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ABSTRACT

Patents play a vital role in protecting innovation and shaping economic growth. Inventors
and patent examiners rely on effectively searching existing patents to determine whether
proposed patents are novel, or already covered by prior art. Al-based patent search methods
can offer utility in this process, but operate as black-boxes and lack the transparency and
explainability required in a legal setting. We present an approach to dynamically refine
explainable boolean queries which recreate the results of the Al-based search. To reduce
the complexity of optimization on such a large search space of possible candidate terms
we use ranking and filtering to narrow the broad search space into a discrete action space
of candidate terms. We apply three optimization techniques to the resulting action space:
Reinforcement Learning (with PPO), greedy search, and Monte-Carlo Tree Search. We find

that greedy search was the most effective in our context.



Understanding AI Patent Search: Discrete Action Space Exploration for

Boolean Query Generation

1 Introduction

The United States Patent and Trademark Office (USPTO) receives hundreds of thousands
of patent applications every year (U.S. Patent and Trademark Office Patent Technology
Monitoring Team (PTMT)). Each new application must be evaluated to determine whether
its contribution is novel, or already captured by some prior art. This evaluation of novelty
requires the use of search tools including Al search tools based on deep learning. However,
machine-learning based search algorithms use opaque and proprietary methods which do
not allow scrutiny and explanation. This is undesirable in a legal process where clarity and
explanation are crucial to decision making.

To address this problem, we attempt to bridge the gap between AI search tools and
traditional boolean queries by dynamically optimizing a boolean query which replicates the
results of an Al patent search system. A sufficiently accurate boolean query reconstruction
can act as an explanation, empowering creators and patent examiners in their understanding
of the underlying logic of the systems. Figure 1 contains an example of a patent and the
corresponding query our baseline system would generate based on a collection of patents
relevant to it. To dynamically optimize a boolean query, we begin with a static baseline
query, and iteratively add and remove terms using a discrete action space. We rank and
filter candidate terms to transform the broad search space of all possible terms to add to or
remove from the query into a discrete action space where the top candidates from each field
are considered as possibilities. Having created a discrete action space, we evaluated three
approaches for reward optimization: Reinforcement Learning (RL), a greedy tree search, and

Monte-Carlo Tree Search (MCTS).
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Patent: Mitochondrially targeted antioxidants (US-7109189-B2)

Abstract: The invention provides mitochondrially targeted antioxidant compounds comprising a
lipophilic cation moiety covalently coupled to a glutathione peroxidase mimetic. These compounds
can be used to treat patients who would benefit from the reduction of oxidative stress.

Query:

(cpc:A61P43/00 (ti:hydroxypheophorbide OR ti:aldolase OR ti:mitochondria OR
ti:mitoquinone)) OR (cpc:A61K31/185 (ti:malignancies OR ti:neuropathy OR ti:snakebite
OR ti:poisoning)) OR (cpc:CO7F9/5442 (ti:mitochondria OR ti:mitoquinone)) OR
(cpc:CO7H15/26 ti:selenol) OR (cpc:CO7F9/58 ti:polyisoprenyl) OR (cpc:CO7F9/091
ti:d609) OR (cpc:C07C2601/16 ti:decrease) OR (cpc:CO7H15/18 ti:fucosidase) OR
(cpc:A61K31/00 ti:poisoning) OR (cpc:A61K31/44 ti:cataracts) OR (cpc:A61K31/662
ti:pro) OR (cpc:A61K31/66 ti:renal)

Figure 1: An example patent was used as input to an Al patent search tool, returning 50 neighbor
patents. The boolean query below was generated to retrieve that particular set of 50 neighbors,
reproducing the results of the Al search. The query contains combinations of Cooperative Patent
Classification (cpc) codes and terms in the titles of patents. The generated query is a reflection of
the common features of the neighbor patents, and a functional explanation of the Al search results.

2 Background

To understand the problem context and proposed solutions, we will outline the impor-
tance of patent search, the role of boolean queries in patent search, and the limitations in
explainability of modern deep learning approaches to patent search. Then we will explore
prior applications of RL and MCTS which motivate their application as potential solutions

to the task of boolean query optimization.

