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ABSTRACT
A two-stage pipeline is commonly used to identify similar text pas-

sages in large document corpora: First, a fast approach produces

potential matches, which are then examined in detail. Existing ap-

proaches for the first step consider only syntactic information and

miss semantically similar passages that are syntactically dissimilar.

To address this, we define the novel problem of semantic document

alignment as a semantic set-similarity problem on𝑘-widthwindows.

For two documents 𝑆 and𝑇 , an exhaustive baseline that evaluates all

|𝑆 |× |𝑇 | window pairs is computationally infeasible since assessing

the similarity of a single pair requires O(𝑘3) time.

We propose SeDA, which combines a sophisticated candidate

generation technique with a bound cascade to drastically reduce

the number of expensive window comparisons. It further exploits

overlappingwindows to efficiently compute both the bounds and the

final similarity scores. Our empirical results on three large document

corpora indicate that SeDAprunes over 99% of thewindow similarity

computations, resulting in response-time improvements of 1.5–3

orders of magnitude over the baseline solution and 2–5 orders of

magnitude over SBERT. Compared to purely syntactic competitors,

SeDA provides competitive runtimes and achieves superior result

quality, i.e., near-optimal F1-Score of precision/recall and matching

the performance of purely semantic methods such as SBERT.

PVLDBReference Format:
PranayMundra, Daniel Kocher,Martin Schäler, andNikolausAugsten. SeDA:

Bridging the Gap between Efficient Syntactic and Precise Semantic Search

of Similar Passages in Large Text Corpora. PVLDB, 19(6): 1332 - 1344, 2026.

doi:10.14778/3797919.3797938

PVLDBArtifact Availability:
The source code, data, and/or other artifacts have been made available at

https://github.com/mschaeler/seda.

1 INTRODUCTION
In the current era of increasing global information exchange, pre-

cise and scalable semantic document search is crucial for locating
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analogous document passages. Existing methods are commonly

categorized into syntactic and semantic methods. Semantic methods

leverage contextual embeddings or deep languagemodels to capture

meaning and yield precise matches. However, this expressiveness

incurs substantial computational overhead, making them difficult

to scale. Contrastingly, syntactic methods are computationally ef-

ficient but fail to detect semantically similar documents that differ

syntactically. To balance efficiency and semantic expressiveness,

most systems adopt a two-stage pipeline: initially, a document query

is matched using a fast syntactic technique to identify a set of poten-

tially similar documents, which are then rigorously evaluated with

time-intensive semantic methods [15, 17]. Since the syntactic match-

ingstagecompletely ignores semantic relationships, it systematically

filters out semantically similar documents that are syntactically dif-

ferent. Considering semantics is vital in text analysis, as documents

often contain subtle nuances, deep semantic ties, translations (e.g.,

into contemporary youth language), and paraphrases. Example 1.1

demonstrates this challenge in two biblical texts.

Example 1.1 (Bible Verse Alignment). Consider two passages from
different Bible revisions, Book of Ester 1:2, that span numerous his-

torical eras:𝑆 ,𝑇 stem from theEnglish StandardVersion and theKing

James Bible, respectively. 𝑆 ′,𝑇 ′ show the sequences after common

preprocessing steps (stop-word removal; stemming). For a human

reader, the two sequences are similar, as one would expect for the

same Bible verse. However, standard alignment faces two major

challenges: (1) Theword ordermay differ between text passages, e.g.,

“throne”. (2) Syntactically different words may be synonyms, e.g.,

syntactic matching of “citadel” and “palace” is virtually impossible.

