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Abstract

The rapid development of large language mod-
els (LLMs) necessitates robust, unbiased, and
scalable methods for evaluating their capabil-
ities. However, human annotations are ex-
pensive to scale, model-based evaluations are
prone to biases in answer style, while target-
answer-based benchmarks are vulnerable to
data contamination and cheating. To address
these limitations, we propose StructTest, a
novel benchmark that evaluates LLMs on their
ability to produce compositionally specified
structured outputs as an unbiased, cheap-to-run
and difficult-to-cheat measure. The evaluation
is done deterministically by a rule-based eval-
uator, which can be easily extended to new
tasks. By testing structured outputs across di-
verse task domains — including Summariza-
tion, Code, HTML and Math — we demon-
strate that StructTest serves as a good proxy
for general reasoning abilities, as producing
structured outputs often requires internal logi-
cal reasoning. We believe that StructTest offers
a critical, complementary approach to objective
and robust model evaluation.

1 Introduction

In the two years since ChatGPT’s launch, the NLP
community has seen a rapid acceleration in the re-
lease of large language models (LLMs). In 2024
alone, leading tech companies such as OpenAl, An-
thropic, Google, and XAl all have introduced new
versions of their proprietary models. The open-
source community has been even more prolific, re-
leasing a significantly higher number of models. To
demonstrate improvements, many of these models,
including Claude-3.5-Sonnet and Llama 3.1, have
used benchmarks such as MMLU (Hendrycks et al.,
2020) and GSMB8K (Cobbe et al., 2021a). However,
as we will discuss in Section 2, existing bench-
marks have notable limitations: 1) human annota-
tions are expensive to acquire, maintain, and scale.
2) model-based evaluation suffers severely from

model bias, and 3) target-answer-based datasets
are prone to data contamination. Thus, there is a
pressing need for an evaluation benchmark that is:
1) easy and cheap to evaluate, 2) unbiased, and 3)
robust to data contamination.

To address these challenges, we propose
StructTest, a benchmark designed to assess
instruction-following capabilities through struc-
tured outputs. In StructTest, models are tasked with
generating outputs in a specified structure, which
are then verified for structural accuracy and, when
applicable, for the correctness of parsed outputs.
The evaluation in StructTest is done programmat-
ically, which makes it unbiased, fast, and cheap
to run. StructTest is not coupled with underlying
task data, which allows us to easily sample a new
StructTest set and extend to new tasks, making it
robust to data contamination (more details in Sec-
tion 3.5). StructTest instruction is compositional
by design, which allows for adjustable difficulty
levels, enabling our benchmark to stand the test of
time and benchmark future generations of LLMs.

The benchmark covers multiple task domains,
including summarization, code, HTML, and math.
Evaluations conducted on 14 popular LLMs reveal
that StructTest exhibits a correlation over 92% with
both the human-annotated ChatBot Arena bench-
mark and the widely used MMLU dataset, verify-
ing StructTest as a good proxy for general reason-
ing ability (see Section 4.2 for more details).

2 Literature Review

Evaluation of LLMs has become a critical area
of research, particularly as these models are in-
creasingly applied to diverse tasks requiring struc-
tured reasoning. Existing evaluation methodologies
broadly fall into three categories: human-based,
model-based, and target-answer-based evaluations.
While each offers unique insights, they also suffer
from notable limitations.



2.1 Human-Based Evaluation Benchmarks

A prominent example of human-based evaluation
benchmark is Chatbot Arena (Chiang et al., 2024),
which relies on human voting to determine the
model ranking ELO score, offering reliable as-
sessment but with significant limitations: resource-
intensive evaluations requiring massive human an-
notations, limited scalability to only a few models,
and sustainability challenges in keeping the com-
munity engaged for latest models.

2.2 Model-Based Evaluation Benchmarks

Model-based evaluation frameworks utilize LLM-
as-a-judge to assess the capabilities of other models.
Notable examples include MT-Bench (Zheng et al.,
2023), AlpacaEval (Dubois et al., 2024), Arena-
Hard-Auto (Li et al., 2024), Fofo(Xia et al., 2024).
While being flexible in evaluation tasks, model-
based evaluation benchmarks are known to be bi-
ased: 1) Cheating by Null-Models: As highlighted
by Zheng et al. (2024), a simple null-model with
constant response can achieve a high ranking in
these benchmarks, posing a big concern on the reli-
ability of the evaluations. 2) Length Bias: Dubois
et al. (2024) demonstrate that length-controlled out-
puts in model-generated benchmarks such as Al-
pacaEval may introduce a bias favoring responses
of certain lengths, often confounding evaluations
of content quality with irrelevant stylistic factors.