2.1 Patent Law: Nowvelty and Prior Art

Intellectual property is enshrined in the U.S. constitution as a means for inventors to
have exclusive rights to discoveries for a limited time (USC, 1788). Patents are a form of
intellectual property that protects particular processes, machines, manufactures, and com-
positions of matter that are novel and non-obvious (U.S. Congress, 1952a,b). In applying
for a patent, a key element is searching through the existing literature to determine that the
proposed invention is novel, meaning that no previous patent or publicly available material
contains the ideas of the proposed patent (U.S. Congress, 1952b; United States Patent and
Trademark Office, 2019). To determine this, it is necessary to search through prior art, the

existing body of literature including published patents. Prior art search is critical for both
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inventors, who must find the relevant work that precedes their invention and ensure novelty,
and examiners, who must go through a similar review process when determining whether
to accept a proposed patent (United States Patent and Trademark Office, 2019). We will
be discussing two forms of widely used prior art search: boolean queries and deep learning

search tools.

2.2 Interpretability and Deep Learning in Patent Search

Boolean queries are a method of retrieving documents from a database by filtering them
based on whether they contain specific words (terms). Terms in a boolean query can be com-
bined with operators such as AND and OR, creating a specification of which combinations of
terms are acceptable. For example, one could retrieve all documents that contain either ‘wire-
less” and ‘smartphone’; or simply the term ‘camera’ (‘wireless’ AND ‘smartphone’) OR
‘camera’. Patent professionals use boolean queries to retrieve relevant documents in prior
art search, with the advantage that the results returned by a boolean query are intrinsically
explainable: there are precise terms in the document that match the query.

In recent years, there has been much advancement in deep learning approaches to patent
analysis, including for ideation, classification, and valuation (Krestel et al., 2021). Prior
art search has been improved with the use of deep learning to quantify similarity between
documents, or terms, for the purpose of boolean query expansion (Helmers et al., 2019)
(Aras et al., 2018) (Krishna et al., 2019). These advances and others power the underlying
functionality of a tool such as Google Patents (Google), which can retrieve relevant patents
for prior art search. However, although these methods may be effective at finding relevant
documents, their functionality is opaque. As with many commercial search systems, the
implementation details of Google Patents are not publicly available. Unlike with a boolean
query, the reasoning behind a particular retrieved patent is not apparent when using deep
learning search tools.

Attempts have also been made to create systems that integrate explainability into models
structurally, through knowledge graphs for explainable recommendations (Chen and Deng,
2023), or graphs which connect dependent claims to better understand prior art for novelty

analysis (Jang et al., 2023). These systems represent substantial progress in the application
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of Al to patent novelty analysis and prior art search, and offer explanations for the results
obtained. However, the approach proposed in this paper, namely constructing a boolean
query as a means of explaining the result of an Al search, can be applied to any search
system to better understand the results. This can be widely applied by professionals in

conjunction with any search tool.

2.3 Reinforcement Learning for Query Generation

Reinforcement Learning (RL) is a paradigm of machine learning that allows applica-
tions where the reward is not integrable, or dissociated from the actions of the model. This
is achieved by the creation of a discrete state space, actions, and a reward function. An
agent learns to maximize the reward function by taking actions and observing the resulting
changes in state and, ultimately, reward.

RL has been used in approaches to generate SQL queries from natural language (Ortiz
et al., 2018) (Zhong et al., 2017). These models are used to learn optimal queries for database
systems, but their approaches do not apply directly to the problem outlined here, where we
attempt to create a query from terms found in collections of documents.

The most structurally similar to the approach outlined in this paper of boolean query
generation is Query Rewriting models, which attempt to rewrite a user-generated query
to more effectively retrieve desired documents. These models must use similar techniques to
select terms to include in a query. Buck et al. (2018) use a black-box IR system to find the
optimal rephrase for a question in a QA setting. Their approach is to create a sequence-to-
sequence model for paraphrasing, which learns to optimize the quality of answers returned
from the system when used to paraphrase the question.

In a similar vein, Nogueira & Cho (2017) use a similar sequence-generation approach to
generate a query from terms found in (1) an original input query and (2) the set of documents
retrieved from that initial query, using a language model to find the most effective and
probable terms based on the query and documents. Others have used the approach of using
RL to fine-tune an LLM to rephrase a user query in order to optimize accuracy of the query

in retrieving relevant documents (Nguyen et al., 2025) (Jiang et al., 2025).
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These approaches show that RL can be applied to the problem of filtering a large search
space of terms. In our application, we will attempt to use an RL agent to choose terms from

a filtered set of candidates.

