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About Me

● PhD student at Stanford CS Department
● Interested in AI+Education

○ How can AI help improve access to 
high-quality education (e.g. intelligent tutoring 
systems)?

○ How does AI hurt humans’ cognitive skills 
(e.g. overreliance, skill atrophy)?

● Contact: megha@cs.stanford.edu 



Motivation: Pre-training relies on internet-scale data



Motivation: Most data was created via some “edit process”



What can we learn from 
edit traces?

Motivation: Most data was created via some “edit process”



Importance of showing “edits” in education

● Showing work encourages student to 
understand a concept beyond 
“memorizing” 

● Helps teacher learn what concepts a 
student understands

● Helps student get more granular 
feedback



Prior Work: Deep Knowledge Tracing

[Piech et. al., 2015]

● First deep learning approach to student modeling
● LSTM over student answer history
● Only final student answer (correct/incorrect) and simple discrete featurization



Prior Work: LM-Knowledge Tracing

[Srivastava et. al., 2021]

● First language-model based approach to student modeling
● Student answer history placed in-context
● Text featurization helps capture complex learning concepts (e.g. grammar, person)
● Only final student answer 



Importance of showing “edits” in education

● Encourages student to understand a 
concept beyond “memorizing” 

● Helps teacher learn what concepts a 
student understands

● Helps student get more granular 
feedback

A good student model should also 
capture a student’s process during 
problem-solving 



Model “reasoning” has strange behavior



Reasoning in code generation models

● Reasoning traces → significant 
increase in performance

● Often synthetically generated 
● Always filtering for traces that lead 

to correct answer

Do they reflect how real users reason 
and solve programming problems?



Why do we want to model student programming behavior? 

1. Predict whether a student will solve a problem correctly
a. Useful for assessments / standardized testing

2. Predict how long a student will take to solve certain concepts
a. Useful for feedback / intelligent tutoring system design

3. Help a student recover from a bug / incorrect program state
4. Capture personalization style (comments, colors)
5. Simulate a “population” of students for curricula design



Outline

1. Overview of Pencil Code dataset
2. Evaluation Metrics
3. Experimental Results

a. Behavioral
b. Representational: Code Embeddings
c. Representational: Student Embeddings
d. Adapting to new students
e. Error recovery + steering

4. Discussion



Pencil Code

● Used across a variety of school districts for intro programming 
assignments
○ Typically K-12 students

● Students can use both block-based (similar to Scratch) and 
script-based programming (CoffeeScript)

● Many educational resources with sample programming assignments 

[Bau et. al., 2015]





“Execute” button for user to visualize



Program Trace: snowman

● Sequence of programs at each “execute” step for an assignment

CODE 1 (2018-12-13 16:48:42):
Speed 40
bk 50
dot aqua, 150
fd 100
dot aqua, 100
fd 70
dot aqua, 50

CODE 2 (2018-12-13 16:48:50):
speed 40
bk 50
dot aqua, 150
fd 100
dot aqua, 100
fd 70
dot aqua, 50

CODE 3 (2018-12-13 16:50:03):
speed 40
bk 50
dot aqua, 150
fd 100
dot aqua, 100
fd 70
dot aqua, 50
jumpto -200, -125



Program Trace: snowman

CODE 1 (2018-12-10 16:11:38):
#<NAME>, 3rd, Snowman
dot white, 50
fd 100

CODE 2 (2018-12-10 16:12:17):
#<NAME>, 3rd, Snowman
dot white, 100

CODE 3 (2018-12-10 16:13:46):
#<NAME>, 3rd, Snowman
for [1..3]
  dot snow, 100

● Sequence of programs at each “execute” step for an assignment



Program Trace: snowman

CODE 1 (2018-11-14 12:18:03):
#<NAME>, snowman
speed 20
pen darkorchid
dot 1000
pen cornflowerblue
dot 100
fd 60
dot 80
fd 60
dot 60
pen null
#buttons
bk 35
dot 10
...

CODE 2 (2018-11-14 12:18:10):
#<NAME>, snowman
speed 1
pen darkorchid
dot 1000
pen cornflowerblue
dot 100
fd 60
dot 80
fd 60
dot 60
pen null
#buttons
bk 35
dot 10
…

● Sequence of programs at each “execute” step for an assignment



Pencil Code Dataset Overview

● 3.8 Million Program Traces
● > 1 Million Students
● > 200k unique assignments
● 2016-2025 range
● Heavy long-tail behavior

For the same assignment, 
students can show strong 

individual variation. 





Evaluation Methodology
● Behavioral: Conditional generation of an entire program trace given 

program title and student embedding 
○ 200 classroom assignments, random 50 students

● Representational: Linear probe over last layer embeddings to predict 
different properties 

● Test Sets: (seen/unseen) students + (seen/unseen) titles
● Downsampling: control for number of tokens between 

trace/synthetic and last



● Modeling real student traces leads to more accurate last programs ( trace 
>> synthetic) for unseen students ( trace >> last)

● BLEU: n-gram overlap similarity of predicted program 
to ground truth for user/title

● Averaged across 1, 2, 3, 4-n grams



● Modeling real student traces leads to more diverse last programs ( trace >> 
synthetic/last) for seen students and titles

● Self-BLEU: n-gram overlap similarity 
between model generations

● Averaged across 1, 2, 3, 4-n grams



● Title carries a lot of useful information about program behavior
● Student embedding captures time / comment behavior



● Synthetic traces don’t fully capture richness of student edit types 
(trace >> synthetic)



● Backtracking correlation increases for titles that are seen more

Goal Backtracking: average likelihood a 
student’s edit leads to an increase in edit 
distance between current and final program



Evaluation Methodology
● Behavioral: Conditional generation of an entire program trace given 

program title and student embedding 
○ 200 classroom assignments, random 50 students

● Representational: Linear probe over last layer embeddings to predict 
different properties 

● Test Sets: (seen/unseen) students + (seen/unseen) titles
● Downsampling: control for number of tokens between 

trace/synthetic and last



● Code embeddings capture variety of useful properties (compare with 
gray bars)

● Shuffling student ID worsens performance of code embeddings, 
showing importance of personalization 



● Student embeddings from trace model outperform those from last
● E.g. training on student reasoning helps the model better represent if a 

student will write correct code for a new assignment 



What happens if we see a completely new student?



● What happens if we see a completely new student?
● Frozen fine-tuning: only update the student embedding on a few 

sample traces from new student
● Fine-tuning improves ability to personalize to a brand new student, but 

plateaus after ~3 new traces. 



How can trace models be used to help students? 



● Error recovery: conditionally generate trace given a sub-trace leading 
to an incorrect state

● trace >> synthetic at error recovery



● Error recovery: conditionally generate trace given a sub-trace leading 
to an incorrect state

● trace >> synthetic at error recovery
● Using a strong student embedding improves trace accuracy

○ As expected, harms similarity with ground truth of original user
○ Student embeddings → form of controllability

● Increasing “thinking time” (via prefix) leads to shorter trace lengths



Future Work

● Generative Populations: Create synthetic “classroom” of different 
students
○ E.g. What mistakes might a student make for a program? 
○ E.g. If I set a limit of 5 minutes, how many students will progress?

● Exploration: Dataset has many examples like “untitled” where 
students just randomly play around with the environment – what topics 
to students tend to self-learn? How critical are assignments?

● Synthetic Design: How can we create synthetic data with more 
“human-like” behavior? 

https://github.com/meghabyte/pencilcode-public


