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As you settle in, login to AIBAT (AI Behavior Analysis Tool)
trail.wcer.wisc.edu/aibat



[Turn & Talk for 2 minutes] 
How do you evaluate AI in your context?











Get into pairs or triads. One person in a group, 
login to AIBAT (AI Behavior Analysis Tool)

trail.wcer.wisc.edu/aibat



Context
● Design-based roller coaster unit for motion, forces & energy (8th-grade physics)

● ~12 weeks · 3 teachers · 238 consenting students, 2 Midwest districts

● Students use CoMPASS (a concept-map e-textbook) and an online roller-coaster simulator to gather evidence

● Final task: write an essay justifying their roller coaster design using physics evidence from their trials

CoMPASS e-textbook with navigable concept maps (left) and the roller coaster simulation students used to run experiments (right)



Human Annotations

CONTENT UNIT K EY

CU0
Greater height → greater Potential Energy

CU1
Down the track: PE decreases as KE increases

CU2
CU2   Total energy (PE + KE) stays constant

CU3
Law of Conservation of Energy

CU4
Hill height should be lower than the initial drop

CU5
Mass → energy

E1: The drop height of my roller coster is going to be 5 meters. This is because the more height the car has the more 
potential energy. For example, when my drop height was 2 meters the potential energy was 977 joules. When I 
increased the drop height to 3 meters the potential energy increased 489 joules. When the car got to the bottom of the 
drop, the kinetic energy was greater the more height it had at the begining.
Kinetic energy and Potential energy add up to the total amount of energy. The conservation of energy law states that 
energy cannot be created or distroyed. At the top of drop the potential energy has the total amount of energy, but as 
the car goes down the drop it tranfers into kinetic energy. Once it is at the very bottom, potential energy has 0 joules 
and kinetic energy has the total amount because kinetic energy is involved with velocity. Potential energy is based on 
three things, one of them is height. The greater the height the more potential energy. When the car starts 3 meters tall 
the potenial energy is 1466 joules. If you put a hill that is 4 meters tall then there will simply not be enough to get over 
the hill. The energy can't be created or distoryed, the car only has enough to get up 3 meters. Also the more mass the 
car has the more energy because potential energy is height x mass x gravity. The greater the mass the greater the 
energy.
My roller coster will have an initial drop of 5 meters and will have a hill right after that is only 2 meters high. The car will
make if over easily expecially because the mass is 50 kg. After the hill the car will be able to go farther will hills, loops, 
ect. So it is really fin and fast but it is still safe.



S T U D Y  1

Prompt vs. Supervise

RE SEARC H  QUE S TI ON

How effective are pre-trained and finetuned general-purpose language models, compared to 
feature-engineered models, at assessing inquiry-based science explanations?



How the essays were annotated

1 Coder 1 — Domain Expert

● 8th-grade science teacher for a decade

● Now a science education researcher

● Authored the CU rubric

2 Coder 2 — Research Assistant

● Undergraduate research assistant

● Trained directly by Coder 1 on the rubric

● Coded independently to check consistency

BOTH CODERS INDEPENDENTLY ANNOTATED THE SAME 10% OF ESSAYS, THEN COHEN'S KAPPA MEASURED THEIR AGREEMENT

Slight Fair Moderate Substantial Almost Perfect

0.0 1.0

κ = 0.768

κ = 0.768 → substantial agreement (Landis & Koch, 1977).  Disagreements were resolved through discussion; one coder then annotated the remaining ~90% of 
essays alone, highlighting the exact sentence matching each concept unit.



From 350 essays to a labeled dataset

350
ESSAYS  CODED

175 students × initial + revised 
drafts, hand-coded by 2 raters 

(κ = .768)

→

~170
AC CEPTABLE / CU

Sentences matching the rubric, 
pulled straight from the essays 

(144–229 per CU)

→

~940
UNACC EPTABLE / C U

~900 sampled via k-means 
clustering to keep them diverse 

(880–965 per CU)

→

1,109
SENTENCES  / CU

~15:85 acceptable-to-unacceptable 
ratio, same 5 CV folds for every 

model



M E T H O D  ·  M O D E L S

Two open-source LMs

Llama 3 (8B-Instruct)

● Decoder-only transformer from Meta AI

● Pretrained on 15 trillion tokens + RLHF instruction-tuning

● Used for BOTH prompting and finetuning

● Runs locally on a single Nvidia A40 GPU

RoBERTa-large

● Encoder-only transformer, BERT family

● Masked-language-model pretraining, dynamic masking, no next-
sentence prediction

● Used for supervised finetuning AND entailment-based zero-shot

● Widely used already for classification in education research

Why local, open models instead of GPT-4?  Keeps sensitive student writing off third-party servers, and avoids per-token API costs.