2.4  Monte-Carlo Tree Search for Broad Search Spaces

Our proposed approach applies tree-search algorithms to a constructed action space, at-
tempting to maximize reward with the minimum computational cost. One approach to this
problem of exploring a broad action space is Monte-Carlo Tree Search (MCTS). MCTS
is particularly well suited to this task because of the fact that we can evaluate the quality
of alterations to the query and by evaluating performance of the boolean query. MCTS was
originally developed in the context of the game Go where a key difficulty in computationally
optimizing play is the large search space of potential moves, which makes brute-force search
ineffective. This mirrors the difficulty in the query generation problem of choosing between
a large number of possible candidate terms to add and remove. To address this problem,
MCTS uses a heuristic balancing exploration of new potential moves and exploitation of the
most effective known solution. From a particular board state, a root node is created. Each
child of the root node represents the state of the board after one more move is executed,
and the tree can grow deeper as more moves are simulated. The value of each new node
is estimated by a simulation, executing a random series of moves (rollout) until the game
terminates and a winner is determined (Coulom, 2007). To determine which moves warrant
a deeper exploration, a reward function (UCB1) is used which balances the estimated score
of all children of the node with the number of times the node has been visited, prioritizing
new exploration on nodes that (1) have high expected return, and (2) have been visited

infrequently (Kocsis and Szepesvari, 2006).

UC’Blzﬁ—l—c In v

n; n;
where wj; is the cumulative reward from node i, n; is the number of visits to node 7, N is the

number of visits to the parent, and c is a tunable exploration constant. A higher value of ¢
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encourages more exploration of univisited nodes, while a lower value prioritizes exploitation
by expanding known high-scoring nodes.

Later Go-playing algorithms such as AlphaGo exceed human ability, using deep-learning
methods to estimate the value of a particular board state rather than random rollouts (Silver
et al., 2016). In our application, the reward of a particular query can be computed directly
by executing the query rather than estimated, removing the need for random rollouts or a
neural classifier to estimate value. We adapt MCTS to boolean query optimization where

nodes represent query states and actions correspond to term additions or removals.

3 Boolean Query Generation Task

3.1 Problem Statement

The USPTO created a publicly accessible challenge on Kaggle (United States Patent and
Trademark Office, 2024) which contains the dataset used in this task. For a certain target
patent, 50 relevant neighbors from an Al search tool are generated. Given the target patent
and the set of neighbors, the task is to create a boolean query to retrieve as many of these
neighbors as possible. The boolean query reproducing the set of retrieved patents is taken as
a functional explanation of the results of the Al search. This set of neighbors constitutes the
gold data which the query should retrieve, and success will be measured using F1. F1 is the
harmonic mean of two evaluation metrics: Precision and Recall. Precision measures how
many of the documents retrieved by the query were from the desired gold set, and Recall
measures how many of the desired documents were retrieved overall.

TP TP

Precision = ———— Recall = ————
recision = 7m0 Recall = 7o

where T'P represents True Positives, patents retrieved by the query and present in the gold
set, I'P represents False Positives, patents retrieved by the query but not in the gold set,
and F'N represents False Negatives, patents in the gold set not retrieved by the query.

F1 is computed by combining the two:

Precision - Recall 2TP

Fl1=2. =
Precision + Recall 2TP -+ FP -+ FN
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A model that prioritizes only one at the expense of the other will be penalized. To optimize
for F1, the query must be (1) broad enough to effectively retrieve the gold patents, and (2)
narrow enough that most of what it retrieves is relevant.

The dataset contains 4000 target patents each with associated neighbors. 2400 of this set

were used for training, 800 for development, and the remaining 800 as a testing set.

3.2  Static Baseline

As a baseline on the query generation task and a starting point for the iterative query
optimization system, we used a deterministic system from prior work which creates a query
for the set of neighbor patents using linguistic methods (Islam et al., 2026). This baseline
approach uses TF-IDF ranking to select the top-k most relevant terms from each of the
neighboring documents and constructs a conjunctive sub-query for each neighbor. That is
to say, this sub-query is the two terms appearing in two selected fields of the patent (from
the set of fields: title, abstract, description, claims, c¢pc) which are relatively uncommon
in the whole corpus of documents, but which are common in this particular patent. These
terms are combined using the AND operator to create the sub-query, so it is likely that each
sub-query will retrieve the document it was created from. For example, patent 1 from the set
of neighbors could contribute the subquery (‘wireless’ AND ‘camera’), patent 2 the sub-
query (‘wireless’ AND ‘smartphone’), and so on. These sub-queries are then combined
disjunctively (using the OR operator) to create a query for the whole set: (‘wireless’ AND
‘camera’) OR (‘wireless’ AND ‘smartphone’) OR (...). Finally, the query is simpli-
fied to combine redundant terms using distributive laws. Some sub-queries may contain
duplicated terms, and these can be combined. In this case, our example query could be

reduced to ‘wireless’ AND (‘camera’ OR ‘smartphone’).