2.3 Target-Answer-Based Evaluation
Benchmarks

Target-Answer-Based evaluations assess reasoning
capabilities without relying on another LLM for
comparison. Conventionally, most of LLMs bench-
marks fall into this category, including ARC (Clark
et al., 2018), GSMS8K (Cobbe et al., 2021a), BIG-
Bench (Zhong et al., 2024), AGIEval (Zhong et al.,
2024) and MMLU (Hendrycks et al., 2020). In
MMLU, the authors evaluate the LLMs reasoning
capability in a curated datasets for different compet-
itive exams. While being unbiased, target-answer-
based benchmarks have a primary limitation: the
issue of training data contamination. The perva-
sive use of large-scale, internet-derived datasets in
pre-training LLMs often overlaps significantly with
benchmark datasets, thereby inflating performance
metrics and undermining the validity of these eval-
uations (Ravaut et al., 2024a).

To address the limitations of existing evaluation
benchmarks, we introduce StructTest, which eval-

uates structured generation as a proxy for general
reasoning. While prior works have explored how
format instructions influence task performance (He
et al., 2024; Do et al., 2024), StructTest goes be-
yond simple formatting by incorporating compo-
sitional structured outputs. It is the first bench-
mark specifically designed to assess the general
instruction-following capabilities of LLMs through
structured outputs.

3 StructTest Benchmark

In this section, we describe the tasks from which
the StructTest benchmark is built upon: summariza-
tion, coding, HTML generation and mathematical
reasoning.

3.1 Summarization

As a first task within StructTest, we consider sum-
marization, a well-studied playground for LLMs.
The vast majority of existing studies focus on the
content of output summaries, evaluating properties
such as coherence (Chang et al., 2023), faithful-
ness to the source (Laban et al., 2023), coverage
of diverse information (Huang et al., 2023), and
positional bias for context utilization (Ravaut et al.,
2024b) and hallucination (Wan et al., 2024a). With
the rapid progress in LLMs, meeting complex user
requirements for summaries is important. In In-
struSum, Liu et al. (2023) benchmark LLMs on
such summary content instructions. However, an
equally important user requirement is style or for-
mat of the summary, which has been relatively un-
derexplored. To remedy, we design three format-
following tasks in summarization:

e Length Controlling output length is a widely-
researched property in summarization (Liu et al.,
2018, 2022). Users looking for more granular de-
tails will prompt the system to output longer sum-
maries.

To measure length-following ability, we verify
whether the LLM’s output y contains the required
number of sentences N, which is sampled uni-
formly from a fixed interval across data points.
Formally:

1, iflen(y) = N,
Score = i
0, otherwise.

e Bullet points Bullet points are a natural
method to summarize and have yielded several of
the most widely used datasets in summarization



research (Hermann et al., 2015; Mukherjee et al.,
2022). This format is appealing to users who wish
to see a clear separation of ideas in the output sum-
mary. We prompt the LLM to summarize through
a list of either unnumbered bullet (or other symbol)
points, or numbered points, with a varying number
of points (again, sampled uniformly from a fixed
interval).

For unnumbered points, we check whether the
output contains the specified symbol .S in the cor-
rect number of times V:

1, ifcount(S € y) = N,
Score = .
0, otherwise.

For numbered points, we verify that output lines
(yi, --» ypr) are of the appropriate count and start
with the correct sequence of numbers:

1, if (M =N)A(Vie[l,N], gy =str(z))
Score = . ’
0, otherwise.

e Question Yet another approach to summariza-
tion consists in answering key questions about the
source, most notably the 5 Wh-questions of (what?
why? who? when? where?). Question-answering
is a popular paradigm in summarization evaluation
(Deutsch et al., 2021; Scialom et al., 2021; Fabbri
et al., 2021), as it naturally enables to review that
key facts from the source are covered. To induce
format following, we prompt the LLM to structure
its summary such that it is composed of the list of
5 Wh-questions, each followed by its correspond-
ing answer. This process is akin to query-focused
summarization (Vig et al., 2022), where the Wh-
questions form the query.

To evaluate Wh-questions summary formatting,
we check that lines of output summary start with
the Wh-questions. We also enforce that all ques-
tions are present, in any order. Formally, following
the previous notation and noting @ the set of Wh-
questions:

S _ 17 if(QCy)A(Vie[LN]?yi,OEQ)
core = ]
0, otherwise.

