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Goals

What we want to achieve.



Goals

The objective is to train a classifier for determining whether or not a patent or
non-patent document belongs to the topic "green plastics".

(

J

Our Goals:
1) High sample efficiency (that is, a low number of labeled examples is required)
because labeling is a time consuming and tedious process.
2) Unbiased validation metrics to properly estimate generalization capabilities.
3) Maximize specificity at acceptable recall (selectivity) because of the low
prevalence of positive examples. Otherwise, false positive examples may

. easily outnumber the true positive examples. * )

( )
* For example, assuming that 2% of documents belong to “green plastics” and that recall and specificity of
a model are 90% and 98%, the number of false positive examples (about 200) would be larger than the

L number of true positive examples (about 180). Such a model would not be very useful in practice.
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Creativity and Innovation

How we achieve our goals and provide an accurate and robust
classifier which requires only few labeled samples.



Creativity and Innovation —
Conventional Approach

BERT-like binary classification model (CLS) takes a document as input and predicts
a label (yes / no) indicating whether the document belongs to the topic.

BERT-like

Model

4 _ I
Disadvantages:

* No readily available training data.
« All training data needs to be labeled and labels are highly specific to the topic.

\° Any change in labeling rules requires every example to be reviewed.

)
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Creativity and Innovation —
Our Approach

\
e Define sub-categories of the topic and label examples as belonging to one of the
subcategories or to none of the sub-categories.
e Use neural models (CE / NIR) to compute scores how well a document matches a
guery and use definitions of sub-categories as queries.
e Use scores and engineered features (KwG) as input for a decision-tree based
gradient boosting machine (GBM) as the final binary classifier.
J

Topic?

(yes/no)

Categories
CE / NIR | |
Models

KwG

Extraction
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Creativity and Innovation —
Pre-Training for Sample Efficiency

We use neural query-document-models:

-

* A Cross-Encoder (CE) which takes concatenated query and document as input and scores
how well they match. CE is accurate but tends to overfit.

* A Neural Information Retriever (NIR) which encodes query and document separately in
embedding vectors and computes the cosine similarity indicating how well they match.
NIR is faster and less prone to overfitting but also less accurate.

J
4 )
Data for training query-document models is readily available in patent / scientific literature:
e Use title as query and abstract as document.
e Use CPC titles as query and abstract + title as document.
\§ J
( . . . \
— Use this data for pre-training the CE / NIR models.
& J
( . . . . . . \
—> Due to pretraining less labeled training data is required (Goal 1).
& J
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Creativity and Innovation —
New Fine-Tuning Method for NIR

CE is fine-tuned in the usual manner with the objective that the document matches the
correct query (corresponding to the example’s label) and does not match all other queries.

.

( )

The NIR model computes embedding vectors of query and document separately.

- We cannot only use similarity / dissimilarity among document and categories but also

between documents as the training objective for fine-tuning.

—> Further doc-vs-doc objective: Documents in the same sub-category (including “none”
kcategory) are similar to each other but dissimilar to documents in other sub-categories. )
(- - Y NiR Training AUROC* [%

Results of Training NIR/CE: : 5

e Pre-training and fine-tuning are both effective in our approafh. 97.99

. . 97.83
improving the performance of NIR and CE. w/o doc-vs-doc objective [RTAL

* Remarkably, the doc-vs-doc objective is highly w/o fine-tuning 92.53

effective even mo:g than pre-training of NIR. ’ EGEH

* Note that AUROC* is only a proxy for the model’s Our approach 97.39

actual performance. CE features are still superior to 83.74
L NIR features (see Effectiveness - Results). ) 93.21
* AUROC: Area under receiver operating characteristic, a metric for judging the overall performance of a classifier (100 % is best).
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Creativity and Innovation —
Keyword Group (KwG) Features

-
In addition to features from neural models, we use engineered features to improve

robustness:

* Keyword Groups (KwG): Keyword groups contain keywords (and key phrases). Per group,
the count of distinct keywords in the document is used as a feature for GBM.

* We found that distinguishing between keyword counts in title + abstract and the full-text
(title + abstract + beginning of description) led to the best results. )

4 N
Svnergy between labeling and keyword groups

Defining keyword groups may appear to be
extra work. But in practice, text highlighting
based on the keyword groups is extremely
helpful for labeling (see Design and Usability).
And Keyword Groups can be extended based
on recurrent terms observed during labeling.