4 Proposed Approach

Our proposed approach is an iterative environment that transforms the broad search space
of potential terms to add to the query into a discrete action space using a two-part ranking

system to filter to a fixed set of candidates. First, we will address how the query is con-
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structed as more terms are added to the baseline, then the construction of the actions and
rewards, and finally the three systems created to optimize the rewards in this environment:

a Reinforcement Learning agent, greedy tree search, and Monte-Carlo Tree Search.

4.1 Query Construction

Our query formula is similar to the baseline, in that each document contributes a sub-query

to the larger query. Each subquery takes the form:
term_1 AND ... AND term_n

Where term_1...term_n are terms from a particular document. These subqueries are then

combined into a larger query using disjunction:
subquery_1 OR ... OR subquery_n

Distributive laws are then applied to remove redundant terms to reduce the query length.
For example, the two subqueries joined by disjunction (car AND train) OR (car AND plane)
can be reduced to (car AND (train OR plane)). Finally, the negated portion of the query
is appended to the end in the form:

AND NOT (term_1 OR ... OR term_n)

This construction means that as new terms are added from the candidates, they are added

to the subquery corresponding to the document they were taken from.

4.2 Action Space

Taking the statically generated baseline query as a starting point, we construct an adaptive
environment with a discrete action space that represents possible alterations to the query.
Table 1 contains the full set of actions. Each action contains a candidate term to add to
or remove from the query, dynamically updated based on the documents retrieved at the
previous iteration. This is possible because we have access to the gold data of neighbor
patents, and can select terms likely to increase the accuracy. The potential space of query

terms to add and remove is large, so to express the query-construction task as possible
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discrete actions, we filter and rank candidate terms at each step of the process. For example,
to find candidate terms to add to the query, we collect potential terms from the set of false
negatives of the current query— patents that were in the gold set but not retrieved by the
current query. Each document from the set of false negatives contributes a candidate term
based on the top ranked term from each of its fields. The ranking system used to filter
these terms is described below, combining TF-IDF ranking and embedding similarity with
the existing query. Once a scoring system has been established, the top term from each
document can be put into a list and ranked. From there, the top k terms from each field are
possible actions that the environment offers (k=4 was used after some emperical evaluation).
Once an action is selected, the corresponding term is added to the query and the query is
executed again, retrieving a new set of documents with new terms. The reward provided
by the environment is the difference in F1 score between the newly altered query and the

previous query.

Action IDs Description

0-3 Add positive term from clm (terms 0-3)
4-7 Add positive term from cpc (terms 0-3)
8-11 Add positive term from ti (terms 0-3)
12-15 Add positive term from detd (terms 0-3)

16 Add a negative term

17 Remove a positive term

18 Remove a negative term

19 Terminate

Table 1: The action space of the iterative query optimization environment. Actions represent
potential alterations to the boolean query. Abbreviations clm cpc, ti, and detd represent the
patent fields claims, cooperative patent classification codes, title, and description respectively.
Candidate terms are filtered and ranked using the process outlined in Section 4.3. Optimization
methods including Reinforcement Learning, greedy search, and MCTS were applied to the action
space to find the best actions in each situation.

4.3  Candidate Term Scoring

Candidate terms are ranked based on a combination of TF-IDF (Term Frequency-Inverse
Document Frequency) scores and embedding similarity to the overall query. TF-IDF is

defined here as:
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N
TF-IDF(¢t,d, D) = fr.a < log —
Uz

Where ¢t is a particular term (word), d is a particular document (patent), D is the set of all
documents in the corpus, f; 4 is the number of times term ¢ appears in document d, N is the
number of total documents, and n; is the number of documents in D containing term t.
For computational efficiency, the TF-IDF scores of the top 5 scoring terms in each of the
fields of each of the documents were cached. The inverted version of this cache, which maps
a particular term to its score in each of the documents (if that term was in the top 5), was
used to approximate the aggregate TF-IDF score of a term across a subset of documents.
The TF-IDF scores of candidate terms are computed across distinct subsets depending on
the context. For each of the types of candidate terms, there are distinct subsets used in this

computation:

1. Terms to add to the query. These terms were collected from the false negatives, with
their TF-IDF score computed by subtracting their score across the all the retrieved

documents from their score across the false negatives.

