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Abstract—This innovative practice full paper describes the
effectiveness of self-hosted large language models (LLMs) in
assisting with the automatic grading of CS1 assignments.

Educators often rely on automated review of student code
submissions in larger courses. Despite recent advancements,
current systems primarily focus on assessing functionality, with
important aspects such as code structure, efficiency, and style
often relegated to secondary foci. LLMs provide an increasingly
attractive addition to these systems to enhance those overlooked
areas. Prior research has shown LLM’s capable of assisting
students in understanding and resolving programmer error mes-
sages, correcting syntax errors, providing enhanced explanations
of code segments, or even generating code.

The absence of freely available, purpose-designed LLMs for
grading and providing feedback on code submissions prevents
widespread adoption by educators.

Remotely-hosted systems, such as fine-tuned GPT models, have
shown promise, yet the associated risks of privacy breaches,
ethical considerations, and recurring costs make this approach
unfeasible as a universal solution. To mitigate these concerns, self-
hosted open-source models are an alternative that can operate
on consumer-grade hardware and prevent some privacy and
security concerns. While no purpose-built solution yet exists, it is
unclear if any existing models are powerful enough to facilitate
automated grading. To explore these questions, we present a two-
phase analysis, leveraging real grading data from a semester
length, introductory CS1 course with 124 students and nine
programming projects. Nine stable LLM models were selected
and repeatedly prompted to grade student submissions using the
same context that a human teaching assistant (TA) was given.

This paper analyzes 1,172,383 API requests, totaling 33.4 days
of active runtime, evaluating model consistency, ability to adhere
to specified constraints, and comparison to human-generated
grades. The results show various models’ inability to consistently
grade assignments, albeit with some exceptions. The importance
of providing comprehensive context to models was highlighted, as
incomplete contexts resulted in worse performance. Other models
struggled with longer prompts, delivering less consistent results.
Despite disparities between AI-generated and human-assigned
grades, the potential for refinement is clear; improved rubrics
or selective fine-tuning could enhance model output.

Future work will focus on analyzing models’ qualitative
justifications for grades, refining rubrics, training on domain-
specific datasets, and fine-tuning the highest performing models
to potentially improve grading accuracy.

Index Terms—Large language model (LLMs), automated as-

sessment tools (AATs), CS1

I. INTRODUCTION

As the demand for computer science education continues,
maintaining consistency, accuracy, and speed in assessing
student assignments is integral to managing larger courses.
Traditional manual grading methods often suffer from subjec-
tivity, inconsistency, and considerable time requirements [14,
26, 30]. In response, Automated Assessment Tools (AATs)
have emerged as promising solutions. While originally these
systems existed to help instructors ease the task of grading
student work [14, 15], educators quickly understood the pos-
itive role these systems could have on the student submission
process. Researchers began using AATs to aid students in
understanding error messages, code decision trees, insecure
code, and stylistic errors [8, 38]. Recent systems are capable
of hint generation, intelligent tutoring, getting students to start
assignments sooner, and personalized feedback [1, 8, 10, 22].

However, AATs come with inherent flaws. From the stu-
dent’s viewpoint, challenges arise from failing test cases due
to spelling errors, rigid output matching criteria, inflexible test
cases, and demands to adhere to specific formats. Meanwhile,
educators often find that these systems only evaluate output,
lacking a holistic assessment of students’ submissions. Mit-
igating these issues often demands more effort than directly
using human feedback [29, 30]. While large language models
(LLMs) are not the sole remedy, they offer an opportunity
to integrate elements into existing AAT frameworks, thereby
addressing some of these limitations.

LLMs demonstrate proficiency in understanding and gener-
ating human-like text, responding to queries, generating code,
completing tasks, and engaging in dialogue. Recent research
has already highlighted AI’s capacity to enhance compiler
error messages, conduct static analysis, and provide detail to
program error messages [3, 19, 35].