𝑆 = “in those days when King Ahasuerus sat on his royal
throne in Susa, the citadel,”

𝑇 = “That in those days, when the king Ahasuerus sat on the
throne of his kingdom which was in Shushan the palace,”

𝑇 ′ = “day king ahasuerus sat royal throne susa citadel”
𝑆 ′ = “day king ahasuerus sat throne kingdom shushan palace”

To handle positional variations of words, syntactic approaches [8,

34, 35] employ windowing techniques that disregard word order

within each window. As such methods lack semantic awareness,

they rely on very low similarity thresholds 𝜃 to avoid missing poten-

tialmatches. This inevitably leads to low-qualitymatches, sacrificing

precision for recall. As a result, the two-stage strategy of syntactic

preprocessing followed by semantic verification struggles to scale

for twomain reasons. First, lower precision produces a large number

of irrelevant document pairs that must still undergo costly semantic
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verification. Second, exact syntactic matching becomes inefficient at

low similarity thresholds. For example, systems like TxtAlign [37],

achieve their bestmatching qualitywith Jaccard-based token similar-

ity at thresholds as low as 0.3≤𝜃 ≤ 0.4. In contrast, works on efficient

set similarity search focus on Jaccard thresholds of 𝜃 ≥ 0.5 [20, 39] as
commonfiltering techniques [2, 9, 29, 36, 38]degradesignificantly for

lower thresholds. Hence, solutions targeting at low similarities often

resort to approximations [23, 37], further reducing result quality.

SemanticDocumentAlignment.To this end,we introduce and
formally define the novel problem of semantic document alignment,
which aims to identify pairs of similar text passages of user-defined

length 𝑘 (referred to aswindows) between two documents. Unlike

syntactic approaches that essentially count identical words within

windows, our method is based on the concept of semantic similarity
of sets. This enables us to effectivelyhandle bothpositional variations
in word order and paraphrased text passages.

To assess the semantic similarity between two windows, a max-

imummatching between the semantic word similarities in the win-

dows is established, which requires𝑂 (𝑘3) time. An exact exhaustive

baseline for solving the semantic document alignment problem be-

tweentwodocuments𝑆 and𝑇 mustcompute thisexpensivematching

for |𝑆 |× |𝑇 | window pairs, which is impractical for large documents.

The SeDAAlgorithm.We propose the SeDA algorithm to scale

semantic document alignment to large documents. Scaling a seman-

tic solution is more challenging than scaling syntactic, set-based

approaches, which leverage exact word matchings and disregard

semantic similarities of words. SeDA (a) efficiently computes ex-
actly the same alignment matrix as the exhaustive solution, while (b)

substantially improving the result quality w.r.t. precision and recall.

Conceptually, SeDA computes an alignment matrix𝐴 that stores

similarity scores for all pairs of 𝑘-length windows from sequences 𝑆

and𝑇 . Each window pair corresponds to a cell in𝐴, and we are inter-

ested only in cells whose similarity exceeds a user-defined threshold

𝜃 . To avoid processing the quadratic number of matrix cells, SeDA

employs sophisticated pruning techniques and optimizes the match-

ing computation. Its key features are as follows:

(1) A candidate generation technique avoids iterating over all
cells of𝐴. Empirical results showthat fewer thanone-sixthof

the cells of𝐴 are proposed as candidates for similarity𝜃 ≥ 0.7.
(2) A cascade of bounds groups adjacent candidate cells into

candidate runs to leverage overlapping windows, enabling
incremental computation of the tightest O(𝑘2) bound prun-
ing 99% of the cells in linear O(𝑘) time.

(3) To jump-start the similarity computation of the remaining

cells, we efficiently reuse results computed for the bound

cascade, which avoids a quadratic O(𝑘2) overhead per cell
pair and substantially improves practical performance.

Contributions. Summarizing, our contributions are as follows.

• We introduce the semantic document alignment problem to

identify pairs of semantically similar text passages in docu-

ments. Unlike syntactic approaches, our method effectively

captures semantic similarity, including paraphrased text.

• Our SeDA algorithm efficiently solves the semantic docu-

ment alignment problem. SeDA leverages our pruning tech-

niques to avoid most of the quadratic number of expensive

similarity computations required by the baseline solution.

• High-quality Matches. Experiments across three different

use cases demonstrate result quality competitive with the

best existing approaches. On a well-established plagiarism

detection benchmark,we achieve an F1-Score of 0.93, clearly

outperforming the best syntactic alignment (F1 = 0.83) [23].