2. A term to add to the query with a negation (AND NOT term). These terms are collected
from the false positives, ranked based on their score in the false positives minus their

score in gold set.

3. A term to remove from the positive portion the query. These terms are ranked by their

score in the false positive documents minus their score in the gold set.

4. A term to remove from the negated portion of the query. These terms are assigned

their score across the false negatives minus their score across the gold.

This approach seeks to maximize the likelihood that adding terms and removing terms
will cause the query to accept new documents from the gold set, and remove false positives.
Embedding cosine similarity was used as another scoring mechanism. Embeddings were
used to map terms and groups of terms to a semantic vector space. PatentSBERTA, a sen-

tence transformer model trained on patent data, was applied (Bekamiri et al., 2024). Each
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term in the query was assigned an embedding, and the mean was used as the whole query
embedding. For CPC terms, they were replaced with the embedding for their whole descrip-
tion. A mapping was created of cpc codes to their descriptions (including the hierarchical
portions where applicable, ie B1007 may be be ‘shovels’ while B10073 could be ‘with re-
tractable handles’, so it would concatenate to ‘shovels with retractable handles’ for B10073).
The candidate terms were similarly assigned embeddings, and a particular candidate term’s

score would be its cosine similarity to the query embedding:

_ 9t
lalllit]

Where g would be the query embedding vector, and ¢ the term embedding vector.

sim(q, t)

When terms were being ranked relative to one another as candidates, the two scoring
systems were combined using Reciprocal Rank Fusion (Cormack et al., 2009). For the whole
set of candidate terms, two ranks were assigned based on their scores in TF-IDF across the
relevant subset of documents and their embedding cosine similarity to the existing query.
The two scores were combined using the formula for Reciprocal Rank Fusion to create one

overall ranking:

1
RRF Score(c € C) = Z )

Where C'is the set of current candidates, R is the set of two rankings, r(c) is the rank of ¢
in 7, and k is a constant (in this case, 60).

This combined score ensures candidates are both lexically relevant and semantically aligned
with the query. Once this RRF Score has been computed, candidate terms are selected from
each of the fields of the patent, the top k (=4) scoring terms from each field being accessible
as options to be added to the query.

All three approaches share a common action space and reward function, including the
approach used to rank and filter candidate terms. The RL agent additionally requires a
state representation to condition its policy; the greedy and MCTS approaches treat the
problem as a black-box reward optimization, requiring only the ability to execute an action

and observe the resulting F1.
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4.4 Reinforcement Learning Agent

Figure 2 illustrates the iterative loop of the Reinforcement Learning agent in optimizing
the query. The environment provides a state, action space, and reward. Unlike the other two
approaches, which iterate using only the reward as signal to optimize at each step, the RL
agent has access the information in the state, which allows it to learn associations between

the TF-IDF and embedding scores of candidate terms, and the corresponding reward of

\

State &

Target Patent | | Static Query Initial Quer Reward | | Candidate Terms Query
& Neighbors Generator Y T
Action
RN Add/Remove term

Figure 2: Architecture of the boolean query generation environment for the Reinforcement Learn-
ing agent. The system initializes a query using the baseline static query generator, then iteratively
refines it using the actions selected by the agent. At each iteration, the agent chooses between
possible candidate terms to add, collected from the documents intended to be retrieved.

adding those candidate terms.

e State. The state includes information about the current query and candidate terms:
The number of true positives, false positives, and false negatives obtained from ex-
ecuting the current query, the length of the current query when reduced (including
operators), number of terms in the query, and two scores for each of the 16 candidate

terms: their TF-IDF score, and their embedding similarity to the existing query.

e Actions. There are 20 possible actions, based on the candidate terms selected: for
each of the 4 fields available (title, description, cpc, and claims), the top 4 ranked terms
are available to add. Further, there is an option to add a negative term (preceeded by
NOT), an option to remove a positive term, and an option to remove a negative term.