Creating more complex tasks StructTest instruc-
tions following one of the aforementioned summa-
rization formats are referred to as Easy Summa-
rization. To build a more challenging benchmark,
we combine different formats. We use two types
of combinations: first, we specify the number of
bullet points or numbered points and the desired

length (in sentences) of each point; second, we ask
the LLM to nest bullet points within existing points,
where nested points start with the tab symbol mark-
ing indentation. These instructions combining two
summarization formats are referred to as Hard
Summarization. In this latter case, evaluation met-
rics defined above are also combined together and
the LLM needs to verify each property. We provide
examples for each task in Appendix B.

3.2 Code

Programming languages, with their highly struc-
tured and rule-based nature, offer an ideal frame-
work for evaluating the format-following capabil-
ities of LLMs. In addition, compilers and inter-
preters efficiently validate correctness, offering
clear binary feedback on whether the generated
code meets both syntactic and functional expecta-
tions. This makes coding tasks a practical and scal-
able benchmark for assessing LLM performance in
structured environments.

Given the widespread use of programming in
daily workflows, and the significant success and
adoption of Code-LLMs in real-world systems
(Jimenez et al., 2024; Xie et al., 2024), under-
standing complex instructions in a language code-
interleaved environment has become increasingly
important. To closely measure the capability of
LLMs in application-like scenarios, we have devel-
oped the following tasks:

e Add ‘print’ statements One class of general
editing need is asking for revision of a code snippet.
We propose a simple edit task by asking the LLM
to add a ‘print’ statement after each time a new
variable is initialized. We create two sets based
on the difficulty level. The Easy set contains code
with the number of lines ranging from 3 to 30,
while those in the Hard set have 50-200 lines.
Since the instruction is fixed, we can easily ma-
nipulate the expected code snippet through auto-
matic programs. Specifically, we first use the ast'
package to extract the variables by parsing the ab-
stract syntax grammar. Afterwards, the expected
target code snippet can be obtained by inserting
the print statements through fixed templates. The
evaluation metric is exact match by comparing the
predicted code snippet with the synthesized one.

e Replace variables Another edit-based task is
replacing variables. For the data construction, we

! https://docs.python.org/3/library/ast.html


https://docs.python.org/3/library/ast.html

first use ast to extract the variables contained in a
code snippet and randomly generate some meaning-
less strings for each of them as the target variable
names to be replaced with. The mapping is shown
as part of the instruction, which asks the LLM to
replace all the usage of the mentioned source vari-
ables with the corresponding target ones.

Similarly, the expected code snippet can be ob-
tained by string replacements according to the map-
ping. The prediction is evaluated by checking its
consistency with the synthesized expected program.
We use exact match as the evaluation metric.

o Test case input generation Serving as a fun-
damental part of software engineering, writing high
quality unit tests (i.e., sample input-output pairs)
plays an important role in verifying the program
correctness. Considering that predicting the unit
test outputs is still quite challenging for current
LLMs (Li et al., 2022; Jain et al., 2024; Jiao et al.,
2024), we choose to formulate an easier task by
asking the LLMs to generate S different groups of
test case inputs for a given programming question
and the corresponding program.

We evaluate the validity by executing the pro-
gram on the predicted test case inputs, and if no
runtime error is raised for all inputs, the generation
is deemed correct. We use the averaged pass rate
over all problems as the evaluation metric.

¢ Simulate program execution Simulating the
process of program execution presents several chal-
lenges, such as understanding and following each
action in the program, tracking runtime states of
the variables, and associating them together for
the outcome successfully. These tasks are strongly
correlated with reasoning and agent-based opera-
tions, making program simulation a useful proxy
for evaluating the ability to follow compositional in-
structions and perform logical reasoning. We thus
prompt the LLM to simulate step-by-step execution
of a given program with specific inputs, and derive
the expected output. The task is also divided into
two difficulty levels — Easy and Hard, according
to the length of the code snippet for simulation.
For Easy level, we introduce multiple test cases
in the original dataset for each question to ensure
robust evaluation. If all predicted outputs exactly
match the ground-truth ones, the generation for
the question is considered as correct. For Hard
level, we only use one simple test case to evaluate
the generation, since (1) the difficulty of the code
snippet itself in Hard level is challenging enough,

and (2) it is hard to unify the test case scaling. For
example, some test cases can contain millions of
input numbers in a line. The final metric is also the
averaged exact match over all questions.