Labeling

J
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Creativity and Innovation —
Further Advantages

GBMs can handle unbalanced data very well.
4 N\
With GBMs, we can combine accuracy of neural models with robustness of
_engineered features in different feature combinations. )

\
Examples labeled with the sub-categories include o
. . . eplacing
are easier to maintain: exclude plastic Recycling of
materials JEN[eS
e  When definition of sub-category changes, only
examples of that category need to be reviewed.
Plastics for Bio-based /
e  Sub-categories can be easily switched between use in the 5o
positive and negative. living body degradable
plastics
e  Moreover, negative sub-categories to be excluded
from the topic can be defined explicitly.
- J
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Completeness

How to find appropriate examples for training and testing so
that the topic “green plastics” is actually covered.



Completeness —
The Sampling Problem

-

Number of negative examples (not in the topic “green plastics”) in patent / non-
patent literature is much larger than number of positive examples
(within the topic “green plastics”).

4 N

=>» Naive sampling from all documents would return only very few positive
examples such that a vast number of documents would need to be labeled in
order to have enough labeled positive examples.

\_ Y

-
\-) Not feasible. )

Positive Examples

(Unknown) Random Samples

/ \

Negative Examples
(Unknown)
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Completeness —
Our Sampling Method

/

Filter:

Filters (Union of Query Results)

Candidate Examples

Documents are filtered based to be Labeled

on keywords, key phrases, and \
CPC codes to identify candidate

examples using an Apache e
Lucene index over title, Examples
. . (Unknown)
abstract, beginning of the (Almost) Purely

description, CPC codes, and Negative Examples
keywords if available.

-
-

p
The filter (union of query results) separates candidate examples for labeling which may
be positive or negative from almost purely negative examples.

-

" Higher rate of positive examples in candidate examples (40% in our data) makes
_labeling feasible.

( Purely negative examples are also used for training (“none” category is assumed).

— \
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Completeness —
Testing Generalization Capab|I|ty

Goal 1 is to provide a sample efficient method in order to reduce time-
Kconsummg and tedious labeling work.

J

e ™
When relatively few labeled examples are used (about 1500 in our experiments),

a central question is: How well does the model generalize?
N\ J

4 I
To obtain an unbiased estimate of the generalization capability, we split the labeled

data into three disjoined sets of approximately equal quantity:

* A training set used for training model parameters.
* An evaluation set used for tuning hyper-parameters and model selection.

* A test set exclusively used for computing final validation metrics.
— Because models are trained and selected completely without the knowledge of

the examples in the test set, the validation metrics are unbiased (Goal 2).
\ J
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Data Sources

Completeness —

g

As the source for patent literature (published patent applications), we use:

CE and NIR

USPTO front-page data (title, abstract, CPC codes) from 2014 to 2022 for pre-training of

USPTO full-text data of 2021 and 2022 for fine-tuning of NIR and CE and for training GBM

r

-

As the source for non-patent literature, we use:

* Articles (title, abstract, and keywords) from DOAJ (Directory of Open Access Journals)

data dump for pre-training and fine-tuning of CE and NIR and for training GBM.

Vs

Why not EPO data?

EP full-text data for text analytics contains title, abstract, and description but does not

seem to contain CPC codes.
Rate limits of OPS too low for downloading a large number of records.

Maybe, the EPO data science team could consider to include CPC codes in future releases

of the EP full-text data for text analytics?
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Effectiveness

How well our GBM model with CE / NIR and KwG features
performs in comparison to other approaches.



Effectiveness —
Validation Results

P
All GBM models achieve high specificity of 99.10 to 99.34% at good recall of 86.41 to
. 91.26% (Goal 3) and out-perform conventional CLS trained on same data as well as GPT-3.

4 . . N\
* GBM(KwG+CE) is overall winner. Type-1 Error [%]
* GBM(KwG+NIR) is close behind (and much faster). 19,00%
10,00%
* GBM(KwG+CE+NIR) seems to overfit slightly. - oon I I I I I I
_* GBM(KwG@G]) still OK, may be used for pre-filtering. ) 0,00%
S R P G
Recall Specificity | Type-1 Type-2 bxcﬁvx & Sox S
[%] [%] Error [%] Error [%] &
GBM Feature Combinations Type-2 Error [%]
KwG+CE+NIR  [EI A 99.34 14.59 0.66 2,00%
KwG+CE 91.26 99.32 8.74 0.68 1,50%
KwG+NIR 89.80 99.27 10.20 0.73 1,00%
91.26  99.10 8.74 0.90 0,50% I I I I
Comparative Examples 0,00%
& o Q& o 5
(1) cLs 90.78 98.35 9.22 1.65 S &L o C
(gx(' \E$ %$
(2) GPT-3 91.98 80.30 8.02 19.70 &
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Effectiveness —
Comparative Examples

-

CLS:
* Good recall, but type-2 error is more than twice as large as for KwG+CE/NIR.