Finally, the option to terminate the current episode.

e Reward. The reward at each iteration is the difference in F1 from executing the

action.
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Once this environment is created, Proximal Policy Optimization (PPO) (Schulman et al.,

2017) is used to train the model over the course of 10,000 timesteps using the training set.

4.5 Greedy Tree Search

Figure 3 illustrates the approach of greedy tree search. Using the action space of the
constructed environment, the greedy tree search attempts all actions available at a particular
state. The rewards are computed by re-executing the new query, and the highest reward
action is chosen. This process repeats until no actions have a positive reward, and the

terminate action is chosen.

Action 1

X \
- Greedy -_) ) Updated
Query —>[Env1ronmentj—> Best Action —> Query

A /

Action n

repeat until convergence

Figure 3: Greedy tree search evaluates all candidate actions at each step and selects the one
yielding the highest F1, iterating until no improvement is found.

4.6 Monte-Carlo Tree Search

Monte-Carlo Tree Search, as explained in Section 2.4, is suited to the task of exploring
branching possibilities in the search space of possible queries. The algorithm creates a
tree of possible states, and after exploring and estimating the average value of each action,
chooses the one highest average reward action, before iterating again and exploring further.
Figure 4 illustrates an example of MCTS. The algorithm proceeds by exploring possible
actions, creating a tree of potential new states with exploration and exploitation balanced
by the UCB1 reward function (see Section 2.4). Nodes with higher UCBI either have higher
expected reward, or have not been explored as much as other nodes. The constant ¢ balances
between these two factors. In our case, to calibrate with the rewards (marginal changes in
F1), we set ¢ = 0.2. In our implementation, nodes of the tree each represent a query, and

the reward for a particular child is the cumulative change in F1 from the root to that child.
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The algorithm iterates by propagating the children of the node with the highest UCBI score,
iterating and updating the expected average reward of each child of the root. After a fixed
number of iterations (in our case, 60), the child of the root with the highest expected score
is selected as the next action. The remaining piece of the tree underneath that child is
preserved for the next iteration of the algorithm. This approach, unlike the greedy search,
has the potential to choose actions that may not be the optimal next move, but lead to a

higher average reward down the line based on the continued exploration.

+term a

+term b

+term d +term e

+term g S

w = cumulative reward n = visit count

Figure 4: MCTS builds a search tree over query states. Nodes represent query states annotated
with cumulative reward w and visit count n. UCB1 guides exploration, expanding high-reward and
under-visited nodes. The highlighted blue node (q1) is the action with the highest expected reward,
which would be selected given this tree. Subsequent exploration would begin with ¢; as the root.

5 Results

Each of the three optimization approaches over the action space, Reinforcement Learning,
greedy search, and Monte-Carlo Tree Search, were tested on the 800 patent development set.

The results are displayed in Table 2. A box plot of the F1 score distribution of each setting
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Method F1

Static Baseline 0.557
RL (PPO) 0.557
Greedy Search  0.643
MCTS 0.590

Table 2: Comparison of query optimization methods by mean F1 score in an evaluation over 800
examples.

Baseline 000000

RL Agent 000000

0.4 0.6 0.8

MCTS o o oooI

0.0 0.2 1.0

F1 Score

Figure 5: Boxplot illustrating the distribution of F1 for the various optimization methods. Each
was tested over the 800 patent development set.

is shown in Figure 5. The best performing method was greedy search, with an average F'1 of
0.643 across all runs, an increase of 0.086 in F1. The worst-performing optimization method
was the RL agent, with a roughly equivalent performance to baseline. This is explored below.
Of the two tree search methods, the simpler greedy search method was higher scoring than

MCTS.

5.1 Reinforcement Learning Training Progression

Figure 6 contains line graphs which show the relative proportions of actions selected
throughout the training process. The agent tended to favor early termination more as

training progressed. This increasingly conservative approach seems to indicate that the ac-
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Figure 6: Action proportions selected by the Reinforcement Learning agent throughout the train-
ing process. Actions to add terms are grouped based on the field they came from in the original
patent. Over time, the model converges toward selecting the terminate action.

tions which add and remove from the query do not tend to increase the reward substantially
enough to incentivize them. Considering that the RL agent had access to information about
the current query as well as scores for the candidate terms, it seems that these pieces of infor-
mation are not sufficient to learn a policy that correctly maps the information to the correct
candidate to maximize reward. In a sparse reward environment, that proxy information for

the potential value of a candidate term is not enough.

