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Abstract

Large language models (LMs) have shown im-
pressive performance on many language un-
derstanding tasks. However, the high accu-
racy achieved by LMs is evaluated on end
tasks, which does not imply the model’s abil-
ity in language understanding and reasoning.
Tiered Reasoning for Intuitive Physics (TRIP)
(Storks et al., 2021) is a commonsense rea-
soning dataset proposed to evaluate the multi-
tiered performance of machines’ reasoning pro-
cesses. The empirical results on TRIP dataset
demonstrate that LMs only achieve high-end
task performance but struggle to provide sup-
porting evidence. In this project, we exper-
iment on TRIP dataset with two approaches,
namely data augmentation and incorporating
LMs and graph neural networks (GNNs), to im-
prove the model’s understanding and reasoning
ability.

1 Introduction

Commonsense reasoning is a popular research
topic in natural language understanding. Today’s
best models have already surpassed human per-
formance in challenging language understanding
tasks, including benchmarks for commonsense in-
ference (Bowman et al., 2015; Zellers et al., 2018;
Bhagavatula et al., 2019). However, there is still
suspicion about whether these models have a deep
understanding of the task (Bender and Koller, 2020;
Linzen, 2020). It is still in doubt whether the prob-
lems are truly solved and whether these models can
perform verifiable reasoning as humans do.

Tiered Reasoning for Intuitive Physics (TRIP) is
a benchmark targeting physical commonsense rea-
soning, which proposes a high-level end task for
story plausibility classification, a common proxy
task for commonsense reasoning problems (Roem-
mele et al., 2011; Mostafazadeh et al., 2016; Sap
et al., 2019b; Bisk et al., 2020a). The detailed
task about TRIP is introduced in Section 2.1. The

goal of TRIP is to help evaluate whether a high-
level plausibility prediction can be verified based
on lower-level understanding. The empirical results
in (Storks et al., 2021) show that large LMs can
achieve high end task performance (up to 78% ac-
curacy), they struggle in the low-level understand-
ing classification (only 11% accuracy in physical
state classification). Hence, this model cannot be
accounted to have a deep understanding of the task.

In order to improve the TRIP baseline model’s com-
monsense understanding ability, we experimented
on the TRIP dataset with two approaches, namely
data augmentation techniques and incorporating
LMs and GNNs for the physical state classification
task.

2 Tiered Reasoning for Intuitive Physics

2.1 Dataset

The Tiered Reasoning for Intuitive Physics (TRIP)
is a benchmark for physical commonsense reason-
ing. It proposes a high-level end task for story
plausibility classification, a common proxy task
for commonsense reasoning problems (Roemmele
et al., 2011; Mostafazadeh et al., 2016; Sap et al.,
2019b; Bisk et al., 2020a). The dataset contains
highly similar story pairs, which describe a se-
quence of concrete physical actions. (differing only
by one sentence which makes one of the stories im-
plausible) An example is shown in Figure 1 (Storks
et al., 2021), the Sentence 5 is different between
two stories. In story B, Sentence 5 is conflicted
with Sentence 2, which makes story B implausible.
They hired several separate workers to each write a
new sentence to replace a sentence in the original
story and convert it to an implausible story. Af-
ter conversion, the new story is no longer realistic
in the physical world. The quality is ensured by
a round of manual verification, all the typos are
corrected and bad stories are removed.



Figure 1: Story pair from TRIP, along with the tiers of annotation available to represent the reasoning process.

2.2 Problem statement
In this project, we mainly focus on three tasks pro-
posed in (Storks et al., 2021).

Physical state classification. For each sentence-
entity pair in each story, we need to do both precon-
dition and effect state classification. For example,
consider the entity potato in the sentence "John
cut the cooked potato in half". We should predict
the precondition is solid and the effect state is in
pieces.

Conflict detection. Next we need to identify a
pair of sentences in the form Si → Sj , where Sj

is a breakpoint and Si is the evidence that explains
why the breakpoint is a conflict. For example, in
Figure 1, Sentence 5 is a breakpoint and Sentence 2
is the evidence. In the TRIP dataset, one conflicting
sentence pair is sufficient for conflict.

Story classification The final task is to classify
which story is the story pair is plausible. This can
be achieved based on the number of conflicts de-
tected in each two stories.

