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Abstract

BERT is a pre-trained model that can be fine-
tuned to create state-of-the-art models for var-
ious natural language processing tasks, how-
ever, it fails to perform well on TRIP, which is
a benchmark dataset with tiered tasks for com-
monsense reasoning. In this report, We intro-
duce a sub-task training approach, which aims
to tune the encoding layers in the Bert model
on another dataset which contains the similar
domain knowledge with TRIP, then feed the
tuned Bert model into the TRIP dataset.

1 Introduction

A lot of recent research activities have been work-
ing on commonsense reasoning in natural lan-
guage understanding. Many large-scale benchmark
datasets were developed and online leaderboards
encourage researchers to solve them. Research sci-
entists have derived large-scale language models
(LMs) pre-trained on massive amounts of online
texts (Peters et al., 2018a; Brown et al., 2020), and
nowadays, the best models can already achieve
human-level performance or even better in lan-
guage understanding tasks such as commonsense
inference (Bowman et al., 2015a). However, be-
sides just achieving these tasks with a high per-
formance, some scientists are interested in how
well machines understand the tasks that they are
solving, in other words, whether machines can per-
form verifiable reasoning as humans do (Storks
et al., 2021). There is an important concern that
if widespread bias in language benchmarks would
lead to superficial correlations between context and
class labels (Schwartz et al., 2017; Gururangan
et al., 2018), thus allows systems to bypass rea-
soning and achieve artificially high performance
(McCoy et al., 2019; Niven and Kao, 2019). As a
result, it is not clear whether machines really solve
the problem or can perform verifiable reasoning
like humans.

In order to help solving the above problem,
(Storks et al., 2021) produced a benchmark target-
ing physical commonsense reasoning calls Tiered
Reasoning for Intuitive Physics (TRIP). In addi-
tion to a high-level end task for story plausibility,
it also provides a common proxy task for com-
monsense reasoning problems. This benchmark
includes dense annotations for each story capturing
multiple tiers of reasoning beyond the end task. A
tiered evaluation is proposed by (Storks et al., 2021)
from these annotations. Given a pair of stories that
differs only by one sentence which makes one of
them implausible, the language model has to jointly
identify three things: the plausible story, a pair of
conflicting sentences in the implausible story and
the underlying physical states that cause the con-
flicts. Such systematic evaluation aims to figure
out whether a high-level plausibility prediction can
be verified based on lower-level understanding.

(Storks et al., 2021)’s work has shown a prob-
lem, which is what we are interested in this project.
They have shown that although large language mod-
els are able to perform really well on high end task,
these models have poor performance on jointly sup-
porting their predictions with the proper evidence.
As a result, such high end task predictions are not
really related to language model’s understanding
of how the world works. Their work provides base-
line performance of BERT (Devlin et al., 2019),
ROBERTA (Liu et al., 2019) and DEBERTA (He
et al., 2021). Limited by time and group size, we
only focused on the BERT pre-trained model for
this project.

The problem we try to solve in this project is
to improve the baseline performance in the TRIP
paper. As shown in Figure 1, We introduce a sub-
task training method on the Bert model, which aims
to update the parameters for the encoding layers of
pre-trained Bert model, and make it closer to the
domain knowledge of TRIP dataset.

The result shows that our method did not outper-



Figure 1: Summary of idea

form the baselines in the original paper. We will
compare our performance with the baselines by us-
ing the same evaluation metric in the TRIP paper,
and we will also discuss the future improvements
that may improve the benchmarks further.

2 Related Work

We briefly review three pre-trained language mod-
els: BERT (Devlin et al., 2019), ROBERTA (Liu
et al., 2019) and DEBERTA (He et al., 2021), for
which the TRIP paper used to power several varia-
tions for the proposed reasoning system.

2.1 BERT

Language model pre-training is effective for im-
proving a lot of natural language processing tasks
(Dai and Le, 2015; Peters et al., 2018b), including
but not limited to sentence-level tasks such as nat-
ural language inference (Bowman et al., 2015b;
Williams et al., 2018) and paraphrasing (Dolan
and Brockett, 2005), and token-level tasks such
as named entity recognition and question answer-
ing (Sang and Meulder, 2003). However, the ex-
isting two approaches for apply pre-training (fine-
tuning and feature-based) both used unidirectional
language models to learn general language repre-
sentations, and the authors of BERT found such
techniques restrict the power of the pre-trained

representations. So they proposed BERT, which
stands for Bidirectional Encode Representations
from Transformers.

