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Motivation
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How to Generate Feedback for Text Exercises?

2
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Solution

Grading
Instructions

Other Context

3 Output Feedback |
Suggestions |

Max Tokens (~4000 for GPT-3.5-Turbo)
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How to Generate Feedback for Text Exercises?

Format Predict Parse
Prompt Completion Suggestions

JeC

As Much Context as
*Simplified for presentation Possible
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System Message

1 |You are now an evaluator for feedback accuracy generated by
a machine—learning system.
2

# Task
4 |Your task is to estimate if a human tutor would accept or
reject the feedback suggestion and how much modification is

[LM-as-a-Judge ..o Evaluation

7 | Accept feedback that is useful to the tutor, meaning that Prompt

it can be applied to the submission with minor or no
modification. Our goal is to reduce the workload of tutors
and reduce their cognitive load. Reject feedback that is
not useful and would burden the tutor.

w

ot

9 |Put the focus on the description of the feedback, the title
is optional. The ‘line_start ‘ and ‘line_end ‘ should make
sense with respect to the submission but do not need to be
exact. Credits should make sense with respect to the
feedback and the submission but also do not need to be
exact .

10
11 |# Submission (with sentence numbers <number>: <sentence>):
12 | {submission}

13
14 |# Example (Human) Feedback:
15 | {true_feedbacks}

GPT-4 Approximate
Human Message Human Preference

1 |### Model Output:
{predicted_feedbacks}

[V}

< Reject GPT-4 estimates accepted with minor modification
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Evaluation — Text Exercises (Multiple LLMs)

Model Tokens Time (s) Feedbacks Est. Acc. (%)
GPT-3.5-Turbo 1522 0.08 3.03 82.2%
GPT-4 1406 10.09 3.32 80.1%
LLaMA-2-13b-Chat 2008 22.21 1.91 44.5%

Benchmarked on 100 submissions of HO4EO1 Coupling and Cohesion
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Evaluation — Text Exercises (LLM-as-a-judge)
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Benchmarked on 100 submissions of HO4EO1 Coupling and Cohesion (303 pieces of feedback)
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Evaluation — Text Exercises (Multiple Exercises)

ID Tokens Time (s) Feedbacks Est. Acc. (%)
4160 1522 0.08 3.03 82.2
4101 1813 3.43 1.22 64.8
4238 2145 9.41 6.75 78.3
4082 2196 10.24 7.04 73.6
4162 1961 8.30 3.01 98.0

Benchmarked on 100 submissions each
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Evaluation — Text Exercises (Multiple Exercises)

ID Tokens Time (s) Feedbacks Est. Acc. (%)

4160 1522 0.58 3.03 82.2
4101 1813 3.43 1.22 64.8
4238 2145 9.41 6.75 78.3
4082 2196 10.24 7.04 73.6
4162 1961 8.30 3.01 98.0

"

~$0.004 per submission with GPT-3.5-Turbo
Performs well and costs are low £

Next Step: Live evaluation on Artemis
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How to Generate Feedback for Programming Exercises?
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o Solution Repository Tests
Long Problem Repository Differences Results
Statement

'va Too Much Context!!
i [t

) ﬁ_‘_ Much more
e Context
Template
Submission p.

Repository Build Outputs Repository
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Generate Feedback Suggestions per File

N L L L LR ‘
Spllt Problem Cha.ngedi «iterative» E
Statement by File files .
(Generate Fe_edback
Split Gradin \__Suggestions
Instrﬂctions bygFiIe

____________________________________

*Simplified for presentation
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Evaluation — Programming Exercises

Model Tokens Time (s) Feedbacks
GPT-3.5-Turbo 12953 57.08 10.81
GPT-4 11409 160.85 18.70

LN

~$0,026 per submission with GPT-3.5-Turbo
~$0,35 per submission with GPT-4

Evaluated on 48 submissions each (Shoppende Pinguine)
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Eyeballing the
Suggestions

.classpath
.gitattributes
.gitignore

.project

[ Premiu... 1

[ Priceab... 1

src/pgdp/collections/Basket.java

1 package pgdp.collections;

2
3 import java.util.x;

4  import java.util.HashMap;
5

6

public class Basket<T extends Priceable> {

References file:src/pgdp/collections/Basket.java_line:6-6

05 Deklarationen der Klassen Suggestion
’ Richtig. Typparameter von Basket ist korrekt umgesetzt.
& Accept <+ Reject
7 private HashMap<String,Integer> hm;
8 public Basket() {
9 hm=new HashMap<String,Integer>();
10 +

References file:src/pgdp/collections/Basket.java_line:8-10

~ Inhalt der Klassen Suggestion
05 5 - ) o
ﬁlchtlg. Attribute werden passend initialisiert.
& Accept < Reject
11 public void addItem(T item) {
12 if(item==null) {
13 throw new IllegalArgumentException();
14 it

There is some usable and correct feedback
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Evaluation — Takeaways

Not usable for tutors, yet
But overall very promising with a lot of potential!