The baseline model proposed in (Storks et al., 2021)
tried to solve the three tasks above, but still have
three major limitations: (1) the accuracy of phys-
ical state classification (verifiability) is poor, (2)
overfitting exists in conflict detection, (3) the con-
sistency and verifiability on low-level task cannot
be transmitted to the high-level task. In this project,
we mainly focus on the first two limitations and
propose some approaches to resolve them.

3 Related Work

Physical commonsense. There are several ex-
isting physical commonsense reasoning datasets
focusing on various classification tasks. Propara
(Mishra et al., 2018) introduces a text in which
existence and location of entities are tracked in
each sentence. Physical Interaction Question

Answering (PIQA) (Bisk et al., 2020b) devel-
ops a physical commonsense high-level end task
of multiple-choice text plausibility classification.
Other datasets focus on specific domains of phys-
ical commonsense, such as temporal reasoning
(Zhou et al., 2019), spatial reasoning (Mirzaee
et al., 2021), visual reasoning (Johnson et al., 2017;
Bakhtin et al., 2019), and multi-modal reasoning
(Hudson and Manning, 2019; Das et al., 2018; An-
derson et al., 2018; Shridhar et al., 2020).

Robust language inference. Several works fo-
cus on examine the robustness of contextual lan-
guage embeddings through syntactic and seman-
tic phenomena (Adi et al., 2016; Ettinger et al.,
2018; Tenney et al., 2019b; Hewitt and Manning,
2019; Jawahar et al., 2019; Tenney et al., 2019a),
and others have explored specialized natural lan-
guage inference tasks (Welleck et al., 2018; Up-
pal et al., 2020) and logic rules (Li et al., 2019;
Asai and Hajishirzi, 2020) for evaluating robust-
ness and consistency. Some approaches are pro-
posed to improve model robustness against exploit-
ing various types of biases (Belinkov et al., 2019;
Clark et al., 2019; Min et al., 2020). Recent works
focus on providing knowledge-supprted language
understanding by compiling large amounts of semi-
structured commonsense knowledge (Sap et al.,
2019a; Mostafazadeh et al., 2020) and injecting
this knowledge into pre-trained language models
(Bosselut et al., 2019; Zhang et al., 2019).

Knowledge-aware methods for natural language
processing Several existing approaches study
pretrained LMs’ potential as latent knowledge
bases (Pan et al., 2019; Ye et al., 2019; Petroni
et al., 2019; Bosselut et al., 2019), and other works
integrate knowledge graphs into LMs (Mihaylov
and Frank, 2018; Lin et al., 2019; Wang et al., 2019;
Yang et al., 2019; Wang et al., 2020b; Bosselut
et al., 2021).



Graph neural networks Several studies lever-
age GNNs to model the structure of text or knowl-
edge graphs (Yasunaga et al., 2017; Zhang et al.,
2018; Yasunaga and Liang, 2020; Wang et al.,
2020a).

4 Approaches

4.1 Data Augmentation

In the conflict detection problem, the validation
loss increase as the iteration increases (Storks et al.,
2021), which indicates that the model is over-fitting
on the training data. The cost of collecting more
story pairs is relatively expensive, hence, we plan
to use data augmentation techniques to resolve this.
In this project, we first plan to use some simple data
augmentation such as back translation, synonym re-
placement, etc. Furthermore, we also plan to apply
some of the ideas used in CV data augmentation,
such as sentence shuffling, word swapping, etc.

Easy Data Augmentation (EDA) Easy Data
Augmentation Techniques are proposed to improve
the performance on text classification task. It con-
sists of four simple operations (Wei and Zou, 2019).

1. Synonym Replacement (SR): Randomly
choose n words from the sentence that are
not stop words. Replace each of these words
with one of its synonyms chosen at random.

2. Random Insertion (RI): Find a random syn-
onym of a random word in the sentence that
is not a stop word. Insert that synonym into
a random position in the sentence. Do this n
times.

3. Random Swap (RS): Randomly choose two
words in the sentence and swap their positions.
Do this n times.

4. Random Deletion (RD): Randomly remove
each word in the sentence with probability p.

In order to keep the balance between the long sen-
tences and short sentences, we vary the number
of words changed, n, for SR, RI, and RS based
on the sentence length l with the formula n = pl,
where p is the parameter that indicates the percent
of the words in a sentence that changed. Further-
more, for each original sentence, we generate naug

augmented sentences.

Back Translation Back translation is another
augmentation technique that can be used to enrich
the dataset and boost the classification performance
(Beddiar et al., 2021). We first translate the original
sentence to a second language then translate back
to English.