The adoption of LLMs for assessing student submissions
is gaining traction, with some educators embracing industry
solutions. For example, Gradescope, a for-profit AAT [37], has
introduced an AI feature that streamlines the grading process



by grouping similar student responses for efficient collective
evaluation. Additionally, initiatives like those at Stanford and
Code.org are actively developing AI models to facilitate the
grading of Scratch programs [7, 24]. These efforts mark a
significant shift towards harnessing AI to enhance the effi-
ciency and effectiveness of educational assessment processes.
By employing AI to analyze test case outputs and student code,
there is potential to introduce more flexible grading paradigms,
complementing the established benefits of traditional methods.

For educators seeking to integrate LLMs into their edu-
cational systems, a common approach involves incorporating
remotely-hosted (RH) solutions like GPT’s API. However, this
integration can give rise to significant concerns, including
those related to privacy, security, and cost. Students and profes-
sionals frequently input sensitive data to LLMs without realiz-
ing that the models they are interacting with are trained on the
prompts they receive, creating important privacy concerns. A
code snippet could inadvertently contain sensitive information,
such as student names, passwords, or other intellectual prop-
erty. This oversight can have consequences, as evidenced by
prominent instances where proprietary information has been
inadvertently revealed as output to users [31].

Price is another limiting factor, with the potential to create
gaps between educators who can afford the cutting-edge ver-
sions, and those who cannot. AI continues to be a significant
financial drain, with companies losing billions to retain users.
Pricing of remote solutions may well increase to offset these
losses in the near future [12, 33].

Open-source, locally-hosted (OSLH) LLMs present a com-
pelling alternative to RH models. By enabling educators to
download and deploy these models on local servers or personal
computers, they gain access to a customizable and private
environment where requests never leave a private network.
This approach not only addresses concerns related to privacy
and security but also eliminates the dependency on external
providers, mitigating the risk of rising costs associated with
remote solutions. Furthermore, by embracing open-source
solutions, educators can foster collaboration and innovation
within the educational community, ensuring equitable access
to advanced AI technologies regardless of financial constraints.

This preliminary study examines how effectively OSLH
LLMs can grade student submissions from a midsized CS1
course during the 2023 semester. In this study, we pose three
research questions:

RQ1: Given enough context, are OSLH models able to assess
student submissions accurately and consistently?

RQ2: How does the complexity and length of a programming
assignment affect OSLH LLM’s grading performance?

RQ3: Which of the OSLH models perform well when tested
with real world grading data?

II. RELATED WORK

Recent research has explored various facets of using LLMs
for grading in educational settings, particularly in computer
science courses. These studies highlight both the potential and
limitations of AI-assisted grading systems.

Enhancement of error message interpretation and automated
fixes in programming assignments are a significant area of in-
quiry. Studies show that providing context to LLMs improves
their ability to produce correct explanations and specific fixes
for programming errors, thereby enhancing the utility of AI
in educational settings for introductory courses [35]. AI has
also been shown to be able to solve the complex problems
of advanced programming courses. OpenAI’s Codex has been
tested in Computer Science 2 (CS2) exams and demonstrated
a high capacity for solving complex programming tasks,
positioning it favorably among the top quartile of student
performers [9]. By providing the appropriate context to the
models, we aim to significantly improve the likelihood of
consistent and accurate model outputs.

The impact of AI on grading practices has been a significant
area of focus. LLMs like GPT-4 generally perform well in
grading tasks, achieving an overall accuracy of 75%, although
they struggle to accurately identify failing submissions [25].
The application of Chain-of-Thought (CoT) prompts particu-
larly with contextual instructions and scoring rubrics improve
the scoring performance of AI grading, further highlighting
the importance of providing context [18].

The integration of AI in educational settings presents sev-
eral challenges. AATs have shown effectiveness in verifying
functional correctness during lab sessions, yet they fall short in
assessing comprehensive criteria during tests and exams [20].
Such tools also tend to be more effective for high-achieving
students and less dependable for those with lower academic
performance. Furthermore, automatic assessment is known
to struggle to recognize contradictions and is less effective
for students with poor language skills [36]. Additionally, the
quality of outputs from large language models (LLMs) is
sometimes inconsistent. For example, in a high school algebra
class, 30% of ChatGPT-generated hints were rejected due to
incorrect answers or flawed solution steps [28].