• Efficiency. In our extensive empirical evaluation on three

corpora with varying avg. text lengths, SeDA consistently

outperforms the baseline solution by 1.5–3 orders of mag-

nitude and achieves similar or superior runtimes compared

to a purely syntactic state-of-the-art method.

Paper Outline. Section 2 introduces semantic document align-

ment with an exhaustive solution in Section 3, and pruning tech-

niques in Section 4. Section 5 presents SeDA, including candidate

generation, bound cascade, and Hungarian algorithm optimization.

After empirically evaluating SeDA against the state of the art in

Section 6, we discuss related work in Section 7 and conclude in

Section 8.

2 PROBLEMDEFINITION
In this section, we formally define the problem and formulate our

objective. Next, we model the problem as dynamic bipartite graph

matching and illustrate it with a running example.

2.1 Formal ProblemDefinition
Definition 2.1 (𝑘-width Window). Given a sequence 𝑆 = {𝑠1,...,𝑠𝑚}

of𝑚 tokens, a 𝑘-width window𝑊𝑆𝑖 ⊆𝑆 is amultiset of 𝑘 consecutive

tokens in 𝑆 ,𝑊𝑆𝑖 = {𝑠𝑖 ,𝑠𝑖+1,...,𝑠𝑖+𝑘−1}, 1≤ 𝑖 ≤𝑚−𝑘+1.

Let𝑊𝑆 =
{
𝑊𝑆1 ...,𝑊𝑆𝑚−𝑘+1

}
and𝑊𝑇 =

{
𝑊𝑇1 ,...,𝑊𝑇𝑛−𝑘+1

}
denote

the set of all 𝑘-width windows of 𝑆 and𝑇 , respectively. Note that a

sequence of𝑚 tokens has𝑚−𝑘+1 (partially overlapping) windows.

Definition 2.2 (Semantic Similarity of 𝑘-widthWindows). Given
two𝑘-widthwindows𝑊𝑆𝑖 ∈𝑊𝑆 ,𝑊𝑇𝑗

∈𝑊𝑇 anda symmetric similarity

function 𝑠𝑖𝑚(𝑠𝑝 ,𝑡𝑟 ), 𝑠𝑝 ∈𝑊𝑆𝑖 , 𝑡𝑟 ∈𝑊𝑇𝑗
, which returns 1 if tokens 𝑠𝑝

and 𝑡𝑟 are identical, andavalue in [0,1] otherwise. LetM :𝑊𝑆𝑖→𝑊𝑇𝑗

be a one-to-one optional matching that maps each 𝑠𝑝 ∈ 𝑊𝑆𝑖 to

M
(
𝑠𝑝
)
∈𝑊𝑇𝑗

. Then, the semantic similarity of𝑊𝑆𝑖 and𝑊𝑇𝑗
is:

WO
(
𝑊𝑆𝑖 ,𝑊𝑇𝑗

)
=max

M

∑︁
𝑠𝑝 ∈𝑊𝑆𝑖

sim
(
𝑠𝑝 ,M

(
𝑠𝑝
) )

We use pre-trained general-purpose word embeddings in the re-

mainder, but any symmetric function returning 1 if two tokens are

equal and a value ∈ [0,1] is possible. We emphasize that the seman-

tic token similarity function falls back to syntactic similarity if no

semantic is found, e.g., for out-of-vocabulary words. Moreover, we

rely on overlapping 𝑘−width windows, to be able to detect minor

changes within sentences as they frequently occur in one use cases

in the evaluation [4]. Technically, we could also rely on sentences or

paragraphs and the sequences do not need to have the same length.

This holds for all presented solutions and optimization.