Next Step: More sophisticated approach
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Future Work — Fine-Tuning

® | openai.com @

@OpenAl

GPT-3.5 Turbo
fine-tuning and
APl updates

Developers can now bring their own data
to customize GPT-3.5 Turbo for their use
cases.

Lrama 2: Open Foundation and Fine-Tuned Chat Models

Hugo Touvron* Louis Martin' Kevin Stone!

Peter Albert Amjad Almahairi Yasmine Babaei Nikolay Bashlykov Soumya Batra
Prajjwal Bhargava Shruti Bhosale Dan Bikel Lukas Blecher Cristian Canton Ferrer Moya Chen
Guillem Cucurull David Esiobu Jude Fernandes Jeremy Fu Wenyin Fu_Brian Fuller
Cynthia Gao Vedanuj Goswami Naman Goyal Anthony Hartshorn Saghar Hosseini Rui Hou
Hakan Inan Marcin Kardas Viktor Kerkez Madian Khabsa Isabel Kloumann Artem Korenev
Punit Singh Koura Marie-Anne Lachaux Thibaut Lavril Jenya Lee Diana Liskovich
Yinghai Lu Yuning Mao Xavier Martinet Todor Mihaylov Pushkar Mishra
Igor Molybog Yixin Nie Andrew Poulton Jeremy Reizenstein Rashi Rungta Kalyan Saladi
Alan Schelten Ruan Silva Eric Michael Smith Ranjan Subramanian Xiaoging Ellen Tan Binh Tang
Ross Taylor Adina Williams Jian Xiang Kuan Puxin Xu Zheng Yan liyan Zarov Yuchen Zhang
Angela Fan Melanie Kambadur Sharan Narang Aurelien Rodriguez Robert Stojnic
Sergey Edunov  Thomas Scialom”

GenAl Meta

Abstract

In this work, we develop and release Llama 2, a collection g
large language models (LLMs) ranging in scale from 7 bj
Our fine-funed LLMs, called Ltama 2-Criar, are optimi
models outperform open-source chat models on most b

our human evaluations for helpfulness and safety, my

source models. We provide a detailed description ofy
improvements of Ltawma 2-Crat in order to enable

contribute to the responsible development of LLI

“Eq L thors: {tscialom, ht
“Second author

Contributions for all the authors can be found in Section A.1
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Future Work — Agentic Approach for Programming Exercises

Code Agent

Test failed for sort()
| need to first look at
sort then check the
problem statement

Emulate the tutor’s actions!
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Future Work — Modeling Exercises
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Further reading:
* My thesis
* Paul Schwind’s thesis
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Backup Slides — Analysis Object Model
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Backup Slides — Dynamic Mode
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Backup Slides — Dynamic Model
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Backup Slides — Artemis
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Backup Slides — Playground
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Backup Slides — Hardware-Software Mapping
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Backup Slides — Text Exercises
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Backup Slides — Programming Exercises
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ot
S
=)
[en)
T
i

Exercise Type ]
4000 F B Text ]
I Programming

T
PR T

3000

2000

1000

Number of Participating Students

D D NN N Ay VGRS o)
Ve Ve Ve (Ve gV

& N & N & N S S

Semester

Figure A.2: Student Participation Trends in Text and Programming Exercises
Across Semesters.
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Backup Slides
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Figure A.3: Student-to-Assessor Ratios in Artemis Courses. Data shows the cor-
relation between the number of participating students and assessors,
broken down by text and programming exercises per course. The
regression lines have coefficients of 0.029 for text and 0.032 for pro-
gramming exercises and exclude courses solely reliant on automated
assessments, i.e. Zero assessors.
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Backup Slides — Text Exercises
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Figure A.4: Distribution of Languages in Text Exercises.
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Backup Slides — Text Exercises
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Figure A.5: Distribution of Text Submissions Length in Characters.
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Backup Slides — Text Exercises
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Figure A.7: Usage of Structured Grading Instructions in Text Exercises. “Not
Used (Empty)” refers to feedback that has no content and liked grad-
ing instruction, probably due to deletion of the grading instruction.
“Extended” denotes feedback that is linked to a grading instruction,
but also additional comments.

Figure A.6: Distribution of Feedback Types for Text Exercises Across Semesters.
“Automatic” and “Automatic Adapted” refer to feedback provided
by CoFee [BB19]. “Referenced” feedback is linked to a specific text
passage, whereas “Unreferenced” feedback is not.
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Backup Slides — Programming Exercises
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Figure A.8: Analysis of Referenced and Unreferenced Feedback in Text Exer-
cises.
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Backup Slides — Programming Exercises
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Figure A.9: Distribution of Programming Languages in Programming Exercises.
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Backup Slides — Programming Exercises
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(2) Manual Feedback Types. (b) Automatic Feedback Types.

Figure A.10: Distribution of Feedback Types for Programming Exercises Across

Semesters. _ .
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Backup Slides — Programming Exercises
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Figure A.11: Usage of Structured Grading Instructions in Programming Exer-
cises for Manual Feedback.
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Backup Slides — Programming Exercises
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Figure A.12: Analysis of Referenced and Unreferenced Feedback in Program-
ming Exercises.
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