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Abstract
In this project, we propose EduGPT to act
as a helpful course assistant for EPFL. We
achieve this by firstly doing Direct Prefer-
ence Optimization (DPO) on the base model,
OpenHermes 2.5 Mistral 7B (Ope, 2024), with
EPFL preference pair dataset, and then im-
proving MCQ answering performance by fine-
tuning with various MCQ datasets. Finally, the
model’s memory cost is improved by Quantiza-
tion.

1 Introduction

Large language models (LLMs) achieved great
break-through recently, and its power of generating
and understanding text is attested by many success-
ful LLM. LLM has huge potential to be used for
educational purpose such as provide answer and
explanation to a academic questions. In this project,
we aim to provide EduGPT targeting for academic
questions answering.

Current open-source LLM is trained with gen-
eral text, and thus often struggle with accuracy,
and efficiency for academic questions. Methods
like Reinforcement Learning from Human Feed-
back (RLHF) (Christiano et al., 2017) and Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) help improving the model by teaching with
human’s preference. Many MCQ datasets are open-
sourced, and can ensure the correctness. Quantiza-
tion methods effectively help reduce the memory
cost of LLM both in training stage and inference
stage.

EduGPT improve the accuracy and efficiency
by building on the base model, OpenHermes 2.5
Mistral 7B (Ope, 2024), and enhancing it through a
series of specialized training processes. Firstly, we
applied DPO using an EPFL-specific preference
pair dataset to align the model’s responses with the
expectations of the EPFL academic environment.
Following this, we fine-tuned the model with a vari-
ety of MCQA datasets to boost its performance on

standardized testing formats. Finally, we tackled
the issue of high memory usage by implementing
advanced quantization techniques (Dettmers et al.,
2024, 2022), reducing the model’s footprint with-
out significantly compromising its performance.

The results demonstrate that EduGPT achieves
decent MCQA accuracy and overall response qual-
ity, while the quantization process ensures that
these enhancements are achieved in an efficient
manner.

2 Related Work

2.1 Human preference
Recent advancements have focused on aligning
large language models (LLMs) with human prefer-
ences to improve their performance in specific ap-
plications. One effective method is Reinforcement
Learning from Human Feedback (RLHF), which
fine-tunes models using human feedback to en-
hance response quality and relevance. This method
has been used successfully in educational tools to
provide personalized assistance and feedback to
students (Christiano et al., 2017). Direct Prefer-
ence Optimization (DPO) is another approach that
directly optimizes model parameters based on hu-
man preference data, streamlining the alignment
process by bypassing intermediate reward mod-
eling. This method can be particularly useful in
educational settings where timely and contextually
appropriate responses are crucial (Rafailov et al.,
2023).

2.2 Multiple Choice Question Answering
Multiple choice question answering (MCQA) is
similar to the task of question answering, in which
the model needs to generate answer to a question
but from a fixed set of options instead of any an-
swer (hug). For question answering, the question
will be input to the model as prompt and the gener-
ated output will be the answer, while the output of
the MCQA can be fixed to options letter, e.g. "A,



B, C, D", so either the output can either be letter
only or a repetition of the option. In (Mondal),
the correct option letter followed with repetition of
the correct option is concatenated to the question
to form the text used to do supervised fine-tuning
training (SFT). In this project, we also following
this pipeline to fine-tune our model with MCQ
datasets to improve its MCQA performance.

2.3 Quantization

Usually models are trained and stored with float 32
bit or float 16 bit. Converting the data type to 8-bit
or 4-bit can greatly reduce the memory cost. In
(Dettmers et al., 2022), vector-wise quantization to
8-bit with separate normalization constants is used
for each inner product in the matrix multiplication,
and 16-bit is used for the 0.1% outlier cases. Mem-
ory can be effectively reduced without losing much
performance. Memroy can be further reduced by 4-
bit NormalFloat proposed in (Dettmers et al., 2024).
Apart from model’s quantization, the optimizer and
LoRA in training process also can be improved
with quantization (Dettmers et al., 2021, 2024). In
this project, we utilize the QLoRA and 4-bit quan-
tization (Dettmers et al., 2024) to reduce the gpu
memory cost of out model’s training and inference.