3.3 HTML Generation

Application of LLMs in generating websites has
been regarded as a useful task that can ease the
workload of web designers and developers and
help in democratizing web development for non-
technical users (Calo and De Russis, 2023). In
such applications, adherence to the user specified
HTML structure is a crucial part. Tang et al. (2023)
show that LLMs may struggle to generate struc-
tured HTMLs. However, their study is limited
to simple structures and the evaluation is content-
based which requires human evaluation.

In contrast, we formulate this task as to gen-
erate a specific number of standard HTML tags
(“html”, “head”, “title”, “div”, “body”, “h1”, “h2”,
“p”,“footer”) as instructed with the following struc-
tural constraints: “title” should be nested inside
“head”, “div” and “footer” are nested inside “body”,
and the rest of the tags are nested inside “div”.
An example prompt with our prompt template is:?
“Generate only an html code that has 1 html tag.
Inside the html tag, generate 1 head tag and I body
tag. Inside of each head tag, generate 1 title tag
and inside of each body tag, generate 2 div tags
and 1 footer tag. Inside of each div tag, generate 1
hl tag, I h2 tag and 1 p tag. Your generated html
code:”, and the expected generation should be an
html code block as follows:

<html>
<head>
<title></title>
</head>
<body>
<div>
<hl></hl1>
<h2></h2>
<p></p>
</div>
<div>
<hl></hl1>
<h2></h2>
<p></p>
</div>
<footer></footer>
</body>
</html>

The counts of each tag to be generated are sam-
pled uniformly from a fixed interval. Based on
the range of the interval, we create two sets, Easy
where the interval range is 2-5, and Hard where
the range is 2-12.

*The number of each tag except “html” varies across ex-
amples. For “html”, it is fixed to 1.



We consider a generation to be successful if the
count of the tags is equal to the ones provided in the
prompt taking into account their nested structure
and all the tags are properly formatted, i.e., an
opened HTML tag has to be closed.

3.4 Math Reasoning

Math reasoning is a prevalent task in LLM evalu-
ations, with benchmarks like GSM8K and MATH
(Gao et al., 2024; Cobbe et al., 2021b; Hendrycks
et al., 2021). However, the impact of varying for-
mat templates on these tasks is often overlooked,
potentially causing inconsistencies as many efforts
may not use impartial templates (Yu et al., 2023;
Shao et al., 2024; Wei et al., 2022; Toshniwal
et al., 2024). The variability in solutions, which
could be numbers, fractions, or LaTeX expressions,
means extraction heuristics may differ across stud-
ies, leading to biased comparisons favoring models
optimized for specific frameworks. For example,
MetaMathQA (Yu et al., 2023) produced a dataset
where answers follow specific phrases which their
evaluation procedure uses to extract answers, dis-
advantaging models that don’t use these phrases.
Meanwhile, a reliable model should not only pro-
vide the correct answer but also present a chain
of thoughts in a pre-defined format consistently
(Wei et al., 2022). Being able to extract reasoning
steps reliably can be beneficial, such as to produce
thought chains for process supervision (Lightman
et al., 2023). Thus, we focus on structuring our
math evaluations in two aspects: final answer pars-
ing and chain of thought bullet point formatting.

o Final answer parsing We crafted 7 styles for
final answer production and created prompts in-
structing models to adhere to these styles. We then
wrote Python rules to determine a model response’s
consistency to a respective style. To evaluate mod-
els, standard benchmarks like GSM8K are used,
with each question assigned a random style for
evaluation. This format consistency accuracy can
then be derived and combined with the math accu-
racy score to paint a clearer and fairer comparison
across LLMs. Final answer parsing is considered
Easy in our setup.

e Chain of thought bullet points. Solutions
typically involve multiple reasoning steps, and we
designed 5 different presentation styles. Some are
Markdown styles, like “**Step 1** ..., or JSON
styles. We also set a range for the number of steps,
requiring models to adjust step granularity. That is,

the models should break down a step into smaller
steps if the solution is simple to satisfy the con-
straint. If the solution is complex, however, they
should instead merge multiple steps into longer
ones. Pairing each bullet point style with a unique
final answer style resulted in 20 formats, catego-
rized as Hard. We hypothesize that these styles
may be intuitive to some LLM models but unfa-
miliar to others, potentially causing significant dis-
crepancies in performance, as shown later in Sec-
tion 4.1.4. While the number of styles could be
extended infinitely, we rely on manually crafted
styles to ensure accuracy and consistency.