M E T H O D  O V E R V I E W

Two ways to get a model to grade a sentence

P Prompting

● Write instructions in plain text; the pretrained model predicts 
directly

● No labeled data or training required

● Highly flexible - redefine the task by editing the prompt

● Output can be inconsistent (“incorrect” vs. “not correct”)

S



M E T H O D  ·  P R O M P T I N G

Zero-shot → few-shot → chain-of-thought

Zero-Shot
just the rubric

“Does the sentence contain the physics 
concept: ‘Greater height means greater 
Potential Energy.’ If yes, return acceptable. 
Otherwise, return unacceptable:”

[+ target sentence appended here]

Few-Shot
+ 2 worked examples

Task: Does the Answer describe the given 
Concept?

Ex. 1 — Concept: height → PE. Answer: 
“The more mass an object has, the more PE 
it has.” Decision: Unacceptable
Ex. 2 — Concept: height → PE. Answer: 
“The total energy will never change.” 
Decision: Unacceptable
[+ target sentence to classify]

Chain-of-Thought
+ reasoning first

Same setup as few-shot, plus:

“Explain your reasoning first, then make 
your decision.”

Ex. 1 — Answer: “...the more height, the 
more PE it has.” Explanation: correctly links 
height with PE. Decision: Acceptable
Ex. 2 — Answer: “The total energy will 
never change.” Explanation: mentions 
energy, not PE or height. Decision: 
Unacceptable



M E T H O D  O V E R V I E W

Two ways to get a model to grade a sentence

P Prompting

● Write instructions in plain text; the pretrained model predicts 
directly

● No labeled data or training required

● Highly flexible - redefine the task by editing the prompt

● Output can be inconsistent (“incorrect” vs. “not correct”)

S Supervised Learning

● Show the model many labeled examples; it learns task-
specific weights

● Needs annotated data + training compute

● Rigid - new task means new labels and retraining

● Consistent, evaluable output (fixed label set)



M E T H O D  ·  S U P E R V I S E D  F I N E T U N I N G

Teaching the models directly on human annotated data

RoBERTa - full finetuning

● Classification head + softmax layer on top of roberta-large

● Trained with cross-entropy loss, up to 20 epochs

● Early stopping (patience = 8) to avoid overfitting

● One model per concept unit per fold (6 × 5 = 30 models)

Llama 3 - LoRA finetuning

● Parameter-efficient finetuning via Low-Rank Adaptation (LoRA)

● Implemented with Unsloth to cut training memory

● 3 epochs, learning rate = 2e-4

● Updates small adapter weights, not all 8B parameters



M E T H O D  ·  S U P E R V I S E D  F I N E T U N I N G

Teaching the models directly on human annotated data

RoBERTa - full finetuning

● Classification head + softmax layer on top of roberta-large

● Trained with cross-entropy loss, up to 20 epochs

● Early stopping (patience = 8) to avoid overfitting

● One model per concept unit per fold (6 × 5 = 30 models)

Llama 3 - LoRA finetuning

● Parameter-efficient finetuning via Low-Rank Adaptation (LoRA)

● Implemented with Unsloth to cut training memory

● 3 epochs, learning rate = 2e-4

● Updates small adapter weights, not all 8B parameters

5 - F O LD  C R O S S - V A L I D A T I O N

1
The 1,109-sentence dataset for each 
concept is split into 5 folds 2

Each model trains on 4 folds and is 
tested on the 5th, rotating until every 
fold is held out once

3
The reported score is the average across 
all 5 folds



M E T H O D  ·  F E A T U R E - E N G I N E E R E D  M O D E L S

A non-LM baseline: hand-crafted features + classic classifiers

Hand-engineered features

● Lexico-grammatical: sentence & token length, punctuation, 
parse-tree depth, type-token ratio, connectives

● Semantic: word and part-of-speech bi-/tri-gram counts

● Task-specific: TF-IDF similarity & KL divergence to each 
concept’s core examples

● Fit on the training folds only - same 5 folds as the LMs

Three scikit-learn classifiers

● Logistic Regression (L2, C = 1.0)

● Decision Tree (Gini, library defaults)

● XGBoost (100 trees, max depth 6)

● Trains on a standard laptop - no GPU needed; coefficients & 
rules are inspectable