3 Approach

The overall pipeline of EduGPT is shown in Fig-
ure 1. For DPO, since completions in EPFL dataet
are not sampled from the base model, we first ap-
ply Supervised Fine-tuning Training (SFT) with
the chosen answers to base model to initialize πref
(Rafailov et al., 2024). Then, we do DPO training
with EPFL preference pair dataset. After that, we
improve the MCQ answering performance by fine-
tuning the model after DPO with MCQA datasets
mentioned in Sec. 4.1.2. Finally, the model will
be quantized to 4-bit to reduce memory cost while
preserving performance.

3.1 Models

We choose Mistral 7B (Jiang et al., 2023) as base
model architecture for its efficiency and perfor-
mance. Key features include Sliding Window
Attention (SWA), which reduces the quadratic
complexity of attention operations and improves
throughput with a window size of W = 4096. The
Rolling Buffer Cache further optimizes memory
usage by maintaining a fixed cache size of W , over-
writing old values as new ones are added. Addition-

ally, the model utilizes pre-fill and chunking tech-
niques to handle long prompts efficiently, breaking
them into smaller chunks for processing.

In the preliminary experiment, we test the base
model’s capability of answering MCQ and how
well can it fit DPO training. Mistral 7B is veri-
fied to perform better than other models with same
size, e.g. Llama 3 8B, and and much better than
those smaller models, e.g. TinyLlama or Gemma
2B (Zhang et al., 2024; Team et al., 2024). We
also found that when doing DPO training, Chat
Model format is more suitable for the given EPFL
Course Dataset. Therefore, we choose the Open-
Hermes 2.5 Mistral 7B (Team et al., 2024), a fine-
tuned Mistral model following chat model template,
as our reference model. The hugging face id is
"teknium/OpenHermes-2.5-Mistral-7B".

3.2 Preference Pair Data collection

To make model learn as much knowledge as possi-
ble through DPO, we would like to instruct GPT-3
to generate lexically rich and complex answers. To
achieve so, we set the instruction as

You are a helpful assistant that answers
question and gives explanation

To generate diverse responses, for each question,
we use two chat instances to generate two an-
swers. Then we manually annotate compare the
two answers by Overall, correctness, relevance,
clarity, completeness, and we further incorporate
two important factors, conciseness and engage-
ment, which is believed to be important for course
assistant.

3.3 Direct Preference Optimization

As mentioned in (Rafailov et al., 2024), since com-
pletions in EPFL dataet are sampled from ChatGPT
instead of the base model, we first apply Super-
vised Fine-tuning Training (SFT) with the chosen
answers to base model to initialize πref, which is
the module (a) in Fig. 1. Our SFT procedure fol-
lows the standard loss which aims at maximizing
likelihood of preferred completions (x, yw) i.e.

πref = argmax
π

Ex,yw∼D[log π(yw|x)].

Then we do direct preference optimization
(DPO), which is the module (b) in Fig. 1. For DPO,
the loss LDPO(πθ;πref) is computed with β = 0.1
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Figure 1: Pipeline of EduGPT. Module (a): do SFT on the base model Mistral 7B with chosen completion. Module
(b): do DPO with preference pair. Module (c): do SFT with MCQ data. Module (d): do Quantization.

by

−E(x,yw,yl)∼D[ log σ(β log
πθ(yw|x)
πref(yw|x)

− β log
πθ(yl|x)
πref(yl|x)

].

3.4 MCQ Fine-tuning
MCQ answering fine-tuning process is similar to
question answering. The correct option letter is
concatenated to the question, and the concatenated
text is used to fine-tune the model following the
standard SFT training decribed in Section 3.3,
which is the module (c) in Fig. 1.

3.5 Quantization
After DPO and MCQ training, we quantize our
final model SFT+DPO+MCQ to 4-bit and also to
8-bit for comparison with methods in (Dettmers
et al., 2022, 2024), which is the module (d) in Fig.
1.

