asked: it used
the function it was given.
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The other failures were 22 answers with markdown fences in run E, two answers cut off
at the token limit and one check that failed once and passed when repeated. Only two failures
were caused by wrong logic.

Table 3. All failed checks in the five runs.

Run | Task What went wrong Fixed by
A 5,9,17,22, "from typing import List" missing, putting the prompt in
26 NameError front

A,C| 10 helper is_palindrome is in the putting the prompt in
prompt, not in the answer front

B 28 "from typing import List" missing, putting the prompt in
NameError front

D 24 wrong logic in largest divisor not fixed

E 22 tasks code wrapped in markdown fences removing the fences

E 1,21 answer cut off at 2,000 tokens new request with 5,000

tokens

E 15 failed 1 of 137 tests on the first running the check again
check, most likely the time limit

E 5 fences, then wrong logic in not fixed
intersperse

The two real errors. In run D, gpt-oss-120b solved HumanEval/24, which asks for the
largest divisor of n that is smaller than n, by starting at the square root of n and going down.
The first divisor found this way is the largest divisor that is not bigger than the square root, and
the function returned n divided by it. For 100 this gives 10, while the correct answer is 50. The
code's own comment says it looks for "the smallest factor", but the loop does not do that. The
function passed 4 of 5 original tests, so the error shows up only for some inputs. In run B, at the
default temperature, the same model solved this task correctly.

In run E, North Mini Code solved HumanEval/5, which asks to put a delimiter between
every two neighbouring numbers of a list. Its code paired every number with the delimiter, so
the delimiter also ended up after the last number: for [1, 2, 3] and 4 it gives [1, 4, 2, 4, 3, 4]
instead of [1, 4, 2, 4, 3]. It passed 7 of 156 tests, only those where the list was empty.

Models and temperature after the correction. With the same scoring for every run, the
counts were 30, 30 and 30 for runs A, B and C, and 29 and 29 for runs D and E. The differences
between models are at most one task, and Fisher's exact test for 30 against 29 gives p = 1.0. For
Qwen, temperature 0 and the default temperature gave the same result, 30 of 30. For gpt-oss-
120b, the default run passed 30 and the temperature 0 run passed 29, and the one failure was the
logic error described above.

Temperature did matter in one respect. When the answers were scored alone, Qwen's
default-temperature answers left out the typing import in 5 of the 21 tasks that needed it, while
none of the failures of its temperature 0 answers were caused by a missing import. So the
difference between 24 and 29 came from whether the model copied the import line into its
answer, not from whether it solved the task. With one run for each setting I cannot tell whether
this was an effect of temperature or chance.

Discussion. The main result is that, in this small study, most of the failures were in the
way the code was handled, not in the code. Of 35 failed checks, 30 disappeared when the
answers were taken out of the reply and scored in the same way for every run, and 3 more when
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the two cut-off answers were requested again and the unstable check was repeated. What was
left, two logic errors in 150 answers, is too little to rank the three models.

This matters for how the first numbers would be read. The gap between Qwen's 24 and
29 looked like an effect of temperature, and North Mini Code's 4 of 30 looked like a weak
model. In both cases the difference came from the pipeline and not from the models. This also
explains a mistake we made during the project. In the results table for run C, none of the six
tasks that Qwen had failed in run A failed again, and we took this as a sign that the model gives
different results from run to run. Only after scoring the saved answers of run A again did it
become clear that the scoring had also changed between the runs, and that five of the six failures
had the same cause, a missing import line. Checking the saved answers, and not only the pass
counts, would have shown this at once.

The results fit with what larger studies have found. Biderman and co-authors warn that
evaluation details, which are often not reported, can change results [5], and Sclar and co-authors
showed how much formatting alone can move a score [6]. Here the "formatting" was on the side
of the answer: an import line, a helper function and markdown fences. The EvalPlus tool itself
avoids some of these problems. When it generates answers from chat models, it asks for "a self-
contained Python script", which would tell the model to include the import line [4]. My prompt
asked only to return the code, so an answer without the import line was a reasonable reading of
the instruction.

North Mini Code ignored the instruction not to use markdown in 27 of its 30 replies. gpt-
0ss-120b followed it in run D, where the whole reply was saved. For Qwen it is not possible to
say, because in runs A and C the fences were removed when the code was saved. A pipeline
that takes the code out of a fenced block, as in runs A, B and C, handles this without problems.
A pipeline that saves the whole reply, as in runs D and E, depends on each model obeying the
instruction, and the models did not all behave the same way.

A second point is about the token limit. North Mini Code uses part of its token budget for
reasoning, and at 2,000 tokens it sometimes ran out before writing the answer. Such cases look
like failures of the model, although the cause is a setting that suits one model better than another.
Using the same limit for all models does not make a comparison fair when the models spend
tokens differently.

Finally, the results agree with the advice to report uncertainty [9, 10]. With 30 tasks, even
a result of 30 out of 30 has a 95% interval from 88.6% to 100%. Two models that differ by one
task cannot be told apart with this number of tasks, and differences between runs such as those
reported by Ouyang and co-authors [7] could not be measured with one run per setting.

Conclusion, limitations and recommendations. I tested three open language models on
the first 30 tasks of HumanEval+ and looked at every failure. In the first scoring, the models
seemed to differ a lot, and one model seemed to depend strongly on temperature. After the
answers were scored in the same way, all three passed 29 or 30 tasks. Only 2 of 35 failed checks
were caused by wrong logic; the rest came from how the code was taken out of the reply, how
it was run, and the token limit. For a small benchmark, these choices can change the result more
than the choice of model does.

Limitations

Few tasks. Thirty tasks, taken from the start of HumanEval+ and not at random, are too
few to show small differences between models.

One run per setting. Each model was run once at each temperature, so run-to-run variation

could not be measured, and the effect of temperature cannot be separated from chance.
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Lost answer files. The answers of runs C, D and E were not saved outside the Colab
session. For these runs I rely on the scores printed in the notebook and could not re-score them
myself.

Settings changed between runs. Besides temperature, the way the code was saved and
scored changed between the runs. This is the main subject of the paper, but it also means the
runs are not a clean experiment on temperature.

Model versions. The models were used through Groq and OpenRouter in September
2026. Providers can update a model behind the same name, so the results may not repeat exactly
later.

Possible training on the benchmark. HumanEval has been public since 2021 and may
be in the training data of these models, which could make the tasks easier for them than new
tasks would be.

Recommendations. For anyone who runs a small benchmark of this kind: keep every
answer file, not only the scores; decide in advance whether answers are scored as complete
programs or together with the prompt, and use the same choice for every model and every run;
take the code out of the reply in the same way for all models; check that no answer was cut off
at the token limit; and look at the error of every failed task before counting it as a failure of the
model.

For future work, the same tasks should be run several times for each model and
temperature, which would show how much the pass count changes between runs. A larger and
random set of tasks from HumanEval+ or MBPP+ would make the comparison between models
more informative.

Data availability. The HumanEval+ dataset and the EvalPlus package are publicly
available [4]. The table of results for every task and run, the 60 saved answers of runs A and B,
and the script used to score them again are available from the author on request.
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Figure 1. Tasks passed out of 30 in each run, as first scored in the notebook and after the
code extraction and scoring were made the same for all runs.
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Figure 2. The 35 failed checks in all five runs, grouped by cause. Each check is counted
once, under the reason it finally failed for.
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