The BERT model is better than the previous ap-
proaches because it reduces the unidirectionality
constraint by using a "masked language model"
(MLM) pre-training objective as shown in Figure 2.
In this method, some tokens from the input will be
masked randomly by the masked language model.
The objective is predicting the original vocabulary
id of the masked word only based on its context.
This approach is not similar to left-to-right lan-
guage model pre-training, but its objective enables
the representation to fuse the left and right context,
thus pre-training a deep bidirectional transformer
is possible. Besides MLM, the authors of BERT
proposed a task called "next sentence prediction",
which jointly pre-trains text-pair representations.
BERT is the first fine-tuning based representation
model to achieve state-of-the-art performance on a
large suite of tasks, and it advances the state of the
art for many NLP tasks.

2.2 RoBERTa

The inspiration of RoBERTa is that also self-
training models like BERT (Devlin et al., 2019)
have gained great performance, it is still hard to
determine which parts of the approaches really con-



Figure 2: Overall pre-training and fine-tuning procedures for BERT (Devlin et al., 2019).

tribute to the performance gain. In addition, train-
ing is expensive in computation and thus limits the
amount of tuning. Such training is usually done
with private datasets that have various sizes, which
limit the possibility to test the effects of the model-
ing advances.

RoBERTa has a evaluation of the effects of hy-
perparameter tuning and training set size. The au-
thors of this paper found that BERT was extremely
undertrained, so they proposed this robustly opti-
mized pre-training approach called RoBERTa. A
number of modifications were applied. The model
was trained for long time with more data and larger
batches. The next sentence prediction objective
was removed, and it was trained on longer se-
quences. Lastly, the model dynamically changes
the masking pattern applied to the training data.
With these modifications the performance of per-
trained BERT models were substantially improved.
This improved pre-training procedure reaches state-
of-the-art results on several natural language pro-
cessing tasks, such as GLUE, RACE and SQuAD.

2.3 DeBERTa

DeBERTa stands for Decoding-enhanced BERT
with disentangled attention. It improves the BERT
and RoBERTa models by applying two novel ap-
proaches: one is a disentangled attention mecha-
nism, the other is an enhanced mask decoder.

Comparing to BERT which uses a vector con-
taining the sum of its word embedding and posi-
tion embedding to represent each word in the in-
put layer, DeBERTa represents each word using
two vectors for word embedding and position em-

Figure 3: Comparison of the decoding layer (He et al.,
2021)

bedding respectively. Similar to BERT, DeBERTa
is pre-trained using masked language modeling
(MLM), which is introduced above. Although the
disentangled attention method already considers
the contents and relative positions of the context
words, the absolute positions of these words are not
considered. However, these positions are important
for prediction. To solve this problem, when the
model decodes the masked words based on the ag-
gregated contextual embeddings of word contents
and positions, absolute word position embeddings
are incorporated right before the softmax layer. A
comparison between the decoding layers of BERT
and DeBERTa is shown in Figure 3.

3 Approaches

3.1 Sub-task Training

3.1.1 Overview

In order to improve the baseline performance the
author reported in the TRIP paper (Storks et al.,



Figure 4: Model Structure

2021), we proposed a sub-task training method,
which aims to have a better pre-trained model be-
fore training on the TRIP dataset. Figure 1 shows
the idea of our work. As discussed in the Bert
paper (Devlin et al., 2019) and the previous sec-
tion, the pre-trained Bert model was trained in-
side the general domain knowledge, i.e.the dataset
is too huge to contain all the topics in the world.
Therefore, when this pre-trained model is trained
on the TRIP dataset which is inside a specific do-
main knowledge, it will keep updating its weights
during training and make it close to the domain
knowledge. For instance, in the figure 1, the longer
green line represents the training process in the
TRIP paper, and makes the weights of Bert model
close to the TRIP’s domain knowledge. However,
there may be a risk while moving to the specific
domain knowledge since it may get stuck at some
local minimums, then intuitively the training pro-
cess will not be representative, which will lead to a
poor performance in the end. Therefore, our idea
is that, before feeding the original pre-trained Bert
model into the TRIP dataset, we may use or define
some sub-tasks and tune the Bert model by train-
ing on a dataset which shares the same or similar
domain knowledge with TRIP. Like the red line in
the Figure 1, we will first do a sub-task training
on another dataset, and make the weights for the