* Probably, too few training examples for CLS to generalize well and no apparent
way to pre-train. 2 More labeled data required (not sample efficient).

4 N

GPT-3:

* High recall, but poor specificity. Main Problems:

* No good way to estimate confidence. Incorrect answers are returned with high probability.

* Good at following positive instruction (thus the high recall), but less good at following
negative instructions. 2 We cannot efficiently specify what not to include in a sub-category.

* Several incorrect answers are completely unfounded making it difficult to adjust the prompt

to reduce errors.
e At current state, not useful for deciding whether or not a document belongs
\ to a topic due to poor specificity. This may change with future versions. /
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Efficiency

How much resources are required for labeling, training, and
inference (prediction).



Efficiency —
Human Work

4 I
Labeling is the most time consuming and tedious part of the work.

* About 50 to 100 records could be labeled per hour.

* Large variance was observed:
* Some records can be labeled at first glance, other require browsing the whole document.

» Scientific articles are usually easier to label because the abstract is more comprehensive.

- )
4 R

Our approach requires only a low number of labeled examples (high sample
efficiency, Goal 1), e.g. compared to direct binary classifier (CLS).

- J
4 )
Only 1500 labeled examples were used in total for training, eval, and test sets to

achieve very high specificity at high recall (KwG+CE: 99.32% at 91.26% recall).
N J
500 training examples is quite a low number for NLP applications.

TopClassGBM - IP.appify GmbH 20



Efficiency —
Compute for Training

\
J

Only moderate resources are required for training:
e Less than 20h GPU time for training in total.

* Power consumptions of approximately 7 kWh (3.5 kg CO2 equivalents).

* Labeling can be performed in parallel to pre-training.

13 h
2h

30 min
75 min
70 min

System: AMD Ryzen 7 3700X 8-Core Processor, 32 GB RAM, NVIDIA RTX 3090

/
-
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Efficiency —
Compute for Inference

/Appropriate model for inference (prediction) can be selected based on requirements and \
available resources (by “mode” argument in prediction script, default is “accurate”):

e Accurate mode: GBM(KwG+CE) requires the most resources but is the most accurate

* Balanced mode: GBM(KwG+NIR) is almost as accurate and requires far less resources.

* Fast mode: GBM(KwG) is still surprisingly accurate and extremely fast and may be used
for coarsely estimating the number of positive examples in a dataset.

v Full mode: GBM(KwG+CE+NIR) is inferior to GBM(KwG+CE) and is not recommended. j

mm Recall [%] Specificity [%] Time / 1,000 records [s]
full 86.41 99.34 160

KwG+CE accurate 91.26 99.32 155

KwG+NIR balanced 89.80 99.27 5.6
m fast 91.26 99.10 1.2

System: AMD Ryzen 7 3700X 8-Core Processor, 32 GB RAM, NVIDIA RTX 3090
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Transferability

Which steps are necessary to use TopClassGBM for another
topic.



Transferability —
Main Steps for a New Topic

-

* Define sub-categories of topic (necessary for consistent labeling anyway). A

* Define filters (Lucene queries) which separate candidate examples to be
labeled from (almost) purely negative examples.

* Run scripts to prepare pre-training data and candidate examples for labeling.

* Run script for pre-training of CE and NIR and (in parallel) label examples:
* Label enough examples (each set should contain at least 200 positive examples)
* Extend keyword groups based on observations during labeling.
* As necessary, refine category definitions and add guidelines to improve consistency

and review affected examples.

._* Run script for fine-tuning of CE and NIR and training of GBM

J

KDefining sub-categories and filter queries requires domain knowledge. A
Labeling is the most time-consuming part but is made much easier by text

(_highlighting based on keyword groups (see Design and Usability). D
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Design and Usability

Tools provided to the user.