3.5 Robustness to Contamination and
Benchmark Scalability

A key challenge in benchmarking LLMs is the risk
of data contamination, where models are exposed
to test data during training. StructTest aims to mit-
igate this issue in two ways. First, the tasks in
StructTest are crafted in a way that makes it highly
unlikely for existing models to have encountered
them during training. By focusing on carefully
constructed structured output tasks, StructTest min-
imizes the possibility of data contamination. Sec-
ond, the nature of the tasks allows us to periodi-
cally update the benchmark with respect to new
StructTest samples, new task underlying data, new
task domains and their complexity levels. To safe-
guard from future generations of LLMs, we aim to
maintain a confidential, held-out test set that is peri-
odically updated, ensuring that model performance
accurately reflects generalization capabilities rather
than memorization of pre-exposed data.

StructTest is highly scalable, allowing easy ex-
tension to new tasks by simply writing new prompts
and rule-based evaluation. It enables cost-efficient
evaluation for new models, with minimal overhead
beyond inference costs. This design ensures flexi-
bility and adaptability for diverse needs.

4 Evaluation Results

4.1 Results Overview

We run StructTest benchmark against a represen-
tative list of open-source and closed-source mod-
els’. Table 1 summarizes evaluation results across
all domains of StructTest for all LLMs. For
all open-source models, we use their instruction-
tuned version instead of pre-trained version. It

*See Appendix A for detailed model versions for close-
source models



LLM Average Summarization Code HTML Math

All Easy Hard Easy Hard Easy Hard Easy Hard Easy Hard
Phi-3-mini-128k 19.30 3197 6.63 5742 11.67 49.79 10.59 0.00 0.00 2547 4.25
Qwen-2-7B 17.94 2856 7.33 4877 12.03 49.79 12.88  0.00 0.00 15.69 4.40
Mistral-7B 1394 2232 557 5054 1472 3292 6.35 3.00 0.00 281 1.21
Llama-3.1-8B 33.73 46.85 20.61 9546 3558 51.36 16.06 9.33 0.00 30.86 30.78
Mistal-nemo 26.06 41.86 1027 6935 17.89 60.62 16.59 5.00 0.00 3245 6.60
Mixtral-8x7B 16.85 2773 598 59.10 1336 3437 5.49 333 0.00 14.10 5.08
Llama-3.1-70B 65.99 86.36 45.63 9848 51.36 79.06 27.55 98.67 42.67 69.22 60.96

" GPT3.5-turbo 3843 62.05 1481 8677 22.11 7448 1938 47.67 7.00 3927 1077

GPT-40-mini 57.57 74.09 41.05 98.79 64.81 8240 2567 38.00 633 77.18 67.40
GPT-40 7246 89.47 5544 96.19 66.08 86.36 29.34 99.00 57.67 7635 68.69
Gemini-1.5-pro 61.51 81.44 4158 8458 2358 82.19 38.01 81.67 3133 7733 73.39
Claude-3-haiku 3595 5331 18.59 72.19 2044 6625 22.18 41.00 10.33 33.81 21.38
Claude-3-opus 68.81 89.14 4847 9121 46.14 85.00 36.04 100.00 56.67 80.36 55.04
Claude-3.5-sonnet  69.26 91.55 4697 96.33 4433 8479 29.70 100.00 58.67 85.06 55.19

Table 1: Overview of Evaluation Results on StructTest. Within each family of models, best numbers are in bold, and

second-best are underlined.

Easy Hard

LLM Bullet Numbered Wh-  Bullets Numbers Indented

Length points  points questions + length + length points
Phi-3-mini-128k  35.17 29.25 90.58 74.67 8.50 26.50 0.00
Qwen-2-7B 2775 67.33  100.00 0.00 20.50  15.58 0.00
Mistral-7B 2258 63.67  99.50 16.42 1933 2483 0.00
Llama-3.1-8B  90.17 9500 100.00  96.67 47.58 5500  4.17
Mistral-nemo 50.25 91.00  99.17 37.00 2542 2775 0.50
Mixtral-8x7B 67.66 41.16  90.83 36.75 8.33 31.25 0.50
Llama-3.1-70B 94.08 99.83 100.00 100.00 63.50 63.83 26.75
‘GPT35-turbo 5133 9942 100.00 9633 2667 3383 583
GPT-40-mini 96.92 100.00  99.92 9833 7583  76.17 4242
GPT-40 84.75 100.00 100.00 100.00 6675 71.67  59.83
Gemini-1.5-pro  66.50 99.42  99.50 7292 41.00  23.08 6.67
Claude-3-haiku ~ 67.25 99.33  99.75 2242 2925 3208 0.00
Claude-3-opus 65.58 99.67 99.58 100.00 54.08 56.33 28.00
Claude-3.5-sonnet 85.58 99.83  99.92 100.00 6650  66.17 0.33