5.2 Tree Search Method Comparison

Although both tree search methods increased performance over the baseline, greedy search
showed a higher improvement than Monte-Carlo Tree Search. This is an interesting result,
considering that MCTS has been demonstrated to be effective at optimization problems
in large search spaces. However, there are a few potential explanations for this difference.

Firstly, the cost of evaluating a query was a limiting factor in the exploration constant of the
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algorithm. With a budget of 60 iterations and 20 potential actions, the depth of exploration
is limited. To counterbalance this fact, the low ¢ constant encouraged exploitation rather
than exploration (because upon finding a high-reward child, it would be best to continue
branching to its children), but this is a difficult balance to tune, because if the highest scoring
child is not explored then the model cannot find the optimum that greedy search would have
found. Another limiting factor in such a sparsely populated reward environment is that the
average reward of a child could easily be skewed by encountering negative or low-scoring
children, even if one particular path would be the highest scoring, that path may not have
the highest average reward, which is used in MCTS to select the next action. Ultimately, the
higher compute cost of evaluating many potential branches, then discarding the majority of
the work at each iteration, did not result in a greater capacity to optimize the reward.

To illustrate the differences between the two methods, an example patent with the corre-
sponding queries and actions performed is included in Figure 7. In this example, the greedy
search performed more actions than MCTS did. Although the benefit of MCTS is that it
may explore each potential action more deeply before making a selection, with such a large
action space it did not find the actions that greedy found at each iteration that would make
progressive improvements to the query. Greedy performed more actions, because at each
iteration, there was another action to take with assured performance improvement. Pat-
terns like this where MCTS was more conservative than greedy explain some of the gap in

performance between the two systems.

6 Conclusion

Prior art search is an important part of the patent application process, yet the Al tools
increasingly used for this task offer little transparency into their results. We address this
by framing boolean query reconstruction as a means of explaining black-box patent search,
constructing a dynamic discrete environment and evaluating three optimization approaches:
Reinforcement Learning, greedy search, and Monte-Carlo Tree Search. Greedy search proved
most effective, achieving an F1 of 0.643 on the development set, suggesting that the se-
quential nature of query construction favors exhaustive local search over learned policies or

broader tree exploration. These results demonstrate that boolean query reconstruction is
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Patent: Mitochondrially targeted antioxidants (US-7109189-B2)

Abstract: The invention provides mitochondrially targeted antioxidant compounds comprising a
lipophilic cation moiety covalently coupled to a glutathione peroxidase mimetic. These compounds
can be used to treat patients who would benefit from the reduction of oxidative stress.

Baseline Query:

(cpc:A61P43/00 (ti:hydroxypheophorbide OR ti:aldolase OR ti:mitochondria OR
ti:mitoquinone)) OR (cpc:A61K31/185 (ti:malignancies OR ti:neuropathy OR ti:snakebite
OR ti:poisoning)) OR (cpc:CO7F9/5442 (ti:mitochondria OR ti:mitoquinone)) OR
(cpc:CO7H15/26 ti:selenol) OR (cpc:CO7F9/58 ti:polyisoprenyl) OR (cpc:CO7F9/091
ti:d609) OR (cpc:C07C2601/16 ti:decrease) OR (cpc:CO7H15/18 ti:fucosidase) OR
(cpc:A61K31/00 ti:poisoning) OR (cpc:A61K31/44 ti:cataracts) OR (cpc:A61K31/662
ti:pro) OR (cpc:A61K31/66 ti:renal)

MCTS Actions:
Add ‘detd:carbonylaminoethylsulfonic, Add ‘detd:tritylsulfanyl’

MCTS Final Query

(cpc:A61K31/185 (ti:malignancies OR ti:poisoning OR ti:neuropathy OR ti:snakebite))
OR (cpc:A61P43/00 (ti:mitoquinone OR ti:aldolase OR ti:mitochondria OR
ti:hydroxypheophorbide)) OR (cpc:CO7F9/5442 (ti:mitoquinone OR ti:mitochondria)) OR
(cpc:CO7F9/58 ti:polyisoprenyl) OR (cpc:A61K31/66 ti:renal) OR (cpc:A61K31/44
ti:cataracts) OR (cpc:CO7F9/091 ti:d609) OR (detd:tritylsulfanyl) OR (cpc:A61K31/662
ti:pro) OR (cpc:A61K31/00 ti:poisoning) OR (cpc:C07C2601/16 ti:decrease) OR
(cpc:CO7H15/26 ti:selenol) OR (detd:carbonylaminoethylsulfonic) OR (cpc:CO7H15/18
ti:fucosidase)