Design and Usability —
Jl and Scripts

s a
We implemented a comprehensive Ul for:

* Labeling examples with text highlighting based on keyword groups
» Editing categories (labels, definitions, labeling guidelines)
» Edit keyword groups (name, guidelines, highlight color, keywords)

* Viewing statistics on labeled examples

N p,
r N
And we provide scripts for all data processing, training, and prediction tasks:
* Many parameters for detailed control
S But straightforward use due to reasonable defaults for almost all parameters )
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i TopClass Ul

Files

Project | Categories

doaj.candidates.000 (100,0 %)
doaj.candidates.001 (100,0 %)
doaj.candidates.002 (100,0 %)
doaj.candidates.003 (0,0 %)
doaj.candidates.004 (0,0 %)
doaj.candidates.005 (0,0 %)
doaj.candidates.006 (0,0 %
doaj.candidates.007 (0,0
doaj.candidates.008 (0,0
doaj.candidates.009 (0,0 %
uspto.candidates.000 (100,0 %)
uspto.candidates.001 (100,0 %)

o

)
%)
%)
)

Keyword Groups

Design and Usability —
JI (View Data Sets

Open / Save Project - O

Data | Predictions

4

uspto.candidates.002 (36,0 %) |

uspto.candidates.003 (0,0 %)
uspto.candidates.004 (0,0 %)
uspto.candidates.005 (0,0 %)
uspto.candidates.006 (0,0 %)
uspto.candidates.007 (0,0 %)
uspto.candidates.008 (0,0 %)
uspto.candidates.009 (0,0 %)

y

Data labeling tab

REP co2 PRP MED

No Label Multiple Labels [ |  Inconclusive [ ]  Level |Human Designation | Test
Examples are chunked for easier co-operation of multiple users

Title FUNCTIONALISED POLYBUTADIENE SYNTHESIS PROCESS

Abstract A process for preparing a functionalized polybutadiene is provided. The process comprises the

following steps:

~ Labeling progress

nerising butadiene with a catalytic system based on at least one preforming
ene, a salt of one or more rare earth metals of an organic phosphoric acid, an

aluminium-containing alkylating agent, an alkylaluminium halide;b) adding a polyfunctional
compound to the pseudo-living elastomer formed in step (a); andc) adding a functionalizing
agent to the mixture formed in step (b). The total molar amount of aluminium in the
polymerization medium is such that the (aluminium/rare earth salt) molar ratio has a value
between 1 and 5 and the polymerization is carried out at a temperature between 40° C. and
90° C. A functionalized polybutadiene that can be obtained by the process, and a rubber

coranacition containina tho functicnalizad nabdadadiono ic alea neouidad

TopClassGBM -

| First

| | Back | | MNext | |NextUnIabeIed| |Nextt0Review|
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Ul

Labels

Design and Usability —

Label Examples

»None“ [abel Label cannot be decided (label unclear or multiple labels apply)

BIC

RCY

RCE AN REP Co PRP MED

Mo Label

Publ Mo

Title

Abstract

Body

Multiple Labels Inconclusive Level |Human Designation | Test Comment

US20220154074A1 Espacenet.. View publication in browser

Pyrolysis Reactor and Methed

A pyrolysis reactor and process for processing or recycling waste material. The pyrolysis reactor defines an internal
cavity. and includes an inlet for the transfer of feedstock material into the internal cavity and an outlet for the transfer
of processed material out of the internal cavity. The pyrolysis reactor also includes an induction heating apparatus
comprising up to thiTayt highlighting based on keyword groups for guiding the user [or within the

internal cavity e.g. grarer——aprooo o rer T T TesEmTsTT e TrreTTaTg T TTorereTrer a0 T material.
The induction heating apparatus is configured to heat feedstock material within the internal cavity.

The present invention is concerned with a pyrolysis ratus. More particularly, the present invention’i
with an improved pyrolysis reactor for processinglor recycling waste, for example pelymer and plastic waste.
present invention is also concerned with an improve is method. More particularly, the presentiwention is
concerned with an improved pyrolysis method for processing or recycling waste, for example polymer and plastic
waste.

Durnhecic ic a bnmun aracacs barwhicrh matarials are deacramnnsed at slavatad temnarasturas Tha nracace has 2 numbar

Navigate among examples| [ First | | Back | [ Next | [NextUnlsbeled| [Next to Review|

TopClassGBM - IP.appify GmbH
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Project | Categories | Keyword Groups | Data

Design and Usability —
Ul (Edit Categories

‘Labels and definitions Positive (1) or negative (-1)|
Categn::-riE// Label ?’Mﬁn/ \Type Priority
BIC ixdegradable (compostable) plastics, bioplastics (bio-based plastics) and products made thereof, i 10
CategOfieS tab RCY | recycling or reuse of plastic products, in particular recycling plastic waste into new products, feedstz| 1 20
RCE |incineration (combustion) of plastic waste and using the produced energy (heat) 1 30
Press DEL to CAM |witrimers and plastics from covalent adaptable polymer networks in which covalent bonds reorganiz| 1 70
REP |self-repairing and self-healing plastics 60

delete selected

methods of directly synthesizing plastics from CO2

PRP | products typically made of plastics where the plastics are (partially) replaced by non-plastic material | 1 50
Enter new - MED |bicdegradable or biocompatible polymers used in the human or animal body for rEpairigﬂissue, s -1 100
category (T -
Details - CO2 Priority only used for ordering in GPT-3 prompts
Diefinition methods of directly synthesizing plastics from CO2
Guidelines Polymers used for CO2 capturing should not be included.