Table 2: Performance comparison across LLMs on
summarization-based tasks.

is worth noting that the best scoring LLM, GPT-
40, only achieves 72.46% on StructTest-All and
55.44% accuracy on StructTest-Hard, demonstrat-
ing that StructTest is a highly challenging bench-
mark. In addition, Claude-3.5-sonnet is a close
runner-up and close-source models generally out-
perform open-source models.

4.1.1 Summarization Results

Among open-source models, the Llama-3.1 series
stand much above the rest, as their performance
is comparable to GPT-4 series on the Easy subset
(98.48 for Llama-3.1-70B; 98.79 for GPT-40-mini).
Closed-source LLLMs on average perform better
than open-source ones, especially on the Hard sub-
set. Indeed, open LLMs loose 70% in accuracy on
Hard setups compared to Easy ones, compared to a
55% relative loss for closed-source LLMs. In both
cases, such a plunge in performance highlights how
challenging it is for even the best LLMs to follow
more elaborate formatting instructions.

When breaking down performance across for-

matting tasks shown in Table 2, we notice that gen-
erating numbered points is easier for LLMs than
bullet points, probably because generated numbers
help the LLM stop at the correct length. Although
all LLMs seemingly master producing numbered
points, adding a constraint on the length of each
point proves much harder: performance is divided
by 4 for many open-source LLMs. Indenting points
proves to be the hardest task. On this task, 7 LLMs
out of the 14 evaluated stay at null or near null
accuracy, including even Claude-3.5-sonnet.

A further analysis with GPT-40 in Figure 1
shows error rate for binned values of the Hard for-
matting condition of controlling the length of each
bullet point. Length control error rate jumps be-
yond 20 total sentences, or 4 sentences per point.
This finding proves that longer outputs are hard to
structure and format for LLMs.

4.1.2 Code Results

From the model aspect, we find that Llama-3.1-
70B achieves the best performance among the open-
source models, due to its larger size. For the closed-
source models, Claude-3.5-sonnet and Claude-3-
opus are the two performing better.

From the perspective of Code tasks shown in
Table 3, we find the Hard level problems demon-
strate significantly more complexity, as longer code
snippet will increase the difficulty in understand-
ing. Besides, tasks requiring more comprehension
and memorization present higher difficulty. For
example, on the Easy level of Add Print Statements
and Replace Variables, even the open-source small
models, e.g., Llama-3.1-8B, can achieve strong per-
formance. Most closed-source models can also
demonstrate good performance on Hard level Re-
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Figure 1: Error rate of GPT-40 across various features of the Summarization Bullet Points Length task.

LLM Add Print  Replace Vars  Input Gen  Simulate Exec
Easy Hard Easy Hard Easy Hard Easy Hard
Phi-3-mini-128k  66.25 0.00 85.00 4237 9.17 0.00 19.58 0.00
Qwen-2-7B 6042 1.01 79.17 4146 2042 0.00 39.17 9.05
Mistral-7B 4792 050 29.17 21.87 3792 0.00 16.67 3.02
Llama-3.1-8B 7833 3.02 8292 49.66 625 251 3958 9.05
Mistral-nemo 7250 1.01 81.67 50.80 42.50 0.00 45.83 14.57
Mixtral-8x7B 41.67 151 1083 888 4542 1.01 39.58 10.55
Llama-3.1-70B 95.00 22.61 8875 64.46 5833 101 7417 2211
CGPT35-wrbo 7625 0.00 9042 5740 7292 151 5833 1859
GPT-40-mini 90.00 10.55 91.25 66.51 6625 3.02 8208 22.61
GPT-40 85.00 9.55 86.67 70.62 79.58 4.52 9417 32.66
Gemini-1.5-pro 94.17 34.17 8333 70.62 6583 4.02 8542 43.22
Claude-3-haiku 7542 5.03 86.67 60.59 40.00 553 6292 17.59
Claude-3-opus 96.25 40.20 91.67 78.82 69.58 2.01 8250 23.12
Claude-3.5-sonnet  90.00 9.55 91.25 7859 7042 6.03 87.50 24.62

Table 3: Performance comparison across LLMs on code-
related tasks.

place Variables. Moreover, nearly all models per-
form really poorly on Test Case Inputs Gen in Hard
level. One reason is that the problems in Hard level
mainly use standard input-output stream. As a re-
sult, incorrect spaces or newline symbols will also
lead to input errors.