encoding layers of Bert close to the other domain
knowledge. Then we will use the new Bert model
to do the same training process in the TRIP paper.
We believe that in this approach, the weights of
the Bert model are closer to the TRIP’s domain
knowledge than the original ones, which will lead
a better performance.
Figure 4 shows the whole process for the sub-task
training. Given a sample from another dataset, we
will train our model by controlling the freeze of the
weights inside the Bert’s encoding layers. And the
following sub-sections will discuss these in detail.

3.1.2 Dataset

The dataset we used is the Physical Interaction:
Question Answering (PIQA) (Bisk et al., 2020),
which is a multiple choice dataset which aims to
evaluate language representations on their knowl-
edge of physical commonsense. PIQA has 16113
training samples, 1838 validation samples and
3084 samples for testing. Each sample contains
a goal(question) q and two possible solutions sol1,
sol2, and the label is just 0 or 1, 0 means the cor-
rect answer is sol1 and 1 means the correct answer
is sol2. Since we could not access the labels for
the testing samples, so we will only use validation
data in the PIQA dataset for evaluating the model.



ModelClass Iteration Per Seconds(it/s)
Official 0.91

Ours 0.74

Table 1: Speed for diffent model class

3.1.3 Model selection and Class selection
Considering the time and the cost in the AWS Sage-
Maker(discussed in Section 7.2), we will use the
bert-base-uncased for all the models in this project.
Note that TRIP paper used the bert-large-uncased,
so for the consistency we will use the performance
for bert-base-uncased while reproducing the TRIP
result.
Since PIQA is a multiple choice dataset, we use the
class AutoModelForMultipleChoice, which con-
tains the Bert model with a linear layer as the classi-
fier. We also try to compare the difference between
the provided class with other versions of imple-
mentations. Therefore, we re-implement a model
which do the same function for the AutoModelFor-
MultipleChoice. However, as shown in Table 1, the
official one is the best in terms of the speed.

3.1.4 Preprocessing
We first manually calculate the token numbers for
each possible input with the format: [CLS] ques-
tion [SEP] {solution1 or solution2 } [SEP], and
only include the samples that either the length of
their token numbers is shorter than a max length
threshold of 50. After this filtering operation, we
will have 2070 samples for training, and 239 sam-
ples for validation.
Next step is to transfer the samples to the required
input of the Bert model. We used the tokenizer
from the bert-base-uncased model, then parsed
the our training samples with the format: tok-
enizer([goal, goal], [sol1, sol2]). This will generate
the input_ids, attention_masks and token_type_ids
for the samples. In next step, for each batch
of samples of input_ids, attention_masks and to-
ken_type_ids, we created a data collator which will
pad our sentences in the current batch of samples
into the same length.

3.1.5 Optimizer
We used the AdamW (Loshchilov and Hutter, 2019)
provided by the HuggingFace (Wolf et al., 2020)
as our optimizer. The hyperparameter we used is
shown in the next sub-sections. Furthermore, since
our aim here is to make the weights of the attention
layers in the pre-trained Bert Model closer to the

Name Value
Learning Rates 1e− 4

Epochs 8
Batch Size 6

Weight Decay 1e− 2

GPUs 4

Table 2: Hyperparameters

Figure 5: Training statistics for tune-3-layer

TRIP’s domain knowledge, so we need to freeze
some layers’ parameters in the optimizer, i.e. we
only want the weights of the chosen layers to be
updated through the sub-task training. As shown in
Figure 4, we tried three different experiments that
we only select the first one, three and five attention
layers as the non-frozen layers. We will also not
freeze the layers of the initial three embedding lay-
ers (word_embedding, position_embedding and to-
ken_type_embedding), and the last classifier layer
will also not be frozen.