Based on the semantic similarity of two passages with 𝑘 tokens,

we define the semantic document alignment as finding all pairs
of semantically similar passages between two documents 𝑆 ,𝑇 . The

result is an alignment matrix𝐴 that can be postprocessed to align

the two documents, e.g., with the Smith-Waterman algorithm [32].
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Definition 2.3 (Semantic Document Alignment Problem). Given a
similarity threshold 𝜃 >0, the alignment matrix𝐴 of two sequences

𝑆 and𝑇 stores the pairwise normalized semantic similarity between

any pair of 𝑘-width windows (𝑊𝑆𝑖 ,𝑊𝑇𝑗
) ∈𝑊𝑆×𝑊𝑇 if the similarity

is at least 𝜃 , or zero otherwise.

𝐴[𝑖, 𝑗]=

WO

(
𝑊𝑆𝑖

,𝑊𝑇𝑗

)
𝑘

, if

WO
(
𝑊𝑆𝑖

,𝑊𝑇𝑗

)
𝑘

≥𝜃
0, otherwise

The semantic document alignment problem is to compute all pairs

(𝑖, 𝑗) such that𝐴[𝑖, 𝑗] >0.

AlgorithmicObjective. Weaimat a novel algorithm that efficiently

solves the semantic document alignment problem, i.e., it produces

exactly the same alignment matrix as the exhaustive solution.

2.2 Semantic Similarity with Bipartite Graphs
We model the semantic document alignment of two sequences 𝑆

and𝑇 as a matching problem on subgraphs of a bipartite graph. Let

𝐺 = (𝑉 ,𝐸) be a weighted bipartite graph with𝑉 =𝑆∪𝑇 , 𝑆∩𝑇 =∅, and
𝐸=𝑆×𝑇 , where 𝑆 and𝑇 form the two parts of the bipartition, and the

weightof anedge (𝑠𝑝 ,𝑡𝑟 ) ∈𝐸 is𝑠𝑖𝑚(𝑠𝑝 ,𝑡𝑟 ) ∈ [0,1]. Eachpairof𝑘-width
windows𝑊𝑆𝑖 ⊆ 𝑆 and𝑊𝑇𝑗

⊆𝑇 induces a subgraph𝐺𝑖 𝑗 = (𝑉𝑖 𝑗 ,𝐸𝑖 𝑗 ),
where𝑉𝑖 𝑗 =𝑊𝑆𝑖 ∪𝑊𝑇𝑗

⊆𝑉 and𝐸𝑖 𝑗 =𝑊𝑆𝑖 ×𝑊𝑇𝑗
⊆𝐸. Figure 1 illustrates

the relation between two windows and the induced subgraph.

We definewindowed bipartite graph matching as the problem of

computing amaximumweightmatching for every subgraph𝐺𝑖 𝑗 of𝐺 .

Semantic document alignment is a special case that finds subgraphs

whose 𝑘-normalized matching weight exceeds a threshold 𝜃 >0.

Maximum-weight bipartite graph matching, which generalizes

the classical assignment problem, can be computed in O(𝑘3) time

for each subgraph𝐺𝑖 𝑗 induced by two𝑘-width windows [11]. Neigh-

boring subgraphs𝐺𝑖 𝑗 and𝐺𝑖+1, 𝑗 differ only by a single vertex and its
incident edges: 𝑠𝑖 is removed and 𝑠𝑖+𝑘 is inserted. This locality sug-

gests that one might update the matching incrementally. However,

a naive update that simply assigns the new vertex 𝑠𝑖+𝑘 to its highest-

weight incident edge can violate the one-to-onematching constraint.

Restoring the constraint may require reassigning other vertices,

causing non-trivial changes to the matching. Although neighboring

subgraphs often sharemuch of theirmatching in practice, we are not

aware of a general incremental algorithm that is guaranteed tomain-

tain correctness, resulting in an overall runtime of O(|𝑆 | · |𝑇 | ·𝑘3) for
the windowed bipartite graph matching problem.

𝒔 𝒊𝒎(𝒔𝒊,𝒕𝒋)
𝒕5 𝒕6 𝒕7

royal throne susa

throne (𝑠5) 0.6 1.0 0.0

kingdom (𝑠6) 0.5 0.5 0.1

shushan (𝑠7) 0.4 0.1 0.2

(a) Similarity matrix 𝑺𝑴 ; colored
cells arematched.

s5 s6 s7

t5 t6 t7

1.0 0.2
0.5

(b) Weighted bipartite
graph; 1-to-1matching.