The perception of fairness and accuracy in AI grading has
also been explored. Students are skeptical of this technology,
believing that AI-graded questions are statistically significantly
less accurate than other grading methods [2]. These per-
ceptions highlight the need for transparency and educational
initiatives to build trust and understanding of AI’s capabilities
and limitations in academic settings.

Theoretical research has explored this topic as well. One
scenario discussed is an overburdened professor considering an
AI grading service to help manage their heavy workload [16].
The benefits claimed are time savings and consistent feedback,
while the pitfalls include privacy, legal, ethical, and quality
concerns. A core motivation for our research is to identify the
most effective strategies for integrating a successful model into
an existing AAT framework, with the goal of utilizing AI to
further alleviate instructor workloads.

III. METHOD

A. Environment and Model Selection

Our testing infrastructure was comprised of an NVIDIA
RTX 4090 GPU with 24 Gigabytes of GDDR6X VRAM, a i9-



9900K CPU, and 32 Gigabytes of RAM, with a total machine
cost of $2600 USD based on market prices in early 2024. This
configuration was chosen to mirror the hardware accessible to
typical small to midsize university departments.

The software tool Ollama [27] was used to simplify the
local management of LLMs, providing a vast selection of
pre-configured models optimized for various AI tasks. Even
with this tool, identifying ideal hardware limits for models
is not straightforward. The Ollama documentation provides
some insight, noting: “You should have at least 8 GB of RAM
available to run the 7B [billion parameters] models, 16 GB to
run the 13B models, and 32 GB to run the 33B models.” [27]
However, this does not take into consideration GPU con-
straints, stability concerns, or increased response times, which
could occur if not paired with an environment equipped with
sufficient resources. GPU’s have a finite memory bandwidth,
often a bottleneck when running or training larger models [23].
This block results in increased idle times, throttling, degra-
dation of output, and increased crash rates [23]. Given the
constraints of a consumer-grade 4090, we restricted the list of
OSLHs to those with parameters ≤ 13B.

Although the NVIDIA RTX 4090 leverages the latest tensor
cores, offering substantial memory bandwidth and compu-
tational power, it is still inadequate for managing models
above 13B. The hardware demands to run such larger models
are often enormous and far exceed a typical department’s
instructional budget. Furthermore, by selecting models within
this parameter range, we can minimize instability, crashes,
and increase consistency. By focusing on models within the
13B threshold, we aim to balance the trade-offs between
performance and resource availability.

Further expanding on Ollama, this lightweight and exten-
sible framework offers an API for creating, running, and
managing models locally. Its pre-built library facilitates easy
integration into various applications, such as API requests via
curl, or Python libraries such as Langchain [17].

With the proliferation of LLM’s, there has been a significant
increase in the number of OSLH models available. To evaluate
the best candidate models for this experiment, we relied on
two main indicators. The first indicator used was downloads
from the Ollama website, as well as community feedback on
model stability. Numerous OSLH models make lofty claims
of performance, yet often proved to be incorrectly ported
to the Ollama platform, preventing API requests from being
processed correctly.

The second indicator that was used was the Open LLM
Leaderboard on Hugging Face [4]. The Open LLM Leader-
board was designed to navigate the rapidly evolving landscape
of LLMs and chatbots, providing clarity on the genuine
progress within the open-source community and identifying
the current state-of-the-art models. This platform evaluates
models based on seven key benchmarks within the EleutherAI
Language Model Evaluation Harness [11], aiming to test a
variety of reasoning and general knowledge across different
fields. The benchmarks include the AI2 Reasoning Chal-
lenge [5], HellaSwag [39], MMLU [13], TruthfulQA [21],

Winogrande [34], and GSM8k [6], with evaluations in both
0-shot and few-shot settings to assess models’ reasoning,
inference, and knowledge capabilities.

