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Abstract—TRIZ theory is considered as a kind of innovative
theory, which mainly functions in solving contradiction and
aims to improve engineers creativity. It may reason on different
support such as web and scientific documents. Most of the current
knowledge, especially in industrial domains lies in patents.
They are, nevertheless, an underused resource because of their
complexity, their length and the need of domain knowledge to
make use of patent. In this paper, we introduce an innovative
application of deep learning to mine knowledge from patents.
We show that our summarization based approach, called Sum-
maTRIZ1, enables the extraction of these contradictions essential
for TRIZ problem solving engine. A BERT based summarization
approach is introduced to retain contradiction sentences. Our
approach is experimentally evaluated on a real data set showing
the performance of SummaTRIZ.

Index Terms—Summary, patent contradiction, BERT, Deep
learning, TRIZ.

I. INTRODUCTION

TRIZ method was developed by an engineer from the former
USSR Guenrich Altshüller from the 1950s onwards [1]. This
engineer aimed to find general laws governing the innovation
process of engineers. His study of innovative problems has
shown that solutions and problems in all fields are very similar
so as principles used to invent. From this analysis, he derived
40 inventive principles which are general principles describing
the used solutions. Altshüller also worked on the formulation
of the problems by defining 39 parameters allowing to form
contradictions. The essence of his theory is based on the fact
that each problem can be formulated as a contradiction be-
tween two parameters (for example, weight and speed). Thanks
to the thousands of patents that he has had analysed by several
hundred engineers, he was able to predict, for each type of
contradiction between parameters, the solution, and therefore
the inventive principle that is likely to be applied. Altshüller
introduced a matrix, called the TRIZ matrix, which lists the
inventive principles to be used according to the parameters
forming the contradiction. Figure 1 pictures a part of this TRIZ
matrix and the corresponding inventive principles. To illustrate
the usage of the matrix, let us assume the following contra-
diction expressed in this patent: ”To improve the precision
of the pipes soldering the operator is replaced by a robot.
[...] Low temperatures are likely to cause robot’s failures”.
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1SummaTRIZ code is made available for reviewers via the following link

https://github.com/nlpSummaTRIZ/SummaTRIZ

Here in this citation, a contradiction between the precision
and the reliability is expressed. Indeed, when the precision is
increased through the introduction of a robot, the reliability
is decreased. The engineer may then link the parameters in
contradictions (precision and reliability) with the closest TRIZ
parameters which are Accuracy of manufacture and Reliability.
In the corresponding box in the TRIZ matrix, there are the
numbers of the inventive principles to be prioritized in this
case 1 (Segmentation).

Fig. 1: A part of TRIZ matrix

Common TRIZ based inventive solution approach consists
in formulating a problem in the form of a contradiction
between ”TRIZ” parameters, i.e. the parameters he proposed
based on the analysis of the patents. A generic solution is
proposed in the form of an inventive principle. Finally, the
translation of this generic solution into the initial domain of
the problem allows engineers to get a solution that has a high
probability of being inventive. The relevance of inventiveness
of the solution depends of finding precisely this contradiction.

Since Altshüller work, patents are an underused source of
knowledge. The number of granted patents is continuously
growing and increasing rapidly creating an immense database
of knowledge and invention. Therefore, extracting the contra-
diction from patents is of paramount importance to automatize
contradiction solving using TRIZ. To do so, natural language
processing techniques are needed to find contradictions from
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patent corpus. Unfortunately, even with evolution of the NLP
research field, results from patents remain noisy [2]–[5].
Results are usually so noisy due to the linguistic specificity of
patents and unsuitability of current question answering training
datasets.

In this paper, we tackle the problem of finding contradiction
sentences inside patents using a BERT summarization tech-
nique [6]. We focus on using summarization networks because
these methods are based on the meaning of the sentence while
other approaches like Word2Vec [7] or SBERT-WK [8] only
rely on tokens or words representations to generate sentences
representation. The context is then not sufficiently taken into
account. As contradictions in patents are expressed within two
sentences (i.e., first and second part of the contradiction), we
intend to locate them.

To summarize, this paper introduces three contributions:(i)
the adaptation of a deep neural summarization network to re-
trieve sentences containing the main contradiction of a patent;
(ii) an end to end automated framework called SummaTRIZ
to extract contradictory sentences from patents web scrapped
from USPTO database; (iii) finally, an experimental evaluation
of the introduced contributions on a real dataset.