Figure 1: Similarity matrix for window pair (𝑾𝑺5 ,𝑾𝑻5) and
maximumweightmatching in induced subgraph 𝑮5,5.

2.3 Illustrative Example
Consider again the Bible sequences 𝑆 ′ and𝑇 ′ from Example 1.1. Fur-

ther, let 𝑘 =3 and 𝜃 =0.5. Then, 𝑆 ′ and𝑇 ′ have the following 𝑘-width
window sets (cf. Table 1):𝑊 ′

𝑆
= {𝑊𝑆′

1

,...,𝑊𝑆′
6

} and𝑊 ′
𝑇
= {𝑊𝑇 ′

1

,...,𝑊𝑇 ′
6

}.

Table 1: 3-width windows for 𝑆 ′ and𝑇 ′.

𝒊, 𝒋 𝑾𝑺′𝒊
𝑾𝑻 ′

𝒋

1 {day, king, ahasuerus} {day, king, ahasuerus}

2 {king, ahasuerus, sat} {king, ahasuerus, sat}

3 {ahasuerus, sat, throne} {ahasuerus, sat, royal}

4 {sat, throne, kingdom} {sat, royal, throne}

5 {throne, kingdom, shushan} {royal, throne, susa}

6 {kingdom, shushan, palace} {throne, susa, citadel}

Previous approaches use Jaccard or Hamming similarity [20, 26,

39] to compute the similarity between sets, i.e.,WO(𝑊𝑆𝑖 ,𝑊𝑇𝑗
).

These similarity measures solely rely on syntactic features such

as stemmed words or 𝑞-grams. We depict the alignment matrix for

𝑆 ′ and𝑇 ′ under the Jaccard similarity in Figure 2a: The first twowin-

dows,𝑊𝑆1 /𝑊𝑇1 and𝑊𝑆2 /𝑊𝑇2 , are perfect matches because the token

sets are identical. For the next two windows,𝑊𝑆3 /𝑊𝑇3 and𝑊𝑆4 /𝑊𝑇4 ,

the similarity is only 0.5, and for windows𝑊𝑆5 /𝑊𝑇5 and𝑊𝑆6 /𝑊𝑇6 the

cell similarity does not exceed 𝜃 . In contrast, Figure 2b shows the

corresponding alignment matrix using semantic similarity based

on pre-trained word embeddings. We observe thatWO(𝑊𝑆1 ,𝑊𝑇1 )
andWO(𝑊𝑆2 ,𝑊𝑇2 ) equal the respective Jaccard similarity because

the sets are identical. For other window pairs, we observe a differ-

ence: For instance, the semantic similarity for the pairs𝑊𝑆5 /𝑊𝑇5 (cf.

Figure 1) covers the similarity of ’kingdom’ and ’royal’ such that

WO=0.6, as opposed to 0when using Jaccard similarity.

𝑨 𝑾𝑻 ′
1
𝑾𝑻 ′

2
𝑾𝑻 ′

3
𝑾𝑻 ′

4
𝑾𝑻 ′

5
𝑾𝑻 ′

6

𝑾𝑺′1
1.0 0.5 0.0 0.0 0.0 0.0

𝑾𝑺′2
0.5 1.0 0.5 0.0 0.0 0.0

𝑾𝑺′3
0.0 0.5 0.5 0.5 0.0 0.0

𝑾𝑺′4
0.0 0.0 0.0 0.5 0.0 0.0

𝑾𝑺′5
0.0 0.0 0.0 0.0 0.0 0.0

𝑾𝑺′6
0.0 0.0 0.0 0.0 0.0 0.0

(a) Jaccard similarity.