4 Experiments

4.1 Dataset
4.1.1 Preference Dataset
For DPO task, we only utilize the EPFL prefer-
ences data in order to maximize its performance
on EPFL courses. After removing the dirty prefer-
ence pair where the answer are ‘...’, there are totally
26641 preference pairs from 1522 questions. The
max length for prompt is within 1024, and only 18
answers exceed the length of 1024. Therefore, we
use 1024 for both prompt max length and answer
max length.

4.1.2 MCQA Dataset
We select all questions from both EPFL-MCQ
dataset and external datasets to form our MCQA
dataset.

EPFL-MCQ: Among 1522 questions from
EPFL preference pair dataset, 603 questions are
4-choice MCQ. We extract these 603 questions and
use ChatGPT to generate the answer to become the
EPFL-MCQ dataset. Details of ChatGPT usage is
in the appendix.

MMLU: MMLU (MIT License) (Hendrycks
et al., 2021) contains 115700 4-choice MCQ of
various subjects.

ScienceQA: ScienceQA (CC BY-NC-SA 4.0)
(Lu et al., 2022) contains many multimodal sam-
ples. Totally 1149 text 4-choice MCQ of various
science subjects are selected.

TruthfulQA: TruthfulQA (Apache License, Ver-
sion 2.0) (Lin et al., 2022) contains totally 234
4-choice MCQ of various topics.

4.1.3 Data Preprocessing
For DPO and SFT before it, since the base model
use chat model template, the EPFL preference pair
data is pre-processed to the chat format —

<|im_start|> system

You are a helpful assistant that answers
academic question and gives explana-
tion.<|im_end|>

<|im_start|> user

Question<|im_end|>

<|im_start|> assistant

Answer<|im_end|>

The Question and Answer are the prompt and cho-
sen / rejected answer in dataset.

For the MCQ fine-tuning, the same chat format
is also applied with an extra instruction of single-
choice question rule added before question —

<|im_start|> system



You are a helpful assistant that solve the
multiple choice question and answer the
correct option.<|im_end|>

<|im_start|> user

This question has a single-choice answer.
Therefore, select only one answer that
is true and none else. For example, if
the options are A, B, C, and D, you
may select only one of these (A, for
example). Here is the question: Ques-
tion<|im_end|>

<|im_start|> assistant

Answer:A/B/C/D<|im_end|>

4.2 Evaluation Metric

4.2.1 Basic Evaluation

Two evaluation metric inherited from DPO task
and MCQA task are Reward Accuracy and MCQ
Accuracy. For Quantization, the model’s size and
MCQ Accuracy will be evaluated.

Reward ACC: The reward is computed by
log πθ(y|x) − log πref(y|x). The Reward ACC is
the accuracy that the predicted reward of chosen
completion is bigger than the predicted reward of
rejected completion.

MCQ ACC: The MCQ ACC is the rate of cor-
rect option prediction.

Model Size: The memory size of the model will
be recorded against its performance of MCQ ACC.

4.2.2 Extra Evaluation

Besides, we would like to evaluate the genera-
tion ability of the model before MCQA, which
can demonstrate whether it acquires the knowledge
from the training data. For these metrics, we com-
pute the "margin" score i.e. the score of (generation,
chosen) - the score of (generation, rejected).

Bertscore: We use the F1 score of BERTScore
(Zhang et al., 2019), a metric based on BERT em-
bedding, to evaluate the similarity between candi-
date and reference sentences. BERTScore utilizes
pre-trained BERT model to compute the cosine sim-
ilarity between token embedding of the candidate
and reference sentences. It considers precision, re-
call, and F1 score, where F1 score is the harmonic
mean of precision and recall, providing a balanced
measure of similarity. This approach captures both
lexical and semantic similarity, making it suitable
for text generation tasks.