4.2 Incorporating Large Language Models
(LMs) and Graph Neural Networks
(GNNs)

In the physical state classification (i.e., precondi-
tion and effect state classification), the TRIP base-
line models treat each (entity, sentence) pair inde-
pendently and input the contextual embedding to
a two-layer feed-forward neural network. How-
ever, it is common that an entity’s physical states
are affected by its relation with other entities in
the sentences. For example, the physical state
of the entity telephone in the sentence “Ann un-
plugged the telephone.” is intuitively correlates
with the verb unplugged. Therefore, our goal is
to extract such useful relations between entities in
a sentence and inference the physical states of en-
tities. Recently, Graph Neural Networks (GNNs)
have demonstrated the power of extracting the re-
lational information in a graph, and studies in the
question answering (QA) field (Lin et al., 2019;
Feng et al., 2020; Yasunaga et al., 2021) have in-
dicated that deep learning models incorporating
both LMs and GNNs have a stronger common-
sense question answering ability, as LMs encode
unstructured knowledge implicitly whereas GNNs
extract structured knowledge explicitly presented
in a graph (e.g., knowledge graph). Inspired by the
aforementioned works, we will try to improve the
verifiability of the baseline model’s physical state
classifier by incorporating both LMs and GNNs.
Based on the idea, our method contains two main
steps, namely constructing useful graphs based on
sentences and designing a physical classification
model incorporating LMs and GNNs.

4.2.1 Graph Construction
In order to leverage GNNs to extract relational
information between entities in a sentence, we
need to first construct an informative graph that
encodes the entity relations in the sentence. In the
question-answering (QA) task, deep learning mod-
els incorporating LMs and GNNs (Lin et al., 2019;
Feng et al., 2020; Yasunaga et al., 2021) utilize
the ConceptNet (Speer et al., 2017), a general do-
main knowledge graph as the external knowledge



graph (KGs) to construct the graph of a QA context.
Specifically, they first recognize entities mentioned
in the QA context and initialize the node set V by
linking them to the entities in ConceptNet. For
each node in V , its neighboring nodes within two
hops in ConceptNet are also added to V . The graph
G of the QA context is constructed by extracting a
subgraph from ConceptNet based on node set V .

However, the aforementioned graph construction
strategy cannot be directly applied to our setting, as
our goal of graph construction is to encode entity
relations in a sentence, whereas the goal in the QA
task is to encode the relational path information
between entities in the question and answer con-
text. As the dependency structure of a sentence
s reflects the word relations in the sentence, we
first perform dependency parsing on the sentence
and extract the dependency graph Gs = {Vs, Es},
with nodes v ∈ Vs representing words and directed
edges e ∈ Es representing dependencies. To further
incorporate commonsense knowledge, we assign
each node v ∈ Vs with its ConceptNet Number-
batch embedding xv, the word embeddings pre-
trained on ConceptNet, as its attributes. Therefore,
the constructed graph (Figure 2) has both word re-
lations from the dependency graph structure and
commonsense knowledge from node attributes gen-
erated from ConceptNet.

4.2.2 Model Architecture for Physical
Classification

Based on the contextual embedding obtained from
LMs constructed graph with node attributes, the
modified physical classification model contains two
main parts: a k-layer GNN model for extracting
relational information from the constructed graph,
and a deep neural network model to predict an
entity’s physical states based on its contextual em-
bedding and latent embedding from GNN model.
The model architecture with an input example is
shown in Figure 2, and the detailed algorithm is
displayed in Algorithm 1.

Graph Neural Network Model The general
graph neural network model uses a form of neural
message passing (Gilmer et al., 2017), where nodes
aggregate features from their neighboring nodes
and update the latent representations using a non-
linear activation function. During each message-
passing iteration of the GNN model, the latent rep-
resentation of a node is updated according to in-
formation from aggregated from its neighboring

Algorithm 1 Modified physical state classifier

1: Input: Entity v, Entity v, dependency graph
Gs, v’s attribute xv

2: Output: Predicted precondition state ypre
v , ef-

fect state yeff
v of entity v.