4.1.3 HTML Results

In Table 1, we notice that, in general, open-source
models perform significantly worse than closed-
source models in both easy and hard HTML gen-
eration tasks and also model accuracies are sig-
nificantly better in the easy task compared to the
hard task. The clear winner in open-source model
category is Llama-3.1-70B, and for closed-source
models it is Claude-3.5-sonnet. It is to be noted
that Claude-3.5-sonnet is also the overall winner
and has the best MMLU score among all the mod-
els we experimented with (Table 4). In general we
find that models with higher number of parame-
ters are significantly better than the models with
lower number of parameters, e.g. Llama-3.1-70B
vs Llama-3.1-8B.

We further provide two types of analyses based
on the performance of ChatGPT-40 on the hard
task; one reflects the distribution of cumulative tag-
counts for each tag (Section 3.3) in both correct and
incorrect HTML code generation samples (Figure
2), and another, the distribution of all tag-counts in
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Figure 2: Error rate of GPT-40 by total tag counts
(binned) and Tag-counts for correct vs. incorrect HTML
code generations (hard task).

incorrect HTML code generations samples (Figure
2). In both of the figures, we notice a common
trend of increasing error rates with the increasing
number of tag-counts, which confirms that LLMs
struggle in structured HTML code generation, espe-
cially when they are tasked with generating greater
number of HTML tags. It should also be noted
that this observation is more pronounced in deeply
nested tags such as “div”, “p”, “h1” and “h2” in
contrast to the rest of the shallow nested tags, be-
cause, depending on the nesting structure, these
labels are generated many folds compared to their
containing parents (Figure 2).

4.1.4 Math Results

Table 1 reports the math format following the per-
centage accuracy in the Easy (final answer style)
and Hard (final answer and bullet point style) cat-
egories, using GSM8K as the underlying bench-
mark. As consistently shown, most models pro-
duce significantly worse GSMS8K scores in both
Easy and Hard settings compared to how they
are normally evaluated in standard benchmarks
(Gao et al., 2024). For example, Gemini-1.5-pro
achieves 77.3% for Easy and 73.39% for Hard set-
tings while originally achieving 91.7% in the stan-
dardized test. In fact, while most closed-source
models presented in Table 1 achieve more than
90% in the standard benchmark (Gao et al., 2024),
they suffer significant performance drops in our
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Figure 3: Error Rates of GPT-40 in GSM8K math rea-
soning across 20 Hard formats.

math evaluations, with a margin as high as 70%.
This shows that those models are not as reliably and
consistently good at math as previously thought. In-
stead, they may have overfitted to certain formats
and styles. Notably, among closed-source group,
smaller and older models such as GPT-3.5-turbo
or Claude-3-haiku exhibit considerable degrada-
tion with scores below 40%. Likewise, the trend
is even worse for most open-source models, such
as Mixtral-8x7B, which degrade to below 10% ac-
curacy. Overall, the results generally suggest that
existing math reasoning comparisons between mod-
els are likely unreliable and unfair unless tested on
a large number of different, diverse, and impartial
formats, which our framework may serve as a more
robust evaluation alternative.

To provide better insights, in Figure 3, we plot
the error rates of GPT-40 in GSM8K when tested
in 20 hard formats. Despite being a significantly
strong frontier model, GPT-40 clocks in vastly dif-
ferent performances depending on particular for-
mats. Specifically, it achieves perfect scores, with
zero error rate, in format IDs 1 to 4, but fails in
other formats with error rates as high as 84%. This
suggests that the model may have been overfitted to
certain popular formats, while struggles with novel
ones. Further manual inspections suggest, however,
that the model may still produce accurate final an-
swers, but resist to follow the instructed formats,
leading to the samples being marked as failure.