The paper consists of the following sections. Section II
presents a brief state of art about information retrieval tech-
niques related to patent documents. We also introduce existing
summarization algorithms and explain the decision of using
BERT. In Section III, we detail the structure of BERT and the
adaptation of its architecture for summarization tasks. Section
IV describes the structure of our SummaTRIZ model. Finally
we show a extensive study on SummaTRIZ performance and
some qualitative results of our approach in Section V.

II. RELATED WORK

A. Patent analysis

Several approaches attempted to address the problem of
patents classification, information and parameters retrieval in
the context of TRIZ. They rely on underperforming classifi-
cation methods.

Linguistic tools [9] and keywords [10] were the first ap-
proaches to be tested to extract information from patents. The
results of the extraction are either given to an expert or used
to represent knowledge through graphs or discovery matrices.
The discovery matrices associate keywords linked to techno-
logical systems to keywords linked to systems parameters.

TF-IDF (Term Frequency-Inverse Document Frequency)
and LDA clustering are two well used approaches that were
applied on patents to retrieve information like physical effects
[11]. Physical effects regroup phenomenons like phase tran-
sitions, electromagnetic phenomena and thermal phenomena
capable of solving a contradiction. For this reason, these
effects are widely used in TRIZ literature.

Classifiers like Support Vector Machine (SVM) were also
broadly used to extract targeted information. The inventive
principles are the general methods to solve a problem de-
scribed by Altshuller. Extracting the inventive principles used

in patents is a easier task than extracting a full contradic-
tion. Nevertheless, classification of patents according to the
inventive principles [2]–[4] shows poor results. The dataset
used was small (200 patents) and Loh et al [5] only classified
the patents within 6 inventive principles instead of the 40
original inventive principles. He et al. decided to build groups
of inventive principles to make the classification simpler but
despite these efforts, the results were not improved [2]–[4].

Recognizing patents which use the same principles to solve
the problem using clustering methods [12] was one of the
tested workaround to address the problem of contradictions
extraction but no probing results are shown.

The NLP techniques used in aforementioned papers lead
to noisy and often unusable results. Moreover, none of these
approaches ever succeeded in contradiction extraction or tried
to use the potential of deep learning and summarization
method to retrieve information from patents.

B. Summarization networks

In this part, we focus on extractive summarization tech-
niques which consists in selecting the best sentences regarding
the summarization objective, in our case retrieving the sen-
tences introducing contradictions. An extractive summariza-
tion enable retrieving unbiased information.

The first summarization algorithms were based on graphs
[13]–[16]. Nodes (or vertices) of a graph representation are
objects (or entities) and the interconnections between these
objects are edges (or links). The nodes can be words or
concepts and the edges can be for instance a meaning distance
between words, coreferences for web-based applications. This
approach has been used in PageRank [13] or HITS [14].
Nevertheless, the accuracy of such algorithm remains limited.
Naive bayesian approaches [17], [18], Hidden Markov models
[19] or Conditional Random Field-based models [20] were
also proposed.

With the emergence of deep learning, most of neural
based extractive summarization algorithms consist in recur-
rent networks. Recurrent networks are able to catch time
dependencies which make them very suitable for NLP ap-
plications. LSTMs (Long Short Term Memory networks) or
GRU (Gated Recurrent unit) were especially used. Recurrent
networks are by nature unidirectional. They can catch the
time dependencies along one direction. This problem was
addressed with the introduction of stacked recurrent networks
to catch dependencies in both directions (SummaRuNNer [21]
and NeuSum [22]). Reinforcement learning was also studied
[23] but these algorithms only show their full potential in
abstractive summarization.

Currently the widely used performing extractive summa-
rization networks are built with pretrained encoders like Bidi-
rectional Encoder Representations from Transformers (BERT
[24]) or XLNet [25]. BERT and XLNet are encoders designed
to be trainable in a non-supervised way. They can be trained
on all sort of documents like Wikipedia pages, articles, jour-
nals. These models learn therefore words representations on
various dataset before being applied to a specific domain.