3: for k = 0, . . . ,K − 1 do
4: Calculate weight αv,u, u∈N (v) (Eq. 4)
5: Compute message mk

N (v) (Eq. 3)

6: Obtain h
(k+1)
v (Eq. 2)

7: zv = h
(K)
v

8: cv = tv ⊕ zv
9: Compute ypre

v , yeff
v (Eq. 5)

nodes. In particular, given the dependency graph
Gs = {Vs, Es} of a sentence s, along with the node
attribute matrix Xs ∈ R|Vs|×d, a GNN layer is
represented as (Hamilton, 2020)

h(k+1)
v =UPDATE(k)(h

(k)
v ,AGG(k)({h(k)

u ,∀u ∈ N (v)})),
(1)

where h
(k)
v denotes the latent representation of

node v in the k-th layer (h(0)
v = xv), and N (v)

represents the set of neighboring nodes of node v.
UPDATE and AGG denotes the update and aggre-
gate functions, repspectively, and they can be any
differentiable function (e.g., ReLU for UPDATE
and sum/mean for AGG). If we further let the mes-
sage function be m

(k)
N (v)=AGG(k)({h(k)

u ,∀u ∈
N (v)}), the formula of a GNN layer becomes

h(k+1)
v = UPDATE(k)(h(k)

v ,m
(k)
N (v)). (2)

The final representation of node v after running a
K-layer GNN model is zv = h

(K)
v .

In our method, Graph Attention Networks (GAT)
is selected as the GNN model to learn the entity
relations in the constructed dependency graph. In
particular, the message function of the GAT model
is a weighted sum function over the neighboring
nodes’ features, denoted as

mN (v) =
∑

u∈N (v)

αv,uhv, (3)

where αv,u denotes the attention weight, and it is
computed as

αv,u =
exp(LeakyReLU(a⊤[Wxv⊕Wxu]))∑

k∈N (v)∪{v} exp(LeakyReLU(a⊤[Wxv⊕Wxk]))
,

(4)
where a is a trainable attention vector, W repre-

sents the trainable weight matrix, and ⊕ denotes the



concatenation operation. Compared to Graph Con-
volutional Networks (GCNs) which assign equal
weights to neighboring nodes in the aggregation
process, GAT learns the attention weights based
on the similarity between nodes and is more ap-
propriate in our setting as we want to pay more
attention to the words having higher similarity with
the target word in the neighborhood aggregation
process.

Deep Neural Network Model The Deep Neural
Network Model is similar to the original physi-
cal state classifier presented in the TRIP baseline
model, and the only difference is the input feature
vector. In our model, we first concatenate the con-
textual embedding with the entity representation
obtained from the GNN model and then feed the
concatenated embedding to precondition and effect
classifiers, which are typical feed-forward classifi-
cation heads with one precondition classifier and
one effect classifier for each of the 20 physical at-
tribute tracked in the TRIP dataset. In particular,
for an entity v, the output representation of GNN
model is zv = h

(K)
v , and its contextual embedding

is tv. The concatenated embedding cv = zv ⊕ tv.
Next, we feed cv to precondition and effect classi-
fiers to predict the precondition and effect state of
entity v,

ypre
v = Fpre(cv) + bpre, (5a)

yeff
v = Feff (cv) + beff . (5b)

5 Evaluation

In this section, we will evaluate the performance
(i.e., verifiability, consistency, accuracy) on the
TRIP dataset after performing data augmentation
(Section 5.1) and modifying the physical state clas-
sifier with GNN models (Section 5.2).

5.1 Evaluation on Data Augmentation
In this experiment, we use both EDA and back-
translation to enrich the training dataset. In EDA,
we choose naug, which means we expand the train-
ing data four times larger. In order to avoid making
the plausible story implausible, we only do the aug-
mentation on the implausible stories. As for the
four simple operations, we choose a high propor-
tion (p = 0.4) for the Synonym Replacement and
a low proportion (p = 0.05) for the rest three oper-
ation. That’s because the other three augmentation

operations might also influence the physical state,
which is difficult to check the correctness. More-
over, we also applied the back translation once on
the training data. Totally, the training data size is
increased to five times the original training data
size.