4.2 Correlation to General Reasoning

To understand whether StructTest could be a
“cheap” proxy of general reasoning ability in LLMs,
we compare the average accuracy in StructTest
with popular benchmarks including LLM Arena
and MMLU in Table 4. We include all the models
for which we could find both Arena and MMLU
scores. The correlation (Pearson’s product-moment

LLM StructTest Arena MMLU
Phi-3-mini-128k 19.30 1,037 68.10
Mistral-7B 13.94 1,072 60.10
Llama-3.1-8B 33.73 1,175 73.00
Mixtral-8x7B 16.85 1,114 70.60
Llama-3.1-70B 65.99 1,248 86.00
" GPT-3.5-turbo 3843 1,117  70.00
GPT-40-mini 57.57 1,273 82.00
GPT-40 72.46 1,366 88.70
Gemini-1.5-pro 61.51 1,302 85.90
Claude-3-haiku 35.95 1,179 75.20
Claude-3-opus 68.81 1,248 86.80
Claude-3.5-sonnet 69.26 1,283 88.70

Table 4: Comparison of StructTest average accuracy
with ChatBot Arena score and MMLU accuracy
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Figure 4: Correlation of various StructTest setups
against ChatBot Arena and MMLU

coefficient) between StructTest and Arena is 92.5%
and the same for StructTest and MMLU is 96.3%.
Such results highlight that StructTest, though be-
ing naturally unbiased, cheap to evaluate, and ro-
bust to data contamination, offers strongly corre-
lated evaluation results compared to expensive and
resource-intensive benchmarks like ChatBot Arena
and MMLU.

To better understand how various task domains
and difficulty settings affect correlation to existing
benchmarks, we show a 2D scatter plot in Figure 4.
We can see that Math has the highest correlation
in four task domains and Hard settings yield better
correlation than Easy settings.

5 Conclusion

We have proposed StructTest, a programmatically
verifiable benchmark for evaluating instruction-
following capabilities through structured outputs.
StructTest is a cheap-to-run, unbiased, robust
benchmark with adjustable difficulty levels. Evalu-
ation results show StructTest to be a good proxy for
evaluating general reasoning ability in LLMs. We
believe StructTest offers a critical, complementary
approach to existing LLLM evaluations.



6 Limitations

Constrained Decoding Adding a selective con-
straint to output space while decoding, has been
shown to be effective in boosting performance in
entity linking (Cao et al., 2021), machine transla-
tion (Post and Vilar, 2018), and secure code gener-
ation (Fu et al., 2024). While it is interesting to see
how constrained decoding can help StructTest, it
is not included in the scope of this study: applying
constraints to all domains in StructTest can be a
highly complex setup as the allowed output struc-
ture in our benchmark is quite flexible for Summa-
rization, Code and Math domains.

Inference Scaling In this paper, we acquire
model response based on direct generation given
input prompt. In literature, researchers have ex-
plored inference scaling methods which increase
inference compute for better performance includ-
ing Monte Carlo Tree Search (MCTS)(Wan et al.,
2024b), best-of-n(Li et al., 2023), majority vot-
ing(Wang et al., 2023), and reflexion(Shinn et al.,
2023). While it is possible to apply inference scal-
ing methods like reflexion to StructTest as a new
setting to benchmark how LLMs handle feedback
and multi-turn generation, we have not included
this aspect in the current version of StructTest and
leave it for future work
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A Closed-Source Model Versions

We show the API version used in our evaluation
results for close-source models in Appendix A.
The inference for all closed-source models was
performed during 27th November 2024 to 14th De-
cember 2024.

Model API Version
GPT-3.5-turbo gpt-3.5-turbo-0125
GPT-40-mini gpt-40-mini-2024-07-18
GPT-40 gpt-40-2024-08-06

Gemini-1.5-pro gemini-1.5-pro-002
Claude-3-haiku claude-3-haiku-20240307
Claude-3-opus claude-3-opus-20240229
Claude-3.5-sonnet  claude-3-5-sonnet-20241022

Table 5: Closed-source model versions used in Evalua-
tion Results

B Examples for Different Tasks

We show examples for each summarization task in
Figures 5 to 11, and examples for each coding task
in Figures 12 to 15.
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Figure 5: Test example for length task in Summarization.

Figure 6: Test example for bullet points task in Summarization.




Figure 7: Test example for numbered points task in Summarization.

Figure 8: Test example for questions task in Summarization.



Figure 9: Test example for combination of bullet points and length task in Summarization.

Figure 10: Test example for combination of numbered points and length task in Summarization.



Figure 11: Test example for indented bullet points task in Summarization.
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Figure 12: Test example for add ‘print’ statements task with one-shot prompting.




Figure 13: Test example for replace variables task with one-shot prompting.
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Figure 14: Test example for test case input generation (easy) task with one-shot prompting. Easy level task
contains only function-based code, whereas the hard level task is mainly composed of problems using standard
input-output stream.
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Figure 15: Test example for simulate execution task with one-shot prompting.
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