3.1.6 Hyperparameters
We used the following hyperparameters which are
shown in Table 2. We applied a grid search when
choosing the hyperparameters, and stopped when
we find our model is converged through training.
We did not tune the hyperparameters further based
on the time and the cost issue which mentioned in
Section 7.2.

3.2 Experiments

In order to compare the performance for how many
layers that we need to freeze, we tuned three

Model Accuracy(%)
Bert-large(PIQA’s paper) 66.8

Bert-base 52.1
Bert-base-tune-1 50.6
Bert-base-tune-3 61.1
Bert-base-tune-5 56.5

Table 3: Performance for diffent models on PIQA



Figure 6: Experiments Set-ups

models, and each model will only tune one layer,
three layers, and five layers respectively. Figure
5 shows the training statistics for the tune-three-
layers model. Now, under the hyperparameter com-
binations, their performance on the PIQA dataset
are shown in Table 3. As reported in the PIQA pa-
per, the result for the Bert-large is roughly 0.66, and
in our experiment the performance for Bert-base
is about 0.54, so we believe our tuned model is
relatively representative, which means that we suc-
cessfully make the Bert model closer to the TRIP’s
domain knowledge, as our desired in this section.

4 Experiments

In this final project, we did sixteen experiments to
compare the performance on 4 different models,
including the BERT-base model and 3 self-tuned
model, using 4 different loss functions as (Storks
et al., 2021) specified. The comparisons of these
results are shown in Figure 6. The 4 loss functions
are: Lp for precondition classification, Lf for effect
classification, Lc for conflicting sentence detection
and Ls for story choice classification.

5 Results & Evaluation

All results are shown in Table 4. In the first sec-
tion, we can observe that all four models reached
low consistency and zero verifiability while main-
taining high end task accuracy, reaching around
76% for both BERT-base and BERT-tune-5-layer.
BERT-tune-1-layer reaches the lowest accuracy of
only 71.2% but the highest consistency of 6.3%.
When we omit the story classification loss, as in
the second section, both consistency and verifia-
bility increased significantly. BERT-tune-1-layer’s

Figure 7: One example of model inference on a pair of
stories. The story highlighted as red is implausible, and
the one highlighted in blue is plausible.

consistency was increased by 16.8%, and the ver-
ifiability for BERT-tune-5-layer was increased by
5%. At the same time, all model’s end task accu-
racy dropped. The accuracy for BERT-tune-3-layer
dropped 5.4%.

When we omit the conflict detection loss in the
third section, the end task accuracy for all models
dropped significantly. All their accuracies dropped
for more than 30%. The original BERT has the
highest accuracy of 44.4% and BERT-tune-1-layer
only has 42.2%. In addition, all their consisten-
cies and verifiabilities dropped to zero. In the last
section, when the state classification loss was omit-
ted, the models’ accuracies only dropped a little
comparing to the first section, and the verifiabilities
remained zero. BERT-tune-5-layer has the high-
est accuracy of 77.5%, while the original BERT
and BERT-tune-1-layer reaches 72.6%. However,
model consistencies were improved a lot. The con-
sistency for BERT-tune-1-layer was improved from
2.6% to 10.5%.

Other than that, we also did an inference check.
We randomly select one sample, and generate the
prediction by all four models. As shown in Fig-
ure 7, Story A is implausible since the conflicts in
sentence 4 & 5, so which means the ground-truth la-
bel should be Story B. by observing the prediction
results, original Bert model and Bert-tune-5-layer



Model Accuracy(%) Consistency(%) Verifiability(%)
All Losses

original-bert 76.1 4.0 0.0
bert-tune-1-layer 74.1 2.6 0.0
bert-tune-3-layer 71.2 6.3 0.0
bert-tune-5-layer 75.8 5.4 0.0

Omit Story Choice Loss
original-bert 70.4 18.5 4.0
bert-tune-1-layer 68.9 19.4 4.0
bert-tune-3-layer 65.8 17.9 4.0
bert-tune-5-layer 73.0 20.0 5.0

Omit Conflict Detection Loss
original-bert 44.4 0.0 0.0
bert-tune-1-layer 42.2 0.0 0.0
bert-tune-3-layer 43.0 0.0 0.0
bert-tune-5-layer 42.5 0.0 0.0

Omit State Classification Loss
original-bert 72.6 9.7 0.0
bert-tune-1-layer 76.9 10.5 0.0
bert-tune-3-layer 72.6 8.5 0.0
bert-tune-5-layer 77.5 8.0 0.0

Table 4: End and tier task metrics for tiered classifiers on the test set on the test set of TRIP trained on varied
combinations of loss functions.

model correctly predict the results, while the other
two models make the wrong prediction. This result
is consistent to the performance when we include
all losses together.