Fig. 2: Summarization network

The huge datasets used for the pretraining model make these
models very performing. Moreover, transformer networks are
interesting for language understanding and language gener-
ation because of their bidirectionality. These networks were
developed to take into account right and left contexts in
the same time. New research directions have been proposed
to see the problem of summarization at another level than
traditional sentence-level. Summarization can for instance be
considered as a matching problem at the summary-level [26].
Nevertheless, as the number of sentences to extract from the
patents is unknown, these approaches cannot be used.

The main criteria for choosing the summerization model are
the initial performance of the model in classic summary tasks
(newspaper summaries like CNN and Daily Mail for example)
and the possibility to avoid creating a large dataset. Building
a database in TRIZ domain is particularly difficult because
this task require experts interventions and reading a patent
is time consuming. We therefore focus on transfer learning
and pretrained models. BERT has been singled out for his
performance as it constitues the state of the art for extractive
summarization and its pretraining make him available for a
fine-tuning on a target domain.

III. BERT FOR SUMMARY

BERT is a representation model pretrained with two differ-
ent tasks. The first task is called ”masked language model” and
aims at encoding context bidirectionally for representing each
token. It means that both tokens on the left and on the right of
the studied token need to be taken into account. To train the
model in such way, tokens are masked and BERT is trained to
predict these masked tokens given the tokens next to it. To give
BERT the notion of relationship between sentences, another
pretraining task called ”next sentence prediction” is performed.
In this binary classification task, given two sentences, BERT
is trained to predict if these two sentences are one after the
other or is the two sentences were randomly sampled from the
corpus. BERT is trained on a corpus of 3,3 billion words.

The original architecture of BERT is detailed in the left
of Figure 2. The input of BERT is a sequence of tokens.
Special tokens are first inserted in the input text. [CLS]
token is inserted at the beginning of the input sequence. This
token is used for the classification task. [SEP] tokens are
inserted at the end of each sentence. Before being fed into
the first transformer layer the token embedding is summed
with two others embeddings: a segment embedding to indicate
the different sequences/sentences and a positional embedding
to indicate the position of each token in a sequence. Initially
the maximum size of BERT’s input is 512 tokens. The input
embeddings are fed into several stacked transformer layers
designed to select the richest information from a flow of data.
Transformers layers are based on an attention mechanisms as
follows,

Attention(Q,K, V ) = softmax(
QKT

√
d

)V (1)

with Q, K, V the Queries (what information the layer needs),
the Keys and Values (what information it actually has). d is
a rescale factor linked to the dimension of the input. The
attention is equivalent to a dot product to select the right data.

The output of BERT is a contextual embedding i.e. one
vector representation of each input token. The token’s contex-
tual embeddings are made to integrate maximum information
coming from other tokens. BERT can then be fine-tuned on
various domains and applications.

BERT can be adapted for summarization tasks [6] (see
on the right of Figure 2). Transformers layers and a binary
classifier are added on top of the encoder. The binary classifier
takes as input the representation of each sentence and decides
on the pertinence of keeping the sentence as a part of the
summary. The model uses therefore a sentence level extractor
which is particularly interesting for patents summaries in
which the length of the summaries are varying. The maximum
length of input tokens is also increased by modifying the
positional encoding. It can therefore deal with token sequences



longer than 512 tokens which is often the case for states of
the art.

We use [6] as summarization model as it complies with
all our constraints in term of input length and sentence-level
analysis. The model is first fine-tuned on CNN/Daily mail
dataset.

IV. GLOBAL APPROACH AND OBJECTIVES

SummaTRIZ aims at retrieving information (i.e. sentences
containing contradictions and TRIZ parameters) with neural
based summarization methods.

A. SummaTRIZ motivation

A patent consists of different parts: abstract, summary,
state of the art, description, description of the drawings and
claims. These different parts are extracted separately because,
depending on the information to be searched, one of these
parts could be pertinent to use. One difficulty is the difference
in the names of the different parts according to the patents. It
is therefore necessary to go through a recognition of the names
of the parts in order to be able to assign standardised names
to the parts. This recognition is done thanks to keywords.