𝑨 𝑾𝑻 ′
1
𝑾𝑻 ′

2
𝑾𝑻 ′

3
𝑾𝑻 ′

4
𝑾𝑻 ′

5
𝑾𝑻 ′

6

𝑾𝑺′1
1.0 0.7 0.6 0.0 0.0 0.0

𝑾𝑺′2
0.7 1.0 0.9 0.5 0.0 0.0

𝑾𝑺′3
0.6 0.9 0.8 0.7 0.0 0.0

𝑾𝑺′4
0.0 0.5 0.5 0.8 0.5 0.0

𝑾𝑺′5
0.0 0.0 0.0 0.6 0.6 0.5

𝑾𝑺′6
0.0 0.0 0.0 0.0 0.0 0.0

(b) Semantic similarity.

Figure 2: Alignmentmatrices of two documents 𝑆 ′,𝑇 ′; 𝜽 =0.5.

3 AN EXHAUSTIVE SOLUTION
This section introduces the Hungarian algorithm [22], which is used

to solve the assignment problem. Then, we show a first exhaus-

tive baseline solution that solves the semantic document alignment

problem (cf. Definition 2.3) in O
(
|𝑆 | · |𝑇 | ·𝑘3

)
time.

3.1 TheHungarian Algorithm
The Hungarian algorithm [22] is the most efficient exact method for

solving the assignment problem in bipartite graphs. Its runtime is
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O(𝑘3), where𝑘 is the number of vertices in each partition. The input

is a similaritymatrix 𝑆𝑀1
of size |𝑊𝑆𝑖 | · |𝑊𝑇𝑗

|, i.e.,𝑘×𝑘 . Each element

𝑆𝑀 [𝑖, 𝑗] indicates the similarity of two tokens 𝑝 ∈𝑊𝑆𝑖 and 𝑟 ∈𝑊𝑇𝑗
.

Importantly, the algorithm uses a heuristic to greedily match to-

kens, and thus aims at reducing the cubic complexity. This heuristic

updates the similarity matrix 𝑆𝑀 in 3·𝑘2 steps, i.e., O(𝑘2) time.

3.2 Exhaustive Baseline
An exhaustive solution computes each cell of the alignmentmatrix𝐴

by employing the Hungarian algorithm on the corresponding bipar-

tite graph. Given theO(𝑘3) runtime of theHungarian algorithm and

themaximum size |𝑆 | · |𝑇 | of𝐴, the total computational complexity is

O
(
|𝑆 | · |𝑇 | ·𝑘3

)
. To reduce the computational overhead for recurring

similarity computations, we cache the token similarities such that

each value 𝑠𝑖𝑚(𝑠𝑖 ,𝑡 𝑗 ) is computed only once.

Ring-Buffered SimilarityMatrix. Theexhaustive solutionfills each
cell of the similarity matrix 𝑆𝑀 (i.e., the input to the Hungarian al-

gorithm) from scratch, causing redundant data movement. For two

adjacent 𝑘-width window pairs (𝑊𝑆𝑖 ,𝑊𝑇𝑗
) and (𝑊𝑆𝑖 ,𝑊𝑇𝑗+1 ), 𝑆𝑀 dif-

fers by one column, i.e., an incoming token replaces one token of the

current window. Hence, we implement a ring-buffered 𝑆𝑀 and over-

write the column of the leaving vertex with new data. This reduces

the datamovement effort per cell of𝐴 fromO(𝑘2) toO(𝑘). Note that
the Hungarian algorithm still copies the values of 𝑆𝑀 into its local

buffer 𝐵 as the values of 𝐵 are modified to jump-start the algorithm.

Discussion. Despiteour ring-bufferoptimization, ourexperiments

confirm that the exhaustive solution exhibits prohibitively high run-

times, in particular for large text corpora. However, we observe that

we do not have to compute all matrix cells to derive the final result.

To this end,we propose upper bounds to prunematrix cells and avoid

expensive invocations of the Hungarian algorithm.