BLEU-1 (Bilingual Evaluation Understudy):
BLEU-1 (Papineni et al., 2002) is a metric for eval-
uating the quality of text which has been machine-
translated from one natural language to another. It
compares the 1-grams of the candidate translation
with the 1-grams of the reference translations and
counts the number of matches. These matches are
then weighted and averaged to produce a final score
that ranges from 0 to 1, where a higher score indi-
cates a closer match to the reference translations.

RougeL (Recall-Oriented Understudy for
Gisting Evaluation) : ROUGE-L score (Lin, 2004)
measures the longest common subsequence be-
tween the candidate and reference texts. This met-
ric is particularly effective for evaluating the qual-
ity of text generation tasks like summarization. A
higher ROUGE-L score indicates better overlap
and alignment with the reference text.

4.3 Baselines
For DPO, the optimized model first go through
SFT to align with the completion in dataset and
then go through the DPO process. It is compared
with baseline of model that directly do DPO, model
that only have SFT, and the base model Mistral 7B
without any training.

For MCQA, the baseline is the model after SFT
and DPO from previous stage.

For Quantization, the baseline is the original
checkout stored after MCQ fine-tuning, data type
of which is float 16.

4.4 Experimental details
In the experiments, all trainings are done on a sin-
gle A100 or RTX4090, with global batch size of 32
and seed 3407. After testing between learning rate
of 2e-5 and 5e-5, we discover that both SFT, DPO,
and MCQ fine-tuning have better performance with
learning rate 5e-5 and 100 warm up steps. Both
the SFT and DPO went through 2 epoch of EPFL
dataset. Both of them use the whole EPFL prefer-
ence pair dataset as the training set. For DPO we
randomly pick 10% of thre EPFL dataset questions
as validation set. MCQ fine-tuning went through
2 epoch of all MCQA datasets mentioned in Sec.
4.1.2.

To accelerate our trainings in both SFT, DPO,
and MCQ fine-tuning, we use QLoRA (Dettmers
et al., 2024) with rank 16. We have tried rank 8 and
discover that rank 16 is better.

After all the three training, the checkpoint is
originally stored in float 16. For the quantization



experiments, the original checkpoint is quantized
to 8-bit and 4-bit for evaluation.

(a) SFT (b) DPO

Figure 2: Loss of SFT and DPO training

(a) Reward Accuracy (b) Reward Margin

Figure 3: Evaluation of DPO. (a) shows the Reward
ACC of each training step. (b) shows the margin be-
tween the reward of chosen completion and reward of
rejected completion.

4.5 Results

4.5.1 Basic Metrics
Training loss of SFT and DPO are presented in Fig.
2. Evaluation results of DPO are shown in Fig. 3.
DPO achieve nearly perfect Reward ACC (around
95%) on EPFL dataset after two epoch of training.

The MCQ ACC results are shown in Table 1. We
evaluate the model on four data source seperately,
in which ’epfl’ is the full EPFL-MCQ dataset, ’sci’
is the full ScienceQA dataset, ’truth’ is the full
TruthfulQA dataset, and ’mmlu’ is the 500 samples
from MMLU dataset. From the result, we can
conclude that the 2-epoch MCQ fine-tuning do help
increase the MCQA performance of the baseline
model (sft-dpo) with an 11% to 27% increase of
MCQ ACC.

For quantization, the model size vs MCQ ACC
result is shown in Figure 4 and the exact MCQ
ACC is shown in Table 1. The MCQ ACC is also
evaluated for four data source separately. After
quantized to 4-bit, the MCQ ACC drops less than

6% for all data source, and only drops 1% on mmlu
dataset, while the model size is 0.3 times of the
original model size. The 8-bit quantization result
is also reasonable, with MCQ ACC higher than
4-bit and lower than 16-bit and model size also in
between.

epfl sci truth mmlu
sft-dpo 0.525 0.79 0.59 0.758
mcq 0.638 0.962 0.863 0.862
mcq 8bit 0.625 0.95 0.861 0.86
mcq 4bit 0.60 0.931 0.795 0.85

Table 1: Result of MCQ fine-tuning. The MCQ ACC
from each dataset. The ’sft-dpo’ is the baseline model
after finishing DPO training. ’mcq’ is the model after
MCQ fine-tuning, and ’mcq 8bit’ and ’mcq 4bit’ are the
quantized version of ’mcq’.
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Figure 4: Quantization results. The 4-bit quantization
model has size of 4.5e9 (left points), the 8-bit quanti-
zation model has size of 8e9 (middle points), and the
16-bit original model has size of 1.5e10 (right points).
The accuracy is the MCQ ACC on each dataset.