The part we are interested in is the state of the art. Indeed,
it is the part that details what is at stake in the invention.
The state of the art presents, usually, the goal of the object of
the invention and the difficulties encountered by the current
solutions of the prior art. In order to extract the contradiction
between parameters solved by the patent, several scenarios
are then possible. A starting problem can be presented like
this: ”When primary antioxidants, such as hindered phenols,
are utilized, polymers can have a more yellow color than
unstabilized polymers, therefore decreasing the commercial
value of polymers”. This sentence contains a parameter that
worsens, in this case the commercial value. Solutions to this
problem will then be presented but they have disadvantages
such as: ”Applications employing phosphite additives can
result in a reduced quality in the physical properties of
polyolefins”. In this second sentence, a second parameter is
recovered which can be degraded by the application of the
solution. Therefore, the solution mentioned in the state of
the art allows the improvement of the ”commercial value”
parameter but will lead to the degradation of the ”physical
properties” parameter. Consequently, there is a contradiction
between these two parameters. In the same way, if a parameter
to be improved is presented in the state of the art: ”This
necessitates proper positioning of the upwardly-extending por-
tion of the below-ground structure”, here the positioning. The
disadvantages of the solutions of the prior art will form a
contradiction with this parameter as for example the risks
of injuries: ”Therefore, repetitively placing, removing and re-
placing such device in the process of determining how best
to complete the upper end of the upwardly-projecting portion
of the below-ground structure involves considerable physical
strain and accompanying risks”. Finding this contradiction
makes it possible to formulate the problem in an original
way and allows an in-depth description of the object of the

invention which, by hypothesis, responds to this (or these)
contradiction(s). The sentences containing the parameters to
be improved or the parameters involved in the initial problem
will be associated with the first part of the contradiction.
The disadvantages of the solutions of the prior art constitute
the second part of the contradiction. This choice to separate
the two parts of the contradiction is motivated by the fact that
the meaning of the contradiction must be detected. Indeed,
Altshüller’s matrix presenting the inventive principles as a
function of the contradictions between parameters is not sym-
metrical. Therefore, if a parameter A is in contradiction with
a parameter B, the inventive principles that are statistically the
most used and therefore the types of solutions will be different.

B. SummaTRIZ for contradiction retrieval

The overall objective of our SummaTRIZ approach is a
classification of state of the art sentences. We distinguish
between three main classes: 1st part of contradiction, 2nd part
of contradiction and a reject class.

We develop a global approach with the final goal of extract-
ing sentences that form contradictions (see Figure 3). Patents
are first web scrapped from the official website of the United
States Patents Trademark Office (USPTO) website and parsed
into a local database as soon as they are published.

From all these stored patents, we recognize all sections.
Only the state of the art part is retained since it is where the
contradiction sentences are expressed. They are used to train
and test our model to summarize and retain the contradiction.
Since we use a supervised model, experts are requested to an-
notate the 1st and 2nd part of contradiction from all state of the
art. The patents’ states of the art are tokenized and constitute
the input of the classification model. The classification model
is based on a summarization approach using BERT summary.
The sentences representations are computed as follows with
Outl the output of BERT’s layer l, Out0 BERT’s input em-
beddings, MHA(Outl−1) the Multi-Head Attention (MHA)
of layer l computed using Attention (Equation 1), Norm a
normalization layer and FF a feed forward layer:

Outl = Norm(Outl−1 +MHA(Outl−1)) (2)

Outl = Norm(Outl + FF (Outl) (3)

Two instances of the model are used to classify the sen-
tences belonging to the first part and the second part of
the contradiction sentences (Equation 4 ). We assume that a
sentence may contain a full contradiction and therefore be
classified as first and second part of the contradiction. That’s
why we use only binary classifiers.

Predictionpart c = Clc(Outn) (4)

with Clc the classifier associated to the cth part of the
contradiction and Outn the output of the last transformer layer.

The labels are built using the same scheme for both parts
of the contradictions. From all the sentences tagged by the



Fig. 3: SummaTRIZ : a global approach

experts, the sentences linked to the studied part are extracted
and constitute a new ”summary”. All the sentences in this
summary are associated to the label 1 and the other are
considered as being part of the reject class 0. The classifiers
are then trained with the sentences representations provided
by BERT as inputs.

V. EXPERIMENTS

All the experiments and runtime analyses are performed
using a four RTX 2080Ti and Intel Core i9-9820X 3.30 GHz
machine. Pytorch framework and Scikit-learn are used for all
experiments.