Detailed results and logs of these evaluations are publicly
accessible, with numerical outcomes available on the Hug-
ging Face dataset page, and model details and community
queries updated regularly. To ensure replicability, the Open
LLM Leaderboard specifies the use of the EleutherAI Harness
with detailed instructions for reproducing results. Models are
categorized by their training approach, including pre-trained,
fine-tuned, chat models, and base merges, with icons indicating
their classification. For our study, we chose exclusively pre-
trained models easily available through Ollama.

Model
Name

Size
(B)

Description

Codellama 7 Meta model specialized for code generation and
understanding.

Llama2 7, 13 Meta general-purpose language model designed
for efficient inference, optimized for chat and
dialogue applications.

Mistral 7 Mistal AI general-purpose model designed for
high performance with an efficient interface.

Orca 2 7 Microsoft model fine-tuned on Llama 2 for en-
hanced reasoning abilities using synthetic data.

Phi2 2.7 Microsoft model adept at common-sense reason-
ing and language understanding, performs well
in QA, chat, and code.

Qwen 14 Alibaba Cloud model pre-trained on web texts,
books, and code, excels in common-sense, rea-
soning, code, and mathematics.

Solar 10.7 Upstage AI model built on depth up-Scaling
technique for single-turn conversation.

Tinyllama 1.1 StatNLP Research Group model optimized for
low computation and memory footprint apps.

Yarn-
Llama2

7 Nous Research extension of Llama 2 specialized
in processing extended context sizes.

TABLE I: Summary of Selected Language Models

B. Experiment design

To answer our research questions, we designed a study in
three phases:

1) A stability assessment phase for OSLH LLMs using
deliberately incorrect code solutions,

2) Using promising OSLH LLMs to grade student submis-
sions from a CS1 course, and

3) Comparing the grading performance of OSLH LLMs
against actual grades assigned by human teaching as-
sistants (TAs) or instructors.

C. Stability Assessment (Phase 1)

The first phase of this experiment was to assess if models
were capable of consistently producing usable output, and
stable enough to maintain thousands of sequential API requests
with varying token lengths.

To manage this, we tasked a model with generating 300
diverse incorrect solutions for the first CS1 assignment, en-
compassing errors in both semantics and logic. Each submis-
sion underwent testing against the assignments test case suite
producing results accordingly.



The prompt to the models was structured as follows:
• Code: The generated incorrect code solution.
• Assignment Description: The instructions provided to the

students and the expected output required for the project.
• Test Case Results: The students’ submissions are for-

matted as TAP (Test Anything Protocol) files. These files
provide detailed test results by running the submissions
against the test cases of a known working assignment.
This process highlights any discrepancies between the
expected and actual results. (see Figure 1)

• Grading Rubric: The guidelines for assigning points. The
same rubric was given for every assignment, and it is the
same one that TAs used when grading.

• Expected output: We enforced JSON as the response
format in the LangChain model caller. This format, which
includes “Grade”: (X/100), “Reasons”: [...].

not ok 1 - Example test name
---
description: ’A simple example’
got: ’actual output’
expected: ’expected output’
diff:
- ’< expected output’
- ’> actual output’

...

Fig. 1: Example of a Test Anything Protocol (TAP) Formatted
Output, Demonstrating a Comparison of Linux Diff Outputs.

To ensure ample data for analysis, each LLM received 50
identical prompts per submission, with responses promptly
checked for validity. At this stage failure was assessed based
on three criteria: a null check, adherence to requested JSON
format, and a naive check for indications of a grade using text
processing algorithms. Any poorly formatted outputs triggered
a logging of failure and repetition of the process. These types
of failures are defined as a pre-processing error, ϕpre.

This protocol aimed to mitigate potential output irregulari-
ties due to processing issues. If a model could not provide
an appropriate response after ten attempts, it was marked
as failure, and evaluation proceeded to the next iteration.
This approach sought to balance efficiency with accuracy and
reliability. Under ideal circumstances, with no model skips,
this would result in 15,000 LLM output runs.