4.5.2 Extra Metrics
We also use Bertscore, BLEU-1 and RougeL to
evaluate our models (check section 4.2.2). We
choose 40 batches (40 × 8 = 320 questions) to
evaluate and compare the generating quality of
DPO+SFT model, SFT model, DPO model, base
model. As shown in Table 2, we discover that there
is increase in all metrics compared with the base
model.

5 Analysis

5.1 Selected example

The selected question is:



bleu F1 RougeL
mistral7b 0.0495 0.0009 0.0108

sft 0.0499 0.0016 0.0145
dpo 0.0463 0.0015 0.0125

sft-dpo 0.0527 0.0029 0.0192

Table 2: Averaged score over batches, The "sft-dpo"
is the model after finishing SFT and DPO training, the
"dpo" is the model directly finetuned by DPO without
SFT, the "sft" is the model after SFT without DPO, and
the "mistral7b" is the base model.

Question: If process i fails, then eventu-
ally all processes j̸=i fail Is the following
true? If a process j̸=i fails, then process
i has not failed.

The model after SFT+DPO generate the follow-
ing answer:

No, the second statement is not necessar-
ily true. The given statements suggest
a causal relationship between the failure
of process i and the failure of all other
processes (j̸=i). However, the failure of
another process j ̸=i does not imply that
process i has not failed.

Processes i and j could be independent,
meaning the failure of one does not nec-
essarily cause the other to fail. In other
words, the failure of j ̸=i does not provide
evidence that process i has not failed.

To better understand the relationship be-
tween these processes, more information
about the system or the nature of the pro-
cesses would be needed. Without that
context, we cannot assume a causal rela-
tionship or make definitive claims about
the system’s behavior."

The base model Mistral 7B generate the follow-
ing answer:

No, the statement is not necessarily true.
In the given situation, it states that if pro-
cess i fails, then eventually all processes
j ̸=i fail. However, this does not imply
that if a process j ̸=i fails, then process i
has not failed.

For example, imagine we have two pro-
cesses, A (i) and B (j̸=i). The statement
says that if A fails (process i), then even-
tually B will fail as well, since it’s differ-
ent from A. However, B failing does not

mean that A has not failed or that A is
still functioning. The failure of process
B is a separate event and is not related to
whether process A has failed or not. Each
process operates independently and its
failure does not determine the success or
failure of another independent process.

We discover that our trained model tends to pro-
vide a little more than the question after completely
explained the question, such as "more information
would be needed" to understand the system. This
is favorable because students may met a situation
when more context is provided, which making this
answer more helpful.

(a) Chosen reward (b) Rejected reward

Figure 5: Reward of chosen completion and reward of
rejected completion of each training step.

5.2 Chosen and Rejected rewards decrease at
the same time

We discover an interesting counter-intuitive phe-
nomenon that both chosen reward and rejected re-
ward decreases at the same time as shown in figure
5 [c,d], this is also observed by other groups of
researchers in this field recently (Guo and Xiong,
2024). To further analyze this, we recall the gradi-
ent computation as demonstrated in figure 6. Given
that during the training process, the possibility of
rejected samples πθ(yl|x) decreases, the coefficient
of ∇θπθ(yl|x) will dominate the gradient, when
in extreme cases (it approaches zero), it will ex-
plode to infinity. This might explain the reason of
πθ(yw|x) term is not optimized (maximized), and
keep decreasing in observations.

We suspect that controlling πθ(yl|x) can avoid
overoptimization on the rejected samples as said in
(Guo and Xiong, 2024). However, this is still an
open question, and we leave it for future research.