Greedy Actions:

Add ‘clm:absorbing’; Add ‘detd:fcot’; Add ‘ti:hydroxypheophorbide’,

Add ‘clm:carboranyl’ Add ‘detd:carbonylaminoethylsulfonic’,

Add ‘ti:diaminoalkyne’ Add ‘ti:shikimate’, Add ‘ti:arsenoxide’,

Add ‘ti:diethylaminobenzenethiosulphonic’, Add ‘detd:dihexylporphyrin’,

Add ‘detd:ccccv’, Add ‘clm:heterolytic’, Add ‘detd:rutschow’, Add ‘detd:gluoh’,
Add ‘detd:bonalfa’, Add ‘detd:benzylphloretin’, Add ‘cpc:A61K31/105°

Greedy Final Query:

(cpc:A61P43/00 (ti:hydroxypheophorbide OR ti:aldolase OR ti:mitochondria OR
ti:mitoquinone)) OR (cpc:A61K31/185 (ti:malignancies OR ti:neuropathy OR ti:snakebite
OR ti:poisoning)) OR (cpc:CO7F9/5442 (ti:mitochondria OR ti:mitoquinone)) OR
(cpc:CO7H15/26 ti:selenol) OR (ti:diaminoalkyne) OR (detd:rutschow) OR
(detd:benzylphloretin) OR (cpc:CO7F9/58 ti:polyisoprenyl) OR (ti:arsenoxide) OR
(cpc:CO7F9/091 ti:d609) OR (detd:ccccv) OR (detd:gluoh) OR (cpc:C0O7C2601/16
ti:decrease) OR (ti:lipophenol) OR (cpc:CO7H15/18 ti:fucosidase) OR (cpc:A61K31/00
ti:poisoning) OR (cpc:A61K31/44 ti:cataracts) OR
(detd:diethylaminobenzenethiosulphonic) OR (detd:bonalfa) OR (cpc:A61K31/662 ti:pro)
OR (detd:dihexylporphyrin) OR (detd:carbonylaminoethylsulfonic) OR (cpc:A61K31/105)
OR (ti:shikimate) OR (clm:carboranyl) OR (clm:heterolytic) OR (cpc:A61K31/66
ti:renal)

Figure 7: An example of a baseline query, actions taken by the two tree search methods, and the
final resulting queries. For the terms added to the query, the prefixes indicate the field: ‘clm’ for
claims, ‘cpc’ for the Cooperative Patent Classification codes, ‘ti’ for title, ‘detd’ for description.
The final query from greedy search has an F1 of 0.82, compared to the original F1 of 0.58. For the
same patent, MCTS processing resulted in a final F1 of 0.64.



27

a viable explanation method for Al patent search, applicable to any search system without

modification.

6.1 Limitations and Future Work

In this application, the failure of RL because of the convergence towards early termination
seems to suggest that the model could not sufficiently learn from the sparse examples of
positive actions that contribute to query effectiveness. To address this concern, other RL
algorithms could be applied, potentially off-policy approaches such as DQN, which can use
rewards repeatedly with replay buffers to better optimize in such a sparse reward landscape.

The disparity in performance between the two tree search algorithms could potentially be
alleviated by making alterations to MCTS. One possibility is to further tune the hyperpa-
rameter C and runtime compute budget, allowing the algorithm as is to potentially explore
more successfully. Another potential alteration is to change the algorithm to only account
for positive rollouts, excluding the influence of negatively scoring children that reduced the
likelihood of picking otherwise highly-scoring nodes. Another possibility is applying another
search algorithm, such as beam search.

Besides the learning algorithm limitations, there is also the question of scope. The exper-
iments conducted here used a limited index of the entire patent dataset. To test the system
more robustly, the queries could be applied to a larger index of patent documents. Beyond
that, for the applied purpose of prior art search, patents are not the only relevant material
to be retrieved. Future work could expand to search systems that include not only patents
from the USPTO but other patent agencies, and other forms of disclosure. Incorporating
more diverse sources of potential prior art would involve new document types, structures,
and linguistic patterns to consider, but would ultimately greatly increase the practical utility

for prior art search.
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