These failure checks, while able to eliminate basic mistakes,
were not able to catch all of the varied output possibilities.
Thus, another set of assessments was developed to process
API responses that passed the initial failure checks but still
contained unacceptable data. We extracted grades from the
model’s output accommodating variations in formatting such
as different prefixes, optional quotes, and a variety of sep-
arators. This algorithm handles numeric grades, including
decimals and fractions, and discards non-digit characters. It
also ensures adherence to common punctuation conventions.
Despite the careful design of the extraction algorithm, there
remained instances where grades still could not be extracted

from the LLM output. These types of failures are defined as
a post-processing error, ϕpost:

• ϕrange - Extracted grades do not fall within the ac-
ceptable range of 5 to 100. Occasionally, outputs may
mistakenly identify a student’s ID number as a grade or
display invalid grades such as 0 or 1.

• ϕdiff - When multiple grades appear in a single re-
sponse, the algorithm assesses whether the difference
between the highest and lowest grade exceeds one.

• ϕformat - The required format for entering grades is
’X/100’. Often, the output incorrectly presents only the
placeholder text ’X/100’ without an actual grade, ren-
dering it invalid.

• ϕempty - This error message appears when the system is
unable to identify any valid grades in the input provided.

D. Assessing Student Submissions (Phase 2)

For phase 2 of this experiment, the top six performing
models from phase 1 were given the task of grading student
submissions from a CS1 course. The CS1 course, with 124
students and nine weekly programming assignments, used
an established AAT [10], which stored student data for this
project. To enhance the reliability of findings from this phase,
each model repeated 100 iterations per submission. Under
ideal circumstances, where models did not skip any iterations,
this would yield a total of 111,600 LLM output runs.

The prompt for Phase 2 remained consistent with Phase
1, consisting of the student code, assignment description,
and test case results tailored to each specific submission and
assignment. As in phase 1, each iteration was required to
adhere to the output format: “Grade”: (X/100), “Reasons”: [...].

In addition, Phase 2 maintained the robust ϕpre and ϕpost

detection mechanisms, allowing for up to ten repeat requests
and comprehensive failure logging, as outlined in the pre-
ceding section. These measures ensured thorough scrutiny
of model responses and enabled the identification of errors
encountered during the grading process.

IV. RESULTS

A. Phase 1: Trial Phase

In this experiment, the aim was to compare the performance
of various models through their ability to predict grades
accurately. In phase 1 of the experiment, two key metrics
were used: success rate and the pooled standard deviation.
Success rate (π) measures how often a grade can be extracted
from a given model’s 15K runs (300 deliberately wrong code
submissions, 50 iterations each).

Meanwhile, the pooled standard deviation (σp) measures
the consistency of model outputs across all submissions and
iterations. This was done by calculating the σ for each model’s
50 iterations on a particular submission, recording the number
of successful extractions for each iteration, and accounting for
the total number of σ calculated. σp ensures more weight is
given to the iterations with larger extraction rate, and thus
higher sample size. This calculation reflects the variability of
grades across all submissions for a specific model.



A composite score for each model was then calculated
by weighting these metrics, C = 0.7 × π + 0.3 × 1/σ̃p.
The π carries more weight because it is essential for a
model to reliably output a grade before evaluating the grade’s
consistency. Without a high π, a meaningful analysis of grade
variability cannot occur, thus making this metric crucial. Only
30% of inverted, normalized, pooled standard deviation (1/σ̃p)
is contributed to the score because it relies on having sufficient
grade data in the first place. This balanced approach helps
identify the models that perform best in both accuracy and
consistency.

TABLE II: Phase 1 Model Statistics and Composite Scores

Model Success (%) Pooled Std. Dev. Composite
(π) (σp) Score

Solar 100.0 7.7 0.9875
Llama2-7b 90.0 8.8 0.8628
Llama2-13b 90.9 11.4 0.8268

Mistral 89.4 12.2 0.7973
Codellama-7b 91.5 15.3 0.7653

Phi 66.7 10.3 0.5896
Orca2-7b 67.2 14.0 0.5301

Yarn-llama2 66.4 23.4 0.3581
Qwen-14b 33.8 6.9 0.3000

Codellama-13b 54.6 21.9 0.2589
Tinyllama 50.3 24.1 0.1753

The purpose of generating this composite score was to select
the top six models for the phase 2 of the study. These models
needed a simple metric to evaluate how well each model would
do in the next phase, where they would do this same task on
actual code submissions from a CS1 class.