Figure 3 shows the comparison between the loss
of the original TRIP model and the augmented
TRIP model. From the sub-figure (A), we can see
the decrease of physical states loss. This indicates
that with more training data and more iterations,
we can achieve lower physical state loss. However,
one of the main limitations of the original TRIP
model is the over-fitting in conflict detection loss.
Unfortunately, data augmentation did not resolve
this issue quite well. The over-fitting issue still
exists in the conflict detection task. From the sub-
figure (B), we can see that both the original TRIP
experiment and the data augmentation experiment
can achieve minimal loss after around 4000 itera-
tions, and the validation loss increases after that.
The result in sub-figure (C) is also very similar.
The training loss decreased in the story classifica-
tion task but the validation did not. These might
be caused by the similarity between the original
training data and the augmentation data. If the gen-
erated sentence is too similar to the original one,
the performance of the model will be similar to
directly going through the same training data mul-
tiple times. We also trained to increase the ratio p
in EDA but the performance is still similar to the
original one. Hence, we think that EDA and back
translation might not be a great approach to resolve
the over-fitting issue in this task. Further work may
consider more complicated data augmentation tech-
niques or collecting more training data to resolve
this.

5.2 Evaluation on Modified Physical State
Classifier

Data Preprocessing First, we need to construct
the dependency graphs of sentences with Concept-
Net Numberbatch attributes according to Section
4.2.1. The Stanford Dependency Parser (Manning
et al., 2014) API in the NLTK package (Bird et al.,
2009) is utilized to perform dependency parsing
and extract dependency graphs for sentences. The
gensim package (Řehůřek and Sojka, 2010) is used
to extract the ConceptNet Numberbatch embed-
dings (Speer et al., 2017) for each word in the sen-
tences. Regarding words not included in the Con-



Sentence (s1)      Ann unplugged the radio from the power outlet.

unplugged

radio

Ann

the

outlet

the

power

from

ConceptNet Numberbatch Embdding

Dependency 
graph

Modified physical state classifier

Extract

input

(radio,s1)

Contextual Embdding

(radio,s1)

k-layer GNN model

k-layer GNN model

Feed-Forward 
Neural Network

Feed-Forward 
Neural Network

radio

radio

CONCAT

CONCAT

Figure 2: The procedure of incorporating GNNs and LMs in the physical state classification, with an example of
predicting the precondition and effect state of entity “radio” in the sentence “Ann unplugged the radio from the
power outlet.”.

ceptNet Numberbatch embedding file, we trans-
form these words to their original form and extract
embedding (e.g., “neighbor’s” to “neighbor”). For
each sentence in a story, we generate its correspond-
ing dependency graph with ConceptNet Number-
batch features.

Experimental Setup Our implementation is
based on the TRIP baseline model, where we mod-
ified the transformer backbone architecture, featur-
ize function, data loader, and evaluation functions,
etc. to incorporate the GNN model into the physi-
cal state classifier. Regarding the GNN model, we
choose a 2-layer GAT model with 8 heads. The
main challenge when implementing the modified
physical state classifier is that the entities of sto-
ries in the TRIP dataset can be either a word or
phrases. However, the nodes in the dependency
graph of a sentence represent words. For exam-
ple, “washing machine” is an entity in the TRIP
dataset, whereas the dependency graph only con-
tains nodes “washing” and “machine”. Therefore,
we cannot directly obtain the embedding of phrase
entities in the dataset. To resolve this problem, we
propose two solutions. The first solution is rela-
tively simple. Given a phrase as an entity in the
dataset, if all of the words in the phrase exist in
the graph, we average the latent representation of
the words in the phrase as the latent representation
of the phrase. Otherwise, we use a feed-forward
neural network instead, with input features as the
ConceptNet Numberbatch word embedding. The
second solution maximizes the use of the GNN
model and takes a longer time for training. Specif-
ically, given a phrase, we feed all the words in
the phrases to the GNN model if they exist in the
dependency graph, and feed the other nodes to a

feed-forward neural network. Latent representa-
tions of all the words in the phrase are averaged
and serve as the phrase’s latent representation. We
denote the first solution as “simple”, and the second
solution as “complex”. In this experiment, we will
implement ROBERTA(simple), DEBERTA(simple),
and ROBERTA(complex) these three models.

Results The evaluation results are shown in
Table 1. It can be seen that our implemented
models with modified physical state classifier do
not demonstrate the superior performance com-
pared to the baseline model, and even downgrade
the verifiability for our ROBERTA(simple) and
ROBERTA(complex) models. Taking a further look
at the training and validation loss on the physical
state classification of the ROBERTA(simple)
model (Figure 4), the loss increases compared to
the TRIP baseline model, which indicates that the
current modification of the physical classification
model actually introduces noise to the TRIP data
and downgrades the performance on the physical
state classification task. However, regarding the
accuracy and consistency, it can be seen that
incorporating the GNN models is able to increase
the model performance.