R E S U L T S

Full supervision wins in performance

0.46

0.41

0.58
0.56

0.49

0.89

0.75

0.67

0.74

0.85

0.79
0.82

0.91
0.88

0.97
0.93

0.90
0.93

0.0

0.2

0.4

0.6

0.8

1.0

Llama 3
Zero-Shot

Llama 3
Few-Shot

Llama 3
CoT

RoBERTa
RTE

Llama 3
Finetuned

RoBERTa
Finetuned

Logistic
Regression

Decision
Tree

XGBoost

Av
er

ag
e 

ac
ro

ss
 6

 c
on

ce
pt

s

Average F1 (primary metric) Average accuracy Always predict “unacceptable” (accuracy 0.85)

K EY T AK E A WA YS

● RoBERTa finetuned is best on every concept 
- avg. F1 0.89 (0.86–0.94), accuracy ≥ 0.94

● Feature-engineered models are the runner-
up - Logistic Regression F1 0.75, XGBoost 
0.74

● Prompted Llama 3 reaches 0.79–0.85 
accuracy but only 0.41–0.58 F1 - no better 
than always guessing “unacceptable”

● Finetuning did not help Llama 3 (F1 0.49), 
with large swings across folds



Performance vs. the resources each model demands

R E S U L T S  ·  T R A D E - O F F S

Qualitative schematic after the paper’s Fig. 3. Ease, data, and compute levels are the authors’ judgments; F1 is the 6 -concept average.



S T U D Y  2

Contextual Evaluation of Language 
Models with Behavior Analysis







[Turn & Talk for 2 minutes] 
What linguistic variations matter in your context?











Get into pairs or triads. One person in a group, 
login to AIBAT (AI Behavior Analysis Tool)

trail.wcer.wisc.edu/aibat



M OT I V A T I O N

Contextual Evaluation

● Performance metrics on data drawn from the same distribution as training

● What happens when you use the model in a new context? 

● Multilingual leaners, neurodivergent students, biology or history lesson

● Can we test the models for variations we expect in a new context?



M E T H O D

Behavior Analysis

Base sentence (Acceptable):  “Kinetic energy is the energy of motion.”

INV Robustness (acronyms, spelling)

“KE is enrgy of motion.”

→ Label should stay the same: Acceptable

INV Fairness (multilingualism)

“KE is energía of motion.”

→ Label should stay the same: Acceptable

DIR Taxonomy (antonym)

“KE is energy of rest.”

→ Label should flip: Unacceptable



M E T H O D  ·  F R A M E W O R K

Two building blocks: what to test, how it should respond

BE HAVIOR T YPES  - how output shoul d r espond

INV
Invariance

Output should NOT change - e.g. “PE” vs. “potential energy” 
shouldn’t flip the label

DIR
Directional Change

Output SHOULD change predictably - e.g. negating a correct answer 
should flip it

LINGUISTIC CAPABILITIES  - what to te st

K Knowledge  - Basic concept correctness

R Robustness  - Spelling errors, acronyms, paraphrasing

T Taxonomy  - Synonyms & antonyms of key words

N Negation  - Adding “not” shouldn’t confuse the model

F Fairness  - Spanish-translated words, multilingual writing



M E T H O D  ·  S T U D Y  S E T U P

Same models, same 6 concepts - a new 747-test suite

Reuses the six language-model conditions from Part 1: Llama 3 (Zero/Few-Shot, CoT, Finetuned) and RoBERTa (RTE, Finetuned) - no new models 
trained.

B Y  C A PA B I LI T Y

227
Knowledge

294
Robustness

108
Taxonomy

70
Fairness

48
Negation

B Y  B E H A V IO R  T YP E

536
Invariance (INV)

105
Directional (DIR)



R E S U L T S

The 0.97-accuracy model fails about a third of behavior tests

H EA DL I N E

RoBERTa Finetuned

0.97 → 0.66

The best-performing model in Part 1 sees 
the steepest drop of any model once 
tested for expected variations. Every 
model drops - about 22% on average.

0.85

0.79
0.82

0.91

0.88

0.97

0.59
0.57

0.69

0.78

0.75

0.66

0.5

0.6

0.7

0.8

0.9

1.0

Llama 3 ZS Llama 3 FS Llama 3 CoT RoBERTa RTE Llama 3 FT RoBERTa FT

Standard accuracy (Part 1, 5-fold CV) Behavior-test pass rate (Part 2)



T A K E A W A Y

Why behavior analysis matters

1 Works without big data

2 Surfaces hidden failures

3 Localizes root causes

Together: don’t just ask “how accurate is it?” - ask “accurate on what, and robust to what?”



Shanglin Yang
MS, Carnegie Mellon University



Thank you
Behavior Analysis Tool: trail.wcer.wisc.edu/aibat

Questions?
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