A. Dataset

Our dataset consists of 200 patents annotated by experts.
The patents have been randomly selected from patents pub-
lished in the United States and available on the official website
of the United States Patents Trademark Office (USPTO). The
years of publication are between 2008 and 2020. A precise
annotation policy has been put in place. Patents are retained
only if they present a total contradiction in their state of
the art i.e. both sides of the contradiction exist. If several
contradictions are expressed in the state of the art and if they
have no parameters in common, only the most obvious one is
tagged to avoid misinterpretations when these contradictions
are used. If multiple contradictions are expressed and if the
first part of the contradictions is the same, they are tagged. It
implies that the models trained on this dataset will only look
for this kind of linked contradictions and each sentence of the
first part will form a contradiction with each sentence of the
second part. We have also implemented a cross-validation by
experts to decrease the inter-expert variance in the annotation.
The dataset is splitted into a train/validation set of 150 patents
and a test set of 50 patents. 5-fold cross-validation is used.

B. Sentences representations

To validate the choice of a summarization network, we
show that the sentences representations generated by the

summarization bring unique meaning information. We com-
pare the summarization network with three different sen-
tence representation models: Word2Vec [7], Word2Vec+term
frequency–inverse document frequency, SBERT-WK [8].
Word2Vec [7] is a well known static representations model.
We add TF-IDF to Word2Vec model to improve the results.
Word2Vec’s output is a feature vector per word. To get sen-
tences representations, the mean of the word’s representations
is computed. The mean is weighted with the TF-IDF coef-
ficient for the second model. Word2Vec’s representations are
static, it means that no matter the current context of the word,
the representation would not change. Moreover, a sentence
representation is not easily computed from Word2Vec. One
solution is a global average of all word’s representations in
the sentence but as the different words may not have the same
importance it causes a loss of information. The use of TF-IDF,
in order to take into account the relative importance of words,
helps to limit this loss of information. SBERT-WK [8] aims
at addressing these limitations by creating dynamic sentences
representations i.e. context-aware representations. SBERT-WK
is based on BERT and computes the sentence vector through
pattern analysis in BERT’s layers. SBERT-WK achieves the
state of the art in several semantic similarity tasks.

These four models are tested using the same tokenizer and
the same output classification algorithm (Logistic regression).
Several indicators are used to compare sentence representa-
tions. The classification is evaluated using accuracy (Equation
5), precision (Equation 6), recall (Equation 7) and F1 score
(Equation 8) expressed with TP the True Positives, FP the
False Positives and FN the False Negatives:

Accuracy =
TP + TN

TP + FP + TN + FN
(5)

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)



Accuracy Precision Recall F1 score Extracted sents Extracted sents(margin)
Word2Vec [7] 0.94 0 0 0 9/64 23/64

Word2Vec + tf-idf 0.93 0 0 0 15/64 24/64
SBERT-WK [8] 0.87 0.12 0.16 0.13 11/64 22/64

SummaTRIZ 0.87 0.26 0.46 0.33 26/64 35/64

TABLE I: Comparative results in the 1st part of contradiction classification

Accuracy Precision Recall F1 score Extracted sents Extracted sents(margin)
Word2Vec [7] 0.74 0.14 0.42 0.19 28/97 46/97

Word2Vec + tf-idf 0.74 0.12 0.34 0.17 29/97 43/97
SBERT-WK [8] 0.84 0.33 0.60 0.42 50/97 66/97

SummaTRIZ 0.77 0.25 0.66 0.36 36/97 48/97

TABLE II: Comparative results in the 2nd part of contradiction classification

F1− score = 2 ∗ Precision ∗Recall

Precision+Recall
(8)

To evaluate the quality of the summary i.e. the quality of
sentence extraction, two others indicators are computed. The
first and the second part of the contradictions are processed
independently. For each test patent and for each part of the
contradiction, the number of extracted sentences is set in
accordance to the number n of extracted sentences by the
expert. Based on the classifier’s output probabilities, the n
sentences with the highest probability of being extracted are
compared to the gold summary i.e. the sentences extracted
by the expert. This indicator is called Extracted sents. To
evaluate the quality of learning, a second sampling with this
time the n + 1 highest probabilities sentences is performed.
They are then also compared with the gold summary. This last
indicator gives an insight on how close are the gold sentences
to be actually extracted by the model.