∇θLDPO (πθ;πref)

=− E(x,yw,yl)∼D

[(
1− σ

(
β log

πθ (yw | x)
πref (yw | x)

− β log
πθ (yl | x)
πref (yl | x)

))
×
(
β
πref (yw | x)
πθ (yw | x)

∇θπθ (yw | x)− β
πref (yl | x)
πθ (yl | x)

∇θπθ (yl | x)
)]

.

Figure 6: Gradient of DPO objective

6 Ethical considerations

Our model could be adapted to handle other high-
resource languages such as French, German, Span-
ish, and Chinese by incorporating extensive multi-
lingual datasets (de Gibert et al., 2024), utilizing
transfer learning, and implementing cross-lingual
training techniques. We could use data augmenta-
tion techniques, such as back-translation, to gen-
erate synthetic data and collaborating with local
communities and linguistic experts to gather and
validate language data.

Adapting EduGPT to interact with users in
signed languages, such as American Sign Lan-
guage (ASL), involves integrating video data of
signed language, visual recognition and gesture
generation techniques. We should choose a base
model with multimodal functionalities such as
LLaVa (Liu et al., 2023), and integrate it with de-
vices capable of capturing and interpreting sign
language, similar to advancements in gesture recog-
nition technology (Camgoz et al., 2020). Collab-
oration with sign language experts and the deaf
community is crucial to ensure accuracy and cul-
tural appropriateness.

EduGPT provides personalized learning experi-
ences since it allows excessive interactions. With
multilingual abilities, EduGPT could also interact
in French or German, tailoring the need for local
students at EPFL. However, the model may per-
petuate biases present in the training data, leading
to unfair or inaccurate responses, particularly con-
cerning gender, race, or socioeconomic status.

To mitigate this harm, we will implement
robust mechanisms to detect and correct bias
(Thomas Ph.D, 2023), regularly update training
data to include diverse and representative samples
(Dixon et al., 2018), and conduct ongoing assess-
ments to identify and correct bias.

Besides, students might exploit EduGPT for
cheating in homework and exams at EPFL, result-

ing in unfair cases. And they might also be overly
dependent on EduGPT to answer academic ques-
tions without further thinking, posing harm to their
problem-solving skills.

7 Conclusion

This project introduce EduGPT, a chat-LM target-
ing at answering academic questions. Based on
Mistral 7B, EduGPT is firstly trained with SFT,
DPO, and MCQ fine-tuning to increase answering
ability, and then compressed with quantization to
increase efficiency. The experiment results show
that EduGPT can achieve high MCQ ACC and Re-
ward ACC, and the quantization can significantly
reduce memory cost without losing performance.

However, there are limitations present in this
work. First, it takes excessive time to finetune the
model even with quantization and QLoRA, it might
be interesting to investigate a sample-efficient strat-
egy to train the model. Moreover, as demonstrated
in Section 5.2, it is required to figure out a way to
make chosen rewards increasing and rejected re-
wards decreasing for more efficient training. Lastly,
we are still using Vanilla DPO to train our model
while we can use several variants (Pal et al., 2024),
(Zeng et al., 2024) to improve the training stability
and performance of the model.

8 Team Contributions

Yufan Deng: DPO experiment and report, MCQ
dataset preparing, MCQ fine-tuning experiment
and report, Quantization experiment and report
Ho Nam Wong: DPO and SFT training, evaluation
experiment, investigate phenomenon on decrease
of both chosen / rejected rewards, report writing
Tytarenko Tymur: Evaluation Metric initial
design, investigate ethical issue, DPO dataset
preparing, report writing
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A AI Usage Appendix

The completions of preference pair data in Sec.
4.1.1 is generated by the ChatGPT API provided
by CS552. The usage details are written in Sec.
3.2.

The answer of EPFL-MCQ dataset in Sec. 4.1.2
is also generated by the ChatGPT API provided by
CS552. The instruction used for generation is

You are a helpful assistant that choose
the correct options and only answer in
"A", "B", "C", or "D"

We generate the answer multiple times and choose
the majority answer to ensure the correctness.
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