B. Phase 2: Testing Student Written Code

After choosing the models to test in phase 2, analysis was
started on CS1 student work that would be fed into each
model. The prompts and subsequent data were divided into two
categories: perfect grades (assignments that received a 100)
and non-perfect grades (assignments scored below 100). This
separation serves two purposes. Firstly, non-perfect grades
provide more information to the model because the input
prompts included the TAP difference file, whereas if there are
no differences, the input simply states, “Student’s code passed
all tests,” resulting in shorter input statements. Secondly, as
mentioned previously, in a real-world application, there would
be minimal need to grade perfect submissions since passing
all test cases is a clear indicator of success.

Examining the average token count per assignment, divided
into perfect and non-perfect categories, indicates which models
perform better with longer prompt token counts. Figure 2
illustrates this trend, revealing that input statements for non-
perfect grades tend to be lengthier compared to those for
perfect grades, due to the test result having more tokens. As
assignments progress, both the complexity of the homework
prompt and the resultant student code increases. The gap
between perfect and non-perfect submissions also widens, with
increasingly complex testing results.

Looking at the total amount of ϕpre, figure 3 reveals that
Assignment 9 (“A9”) had the highest frequency of ϕpre,

Fig. 2: Average Input Token Count for Each Assignment.

Fig. 3: ϕpre per Model, per Assignment.

which as previously stated include checks for empty responses,
invalid output structure via strict JSON format, and a quick
check for an indication of a grade. A9 accounted for 24.9% of
all ϕpre. Close behind, A6 accounted for 20.7%. The models
that experienced high rates of ϕpre include Phi (accounting
for 42.7% of all total ϕpre), Llama2-13b (23.6%), and Mistral
(13.2%) while Solar (5.0%), Codellama (5.7%), and Llama2
(9.8%) had low rates of these errors.

Showing the total amounts of ϕpost, the data from figure 4
indicates that Llama2, Solar, and Mistral having experienced
the lowest levels of ϕpost among the models, accounting for
3.8%, 7.0%, and 12.3% of the total ϕpost among all models.
Phi, Llama3-13b, and Codellama on the other hand recorded
high amounts of these failures, accounting for 41.5%, 20.2%,
and 15.4%. Notably, A9 (accounting for 15.4% of errors
among all assignments) had the second most ϕpost, while A6
(32.2%) had by far the highest overall ϕpost.

The predominant error type that emerged in testing was
no grade found, (ϕempty = 50.2%). As shown in Figure 5,
the distribution of error types varied across different models.
For example, Llama2-13b frequently generated template code
errors (ϕformat = 56.4%), while Mistral often produced
grades outside the range 5-100 (ϕrange = 48%).



Fig. 4: Total ϕpost per Model, per Assignment.

Fig. 5: Post-Processing Errors (ϕpost) by Failure Category.

An analysis of the frequency with which grades were
extracted for each assignment (excluding ϕpre) reveals some
interesting results. As depicted in Figure 6, Solar achieved
the highest π across all assignments, with the lowest π being
98.7%, except for A6. In this case, Solar only managed to
extract the grade 14.5% of the time. Meanwhile, Llama2
showcased its adaptability by achieving the highest model π
of 72.9% on A6, as well as having a high π on the other
assignments. On the other hand, Phi struggled to extract grades
consistently, with its best performance being a 71.6% π on A1
and goes down as low as 10.3%. Mistral and Codellama did
fairly well, but A6 and A9 hurt their performance.

Given ϕpre, ϕpost and successful extractions (as shown in
Figure 7), Solar had the best π with 79.8%, followed close by
Llama2 with 75.1%, and then by Codellama and Mistral with
68.9% and 61.3% respectively. Llama2-13b had only 44.2%,
while Phi had a mere 20.5%.

In total, there were 497,488 successful extractions, 289,386
ϕpre, and 144,089 ϕpost, bringing the total number of queries
processed by these LLMs in Phase 2 to 930,963.