Results are shown in Tables I and II. The limitation of
Word2Vec approaches is observed. For the first part of the
contradiction, none of the gold sentences are classified as
”first part” (so with a probability of being part of contradiction
greater than 0.5). That’s why the precision and recall and there-
fore F1 score are null. Nevertheless, the indicator Extracted
sents is not null because some of the gold sentences belong
highest output probabilities sentences. The precision is also
very low for the second part of the contradiction. TF-IDF
brings a significant improvement in the Extracted sents
but it is not enough to compete with the other models.
SummaTRIZ has the best results on the first part of the con-
tradiction by a large margin and for all classification metrics
and Extracted sents. Nevertheless, SBERT-WK is the most
performing model on the second part of the contradiction.
The explanation lies in the syntax of the sentences. Sentences
linked to the second part are often based on keywords like
”However”, ”Nevertheless”, ”decreased” while the syntax of
the sentences in the first part is very variable. The presence of
theses keywords is favorable to models based on words like
Word2Vec and SBERT-WK (based on BERT’s tokens vector).
SummaTRIZ is trained to extract the sentences meaning by the
summarization task. That’s why the model has a high accuracy
and recall on the second part but especially on the first part
where the meaning is crucial. To confirm these results the

number of full contradictions extraction (1st part and 2nd part)
is computed (see Table III). SummaTRIZ is able to extract two
time more full contradictions than all the other models without
margin and is still the most accurate with margin.

Model Without margin With margin
Word2Vec [7] 1/50 13/50

Word2Vec + tf-idf 2/50 13/50
SBERT-WK [8] 5/50 15/50

SummaTRIZ 11/50 18/50

TABLE III: Full contradictions extraction

These experiments show that building sentences repre-
sentations using summarization is usefull to extract TRIZ
contradictions as highlighted by the outperforming results of
SummaTRIZ comparatively to other state of the art models.

C. Performance of the binary classifier

A classifier lies on top of the architecture of SummaTRIZ
model. In this part, we study the impact of this classifier on
the results.

The following classifiers are studied: logistic regression
[27], SVM [28], decision tree [29], Naı̈ve Bayes [30], Multi-
Layer Perceptron [31]. Results for both parts of the contradic-
tions are shown in Table IV. All the classification metrics are
computed as well as quality of the extraction sentences. The
decision tree is not able to select meaningfull features as only
3 contradictions may be extracted. As Naı̈ve Bayes show poor
results, the features’ likelihood are therefore more complex
than Gaussians distributions. Logistic regression and Multi-
Layer Perceptron algorithms show the best results. The clas-
sification metrics are not sufficient to decide between logistic
regression and MLP. The number of extracted gold sentences
is also similar and the same number of full contradictions are
extracted.

Logistic regression is a linear classifier, it means that some
of the sentences representations are linearly separable but as
the other linear classifiers don’t show such results, a non-linear
classifier may be a better choice for future uses.

D. Evaluation of the data augmentation

Data augmentation may help to improve results without
increasing the size of the dataset. Several data augmentation



Accuracy(1st − 2nd) Precision(1− 2) Recall(1− 2) F1 score(1− 2) 1stpart 2ndpart Contradictions
Decision Tree 0.91-0.85 0.26-0.23 0.20-0.24 0.23-0.24 9/64 24/97 3/50
Naı̈ve Bayes 0.76-0.67 0.16-0.20 0.64-0.74 0.26-0.31 10/64 31/97 5/50

SVM 0.85-0.68 0.25-0.20 0.59-0.75 0.35-0.32 24/64 32/97 9/50
MLP 0.93-0.90 0.47-0.40 0.13-0.06 0.20-0.11 27/64 35/97 11/50

Logistic Regression 0.87-0.77 0.26-0.25 0.46-0.66 0.33-0.36 26/64 36/97 11/50

TABLE IV: Classifiers performance to retrieve the 1st and 2nd part of the patent contradiction

1st part Loss improve-
ment (%)

2nd part Loss improve-
ment (%)

% Average loss im-
provement

Pre-training 16.49 13.48 14.99
Transformation Synonyms 0.26 1.38 0.82
Transformation BERT 2.31 1.97 2.14
Transformation Word2vec 0.51 1.97 1.24
Translation korean 1.28 0.99 1.14
Translation chinese 2.31 0.99 1.65
Translation catalan 0.26 0.39 0.33
Translation chinese + BERT 2.56 1.18 1.87

TABLE V: Global influence of the pretraining and data augmentation methods

techniques are studied in this part. Data augmentation is ap-
plied during the training of SummaTRIZ summarization model
on the patents dataset. The influence of the pretraining with
the summarization task on CNN/Daily Mail is also studied.