6 Discussion

By observing the performance and some inference
tests above, we can conclude that our approaches
have some improvement when we omit the State
Classification Loss, but none of them can achieve
the improvements for other cases. Therefore, in
this section we will try to analyze the possible rea-
sons.
Our approach had some improvements when we
omit the State Classification Loss, but as long as we
include this loss our approach achieve a worse per-
formance. we think reason may due to the follow-
ing reasons. Under the cost issue which is shown
in the 7.2, first, when doing the sub-task training,
we only find a proper hyperparameter combina-
tions, and we did not do further investigation like
random search or grid search with smaller steps
around the current hyperparameters to further im-
prove the results. Therefore, our tuned model may
not be as informative enough to represent the do-
main knowledge. Second, we restrict our samples

to 50 tokens, which only covers 20% of the original
PIQA dataset (Bisk et al., 2020). Therefore, our
tuned model may achieve the overfitting, which
will lead to a poor result when predicting another
dataset. Third, the domain knowledge for PIQA
and TRIP are described as similar, so that means
even tough our tuned model get closer to the TRIP
datasets, but it may also get closer to other domain
knowledge, like the blue region in the Figure 1.
Therefore, to some extent, in our model, the ra-
tio for other domain knowledge may higher than
the TRIP’s domain knowledge, which will signif-
icantly affect the later performance since it will
have a higher weights.

7 Future Directions & Conclusion

7.1 From our approaches

As we disucssed in the previous section, we may
modify our model by the following three points of
views: First, we will do a grid search to achieve a
better hyperparameter combinations, as mentioned
in the PIQA leader-board, if we can achieve an
accuracy for 0.8, then we believe this tuned model
can achieve a better performance for TRIP dataset.
Second, we will try to include more samples in



the PIQA dataset to make the model more robust.
Third, we may first do a investigation on TRIP
dataset, then generate a key-words list which may
cover the domain knowledge of TRIP. Then we
apply this key-words list on the PIQA dataset or
other similar datasets, filter out the samples that
do not belong to this domain knowledge. Then we
do the same things in the final project to get the
results.

We believe that the above three approaches may
further improve this method, and then improve the
baseline performance.

7.2 From other methods

There are some other methods may also improve
the baseline performance. For instance, if we can
fist pre-train a model which can learn the precondi-
tion and result for each action, then use this model
as a teacher while training on the TRIP, we may
outperform the baselines. In another point of view,
we may use the basic EDA method (Wei and Zou,
2019) to augment the training data with random
insertion and random deletion, aiming to improve
model robustness for word order and stacking. This
may also contribute for an improvements for the
baselines.

7.3 Conclusion

To sum up, it is a hard on-going research topic, and
we will keep investigating it.

8 Division of Work

8.1 Work

We divide this project into several sub-components
with following, and each of us leads some of them:

1. Idea brainstorming (Ziyan);

2. Trip paper reproduce (Jim);

3. Presentation (Ziyan);

4. Report preparation (Jim);

5. Sub-task training (Ziyan);

6. Running experiments (Jim);

7. Result Inference (Jim);

For each sub-component, the leader will take
roughly 60% of the work, and the other one will
finish the work asked by the leader.

8.2 Cost
1. Colab Pro (Jim) $10 for one month;

2. AWS SageMaker (Ziyan) $1000 for total three
days;

Jim paid the Colab Pro for one month for repro-
ducing the TRIP result. However, we moved onto
the Greatlakes due to the GPU in Colab Pro did not
have enough memory.

Ziyan paid the AWS SageMaker for three days
for the sub-task training. It contains 4 Tesla V100
GPUs and be able to do the sub-task training with
Bert-base model.
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