To assess the success of this phase, we measure how
consistently the model assigned a particular grade, partnered
with accuracy in reflecting the actual grade. To measure

Fig. 6: Grade Extraction Heatmap (Excluding ϕpre): π per
Model, per Assignment (Red = High Success).

Fig. 7: ϕpre, ϕpost, and Successful Extractions.

consistency, the σp was calculated for each assignment, for
each model, and for each assignment-model combination. The
assignment-model combination statistic was then visualized
in a heatmap (Figure 8). The scale of 0-10 was chosen to
represent the range of σp, indicating a practical upper limit for
variability in grade predictions, where a higher value reflects
greater inconsistency among the model’s predictions.

The heatmaps indicate that the models were unable to assign
a consistent grade. Solar had the lowest σp for non-perfect
scores at 6.6 overall, while Llama2 had 6.9. Every other model
had a σp above 10. The maximum σp was A6 at 14.7.

The grades predicted by the model were compared against
the actual human-generated grades awarded in the course.
The average weighted predicted grade was calculated for each
student for each assignment. These predicted grades were



Fig. 8: Non-perfect grade σp per Model, per Assignment (Red
= Success, 0 Inconsistency).

then directly compared with the actual grades received. The
absolute value was taken on the difference to not reward
models for having a scattershot approach (having numbers
both above and below the actual grade). These differences are
visually represented in a matrix format, correlating assignment
numbers with model predictions, as shown in Figure 9.

Figure 9 demonstrates how every model is not consistently
aligned with the grades given by TAs during the semester.
Codellama marginally did the best at an average weighted
absolute value difference of 12.0. Llama2 and Llama2-13b
had similar numbers of 13.3 and 13.5. Phi and Mistral were
at 14.0 and Solar was at 15.3. A9 experienced the highest
average absolute difference at 21.5.

To further this point, two more metrics were calculated. For
each grade produced for a particular assignment, the output
was compared with the actual grade. It was subsequently
assessed whether it fell within a margin of 5 or 10 points of the
grade. These results show that Mistral was the best performing
model at this metric with 40.5% of all grades within 5 points,
and 55.8% of all grades within 10 points.

V. DISCUSSION AND CONCLUSION

The findings indicate that of the tested OSLHs with pa-
rameters ≤ 13B, most models are inconsistent in assigning
numeric grades. Solar, Llama2, and Mistral exhibited the most
consistency of the tested models, but were still not very
consistent. Although A6 is an outlier for all models, it was
the only assignment including a reference to a diagram that
was integral to comprehension.

This reinforces previous research indicating that providing
more context to models results in more accurate outputs [35].
What is equally interesting is it provides insights into what
information models are using to render decisions. Unlike

Fig. 9: Non-Perfect Grade Average of Absolute Value Differ-
ence per Model, per Assignment (Red = Success, 0 Difference)

traditional input/output assessment, models seem to be taking a
holistic approach, as A6 had the same type of test case results.

Each model had different strengths and weaknesses. For
instance, some models had more difficulty when not given the
full context. In Solar’s case, most failures occurred due to the
issues identified with A6. Similarly, prompt length affected
some models more than others. For example, Mistral was
particularly sensitive to longer prompts, especially in ϕpre.
In contrast, Llama2 handled these extreme edge cases more
effectively, achieving the highest π in A6 and the second-
highest in A9 during Phase 2.

Despite the disparities between the actual grades assigned
and those assigned by TAs for a given assignment, this
research underscores the potential of certain models for re-
finement and further investigation.

A. Threats to Validity

The benchmarks used to select the models had limitations.
The Open LLM Leaderboard benchmarks, not tailored for
grading CS1 assignments, may not fully reflect real-world
performance. In addition, the downloads indicator could have
been influenced by marketing and user familiarity. However,
using both indicators helped to mitigate these limitations.