Translation techniques consist in translating the patents
(originally in english) in a target language and re-translate
it in english. The difficulty lies in the high performance of
the current translation tools. The target language must be far
enough away from English for the wording of sentences to
change but close enough for the meaning to remain the same.
Double translations with korean, chinese and catalan languages
are investigated.

Different transformations are also studied. Synonyms trans-
formation consists in replacing randomly sampled words by
synonyms using WordNet dictionnary [32]. Transformation
with BERT and Word2Vec consist in replacing randomly
chosen words with words having a similar representation with
BERT or Word2Vec model.

The impact of data augmentation algorithm is studied on the
test loss. The pre-training on the summarization task clearly
improves the ability of the model to build the sentences repre-
sentations (15% loss improvement). The other algorithms have
less influence. BERT transformation show the best results with
a 2% test loss improvement for both parts of contradictions.
The fusion of BERT transformation and double translation in
chinese which both show the best results in their category
does not improve the results compared to BERT transformation
alone.

According to this study, BERT transformation will be used
as data augmentation module.

E. Use cases

In this part, we show qualitative results of the summarization
model with several patent’s state of the art as input.

US8950687B2 is a patent published in 2015 and dedicated
to an improvement in HVAC controllers. The state of the
art shows that a contradiction exist between the control of
the comfort level and the device complexity. The expert

chose the following sentences as first and second part of the
contradictions:
First part: ”Heating, ventilation, and/or air conditioning

(HVAC) systems are often used to control the comfort level
within a building or other structure.”
Secondpart: ”Because of the increased complexity of such

modern HVAC controllers, programming and/or operating
such devices can be considered difficult and/or confusing,
particularly for novice and/or non-technical users.”

The sentences extracted by SummaTRIZ are the following:
First part: ”Because of the increased complexity of such

modern HVAC controllers, programming and/or operating
such devices can be considered difficult and/or confusing,
particularly for novice and/or non-technical users.”
Second part: ”There is a need for HVAC controllers that

are more intuitive and user friendly to program and operate.”
The sentence selected as the first part is in fact the second

part for the expert. The sentence alone is usually not enough
to predict if it’s the first part or the second part of the
contradiction. The context is supposed to do so. Nevertheless
it is not a problem if the second extracted sentence is related
to expert’s first part. In this example it is not the case though.
Only one part of the contradiction is therefore extracted. Not
extracting exactly the experts sentences is not imperative as
many sentences may be similar in the state of the art. In
another patent, US7243212B1, the expert’s sentence ”Notably,
it may not be practical to provide an embedded coprocessor
along with an embedded processor in an integrated circuit due
to having to slow performance of the embedded processor
to operate the coprocessor.” is replaced by ”This duality
of operating at a same frequency is achievable by having
dedicated circuitry for the processor and the coprocessor being
implemented in the same technology.”. In the context of the
state of the art we understand that these two sentences are
similar because there is a need to slow the frequency of the
processor so that it can be synchronized with the coprocessor.
The contradiction between the use of the coprocessor and the
high frequencies is correctly extracted and the object of the



invention is understandable.

VI. CONCLUSION

In this paper, we presented SummaTRIZ , an end-to-end
patent analysis algorithm to extract the contradictions solved
by a patent. The model is based on BERT adapted for
summarization. We have shown that sentences representations
provided by summarization models improve the extraction of
the targeted information. An extensive study on SummaTRIZ
performance has been conducted to validate all design choices.
Some qualitative results are also presented. SummaTRIZ
shows really encouraging results as the extraction of full
contradictions is a difficult task.

Future works include a fusion between sentences representa-
tions coming from token-based algorithms and summarization
algorithms, the extension of the dataset and the training of
a discriminative function capable of differentiate a correct
contradiction between different contradiction candidates. The
development of a pre-processing method to measure the a
priori probability that the patent contain a contradiction in the
state of the art is also a lead.
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