Foaming polymers with CO2 should not be included,
he use of pohycarbonates per se should not be included.

Detailed labeling guidelines

TopClassGBM - IP.appify GmbH
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Design and Usability —
JI (Edit Keyword Groups

Project | Categories| Keyword Groves (B2t Nlame, guidelines, and optionally color for highlighting
Keyword Groups Marne Color Guidelines Keywords
plastic #CFDBDC | synonyms for plastics (in a broad sense) plastic, pol
green ZLBEBCY |qualifiers for environmentally friendly products green, env
Keywo rd Grou pS| | specconv plastic [#D7CCCA |list of specific conventional plastics and abbreviations polyester, |
tab bicdegrad plastic [#B2DFDE | qualifiers for bic-degradable plastics bioc-degrac
bicbased plastic |#FOF4C3 |bicbased source materials for plsatics and terms relating to bicbased plastics bio-plastic,
spec green plastic [#B2DFDE | list of specific green plastics and abbreviations polycaprol
recycling #E1BEET |terms relating to recycling in general waste, gart
PI’ESS DEL to incineration #D1C4AED | terms relating to incineration in general incinerate,
delete selected CANs #FFF3E0  terms relating to covalent adaptable networks and vitnmers CAN, coval
self-repairing #FBESET |terms relating to self-repairing self-reparr,
Coz2 #FFECE3 |terms relating to CO2 C02, carbe
medical #FFCDD2 | terms relating to medical applications of plastics wound, les
replacing plastic |#FFF3C4 |terms relating to replacing plastics by other materials filler, comg
A —
Enter new
Details CANs Keywords are stemmed automatically
Keywaord Sterns
CAN CAN
covalent [tavalent
adaptable ada pﬁbke\adaptahl_. adapt
itrimer witrimer
Edit keywords

TopClassGBM - IP.appify GmbH
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Design and Usability —

JI (View Statistics

Project | Categories | Keyword Groups | Data | Predictions

Statistics

Project tab

Designations

Number of (positive) examples in sets

Training Examples 494 Pasitive: 217
Evaluation Examples 482 Positive: 184
Test Examples 484 Positive: 205
Undefined Examples 0
Labels Counts of positive,
Positive Examples 616 negative, inconclusive
Negative Examples 844 examp|eS and examp|eS
Examples with multiple Labels 5 Where mUIti'Iabels app|y
Inconclusive Examples 15
Label Count
- 703
BIO |282
CAN |10
coz |6 Counts of examples by label
MED | 141
PRP |66
RCE |9
RCY |[235
REP |&

TopClassGBM - IP.appify GmbH
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Desigh and Usability —
Scripts (Basic Usage)

How to perform predictions (infer whether or not documents belong to the topic
“green plastics”):

~

* In command shell run:

pwsh predict.psl -InputFile <json file> -OutputFile <json or csv file> -Mode [accurate]|balanced|fast]

* All necessary trained models are downloaded automatically as required.

* For details on the file format, please see README.md in repository root.
N\

r

How to open Ul:

* |In explorer double-click on “open-ui.bat”.

* Last project (e.g. “green-plastics”) is opened automatically

g
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Summary

What we have achieved.



Summary

-

We provide a classifier for deciding whether a document belongs to a topic with:

1)

~

High sample efficiency through unsupervised pre-training and new NIR fine-

tuning objective (doc-vs-doc).

Unbiased validation metrics through our data sampling and splitting method.
Very high specificity at high recall by combining accurate neural models with

robust engineered features using a decision-tree based GBM.

J

/Our solution is believed to be: )

Usable due to Ul with a straightforward design and easy-to-use scripts.

Complete due to data selection (patent + non-patent literature) and sampling
Transferable since sub-categories and keyword groups can be adapted to any
topic and since it is sample efficient such that labeling work is minimized.
Effective since it achieves sufficiently high recall and specificity to be useful.
Efficient since only moderate resources are required for training and inference.

Innovative due to creative use of readily available data for pre-training, our
new doc-vs-doc objective for NIR fine-tuning and our GBM-based architecture. )
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