The findings presented are influenced by the fundamental
reality that the performance of models is inherently limited
by the hardware they operate on [40]. While there is a
possibility that specific models, notably Llama2-13B, could
achieve better performance with more advanced hardware,
all tested models operated within the recommended hardware
specifications outlined by Ollama. Moreover, while investing
in a significantly more expensive testing platform is conceiv-
able, such a decision would directly contradict one of the key
motivations behind the importance of evaluating self-hosted
models: cost-effectiveness. This consideration is especially



pertinent in the context of universities, particularly amidst
periods of downsizing and budgetary constraints [32]. While
leveraging RH platforms may appear cost-effective in the short
term for small prompt sizes, it raises significant security and
ethical concerns, rendering it an impractical option for many
universities. In phase one, when utilizing incorrect solutions
based on A1, we initially explored generating responses using
GPT-4 as another point of comparison. However, after 2,104
API calls, our API bill cost $123.73, averaging around $0.064
per API request for one of our shortest prompt length submis-
sions. Even under ideal circumstances, assuming no rejected
results in phase one (which was not the case in practice), this
would lead to an expected average bill of $952.5 for 15,000
API requests. Extrapolating this to phase two with 111,600
API calls, where prompt lengths were often double in size,
yields a conservative lower bound estimate of $7,087.

Our findings also extend to an incomplete dataset, where
the N values associated with iterations lacked uniformity.
While one can continuously prompt models until feedback is
consistently formatted, there is no guarantee of termination.
Opting instead to assign a failure rate to models after 10
repeated failed outputs helps underscore inconsistencies in the
models’ capacity to adhere to specific output formats, a critical
aspect to consider in workflows necessitating swift parsing of
model outputs. This is a necessary reality if you intend to
integrate this into any existing AAT workflow.

The study, conducted in a CS1 course at our university
using our custom AAT, may yield different results at other
institutions due to varying factors such as hardware, software,
institutional priorities, or the teaching of different CS courses.

B. Conclusion

To address the research questions outlined in our introduc-
tion, we conducted an extensive analysis on 1,172,383 API
requests, totaling 33.4 days of active runtime. Our findings
indicate that there is inconsistency in providing grades and
difficulty in aligning with human-assigned grades. However,
these issues improve when more context is provided [RQ1].
As assignment complexity increases (resulting in longer
prompts), some models maintain π, while others decline. Solar
marginally improved as prompt complexity increased [RQ2].

Two models—Solar, and Llama2—consistently delivered
output with relatively low failure rates, each excelling in
specific metrics. Llama2 performed well with low context
input statements and matched the TA-generated grade more
than other models. In contrast, Solar achieved a higher π,
showed the lowest σp, and was more effective with longer
inputs. Definitively identifying the best model depends on
what one weighs as the more important criteria [RQ3].

VI. FUTURE WORK

Our experimental prompt requests both a grade and a justifi-
cation for the assigned grade. The work presented here focuses
on evaluating the models’ ability to provide consistent and
accurate grades. If a model cannot accurately or consistently
assign a grade to a submission, it is difficult to have confidence

in its reasoning for point deductions. However, with data
showing consistent model output, even if the result differs
from the human-generated grade, it is worth examining why
models claim to have deducted points. The analysis of these
qualitative results is already in progress.

Further exploration could focus on refining rubrics, as
a more detailed and specific grading rubric could mitigate
subjectivity and enhance consistency, not only among LLMs
but also among human graders. Moreover, employing custom
models, ensemble models, or training on domain-specific
datasets for CS1 may enhance their grading capabilities. For
top-performing models, fine-tuning them to better comprehend
nuances and to weigh particular aspects of a student’s submis-
sion could lead to even more promising results.

Another crucial consideration is refining the presented eval-
uation frameworks to assess grading quality more accurately.
Currently, the grading was based solely on the score provided
by the TA. This process could be enhanced by incorporating
inter-rater reliability and conducting error analysis to identify
common mistakes. With better performance metrics, the grad-
ing process can be rigorously evaluated and improved.

These models as currently constituted should not determine
final student grades. Instead, these models should be used
to assist TAs by providing additional feedback, supporting
consistent and efficient grading while ensuring that human
evaluators make the final decision.
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