Interpretation of experimental results Based
on the evaluation results, we have the following
thoughts and interpretations:

• The current dependency graph construction
technique introduces noise to the TRIP data.
As mentioned in Experimental Setup para-
graph, the current dependency parsing tech-
nique only extracts words and cannot extract
phrases, and ConceptNet Numberbatch also



(a) Experiment Result from Figure 4 in TRIP paper (Storks et al., 2021)

(b) Experiment Result of Data Augmentation

Figure 3: Training (purple, dotted) and validation (orange, solid) losses for best tiered ROBERTA system trained on
TRIP for 10 epochs. (A) physical state classification, (B) conflict detection, and (C) story choice classification.

Model Accuracy (%) Consistency (%) Verifiability (%)

ROBERTA(baseline) 75.2 18.8 5.7
ROBERTA(simple) 73.9 22.0 4.34
DEBERTA(simple) 67.8 14.8 1.14

ROBERTA(complex) 76.1 21.6 3.42

Table 1: Evaluation metrics for tiered models on the test set of TRIP. Compared to the ROBERTA baseline models.

does not have pre-trained embeddings for
phrases. Therefore, such extracted depen-
dency graph introduces noisy information re-
garding the phrase entities in the TRIP dataset.
In addition, the Stanford dependency parser
tends to make small mistakes when the input
sentence has a complex structure, which re-
sults in noisy relational information on the
extracted dependency graph.

• Precondition and effect state classifiers on the
same graph hinder the improvement of the ver-
ifiability of the model. Currently, we input the
same dependency graph to precondition and
effect state classifiers. As these two classifiers
share the same initial relational information,
leveraging GNN models can be regarded as a
similarity augmentation, which prevents these
two classifiers from distinguishing the precon-
dition and effect states of entities.

6 Conclusion and Discussion

In this project, we implemented two methods,
namely data augmentation and incorporating GNNs
into physical state classifier, to the TRIP dataset
to resolve the over-fitting issue on the conflict de-
tection and improve the verifiability. Experiments
demonstrate that neither data augmentation nor in-
corporating GNNs into the baseline model improve
its verifiability on the TRIP dataset. However, ex-
perimental results still provide useful information
on improving the model performance on the TRIP
dataset for future study. Regarding the data aug-
mentation experiments, the result indicates that aug-
menting the TRIP dataset with similar sentences
cannot resolve the over-fitting issue on conflict de-
tection. Instead, we should collect more training
data or generate augmented sentences with lower
similarities in further study.

Regarding the idea of incorporating LMs and
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(a) Precondition state classification
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(b) Effect state classification

Figure 4: Training (purple, dotted) and validation (or-
ange, solid) losses on (a) precondition classification and
(b) effect state classification for best ROBERTA(simple)
model trained on TRIP for 10 epochs.

GNNs, the current designed models do not perform
well on the physical state classification task. Nev-
ertheless, with interpretation and understanding of
results discussed in Section 5.2, we may improve
the model verifiability from the following aspects,

• Develop more accurate approaches to ex-
tract/construct informative graphs from sen-
tences. Relation types may be extracted from
knowledge graphs (KG) to enhance the true
relation in the dependency graph, and we may
build a more useful graph by leveraging the
external KG resources. For example, we may
develop a KG subgraph extraction algorithm
specially for the TRIP data.

• Utilize the relational graph neural network
(Schlichtkrull et al., 2018) or KG embeddings
(Wang et al., 2017) as node attributes.

• Incorporate external resources to construct dif-
ferent graphs of a given sentence for precon-
dition and effect state classifications, respec-

tively.

• Design an algorithm for dynamically updat-
ing the graph based on sentences to reduce
the model’s computational complexity. The
current designed model takes a large amount
of time for training, as each sentence in a story
corresponds to a graph.

7 Division of Work

Work division
Data preprocessing and data augmentation
techniques are implemented by Zhihao Xu.
The dependency graph construction and in-
corporating LMs and GNNs into physical
state classification are implemented by Zheyu
Zhang. Our source code public available at
https://github.com/HowIII/EECS595_project_group28.
As for the final report, in the Approaches and
Evaluation Section, data augmentation related
sub-section (Section 4.1 and 5.1) are written
by Zhihao Xu, graph neural network related
sub-section (Section 4.2 and 5.2) are written by
Zheyu Zhang. All the other sections are written
jointly.

https://github.com/HowIII/EECS595_project_group28
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