4 BOUND-BASEDCELL PRUNING
Establishing bounds on the maximummatching score of 𝑘-window

pairs (i.e., cells of the alignment matrix𝐴) presents a crucial strategy

to prune cells and reduce the number of calls to the Hungarian algo-

rithm. This section introduces two types of bounds: (1) Bounds that

address individual matrix cells and are independent of neighboring

cells, and (2) bounds that exploit the sliding-window property.

4.1 EffectiveMatrix Cell Pruning
We define four bounds on individual matrix cells, prove their cor-

rectness, and summarize their intuitions in Table 2.

TheMaximum-Similarity-Value (𝑀𝑆𝑉 ) bound is𝑘 times the largest

similarity value in the similaritymatrix𝑆𝑀 , i.e., the input of each cell

to the Hungarian algorithm;𝑀𝑆𝑉 =𝑘 ·𝑐 with 𝑐 =max{𝑐 ′ | 𝑐 ′ ∈𝑆𝑀}.
This intuitively forms a bound as we use the largest similarity of two

tokens from𝑊𝑆𝑖 ,𝑊𝑇𝑗
for each of the 𝑘 mappings we aim to find.

For theMaximum-Row-Sum (𝑀𝑅𝑆) bound, we sum up the max.

similarity values of each row;𝑀𝑅𝑆 =
∑
Row 𝑖 ∈ 𝑆𝑀max{𝑆𝑀 [𝑖]}. Anal-

ogously, we introduce theMaximum-Column-Sum (𝑀𝐶𝑆) bound on

the maximum of each column;𝑀𝐶𝑆 =
∑
Col 𝑗 ∈ 𝑆𝑀max{𝑆𝑀 [∗] [ 𝑗]}.

Notably, the𝑀𝑅𝑆 and𝑀𝐶𝑆 bound have similar tightness, but differ

1𝑆𝑀 contains the semantic similarities of two𝑘-widthwindows𝑊𝑆𝑖
and𝑊𝑇𝑗

, whereas

the alignment matrix𝐴 contains the semantic similarities of all window pairs.

for specific pairs of 𝑘-width windows. Hence, we introduce the𝑀3

bound as the minimum of𝑀𝑅𝑆 and𝑀𝐶𝑆 bound. By definition, the

following holds for the expected tightness of the bounds:

WO(𝑊𝑆𝑖 ,𝑊𝑇𝑗
) ≤𝑀3 ≤𝑀𝑅𝑆 ≤𝑀𝑆𝑉

All bounds exhibit O(𝑘2) time complexity, i.e., we need a com-

plete scan of 𝑆𝑀 . Thus, we use a single function 𝑔𝑒𝑡𝐵𝑜𝑢𝑛𝑑𝑠 (𝑆𝑀)
computing the bounds and normalizing them by 𝑘 , i.e., to [0,1].

Correctness of the𝑀3 Bound. We prove that𝑀𝑅𝑆 and𝑀𝐶𝑆 bound

do not underestimate the true window similarityWO(𝑊𝑆𝑖 ,𝑊𝑇𝑗
).

This proves the correctness of the𝑀3
bound,𝑀3=min{𝑀𝑅𝑆,𝑀𝐶𝑆}.

Lemma 4.1. The𝑀𝑅𝑆 bound is a correct upper bound, i.e., the fol-
lowing holds:WO(𝑊𝑆𝑖 ,𝑊𝑇𝑗

) ≤𝑀𝑅𝑆 .

Proof. Let 𝑟𝑖 denote a maximum element in the 𝑖-th row of 𝑆𝑀

and𝑀 a one-to-one matching according to Definition 2.2. From the

one-to-one property of𝑀 , it follows that thematching cost𝑐𝑖 of each

token is fromadifferent row 𝑖 in𝑆𝑀 , and thus𝑐𝑖 ≤𝑟𝑖 holds for all rows.
Consequently,WO(𝑊𝑆𝑖 ,𝑊𝑇𝑗

)=∑𝑖𝑐𝑖 ≤𝑀𝑅𝑆 =
∑
𝑖𝑟𝑖 also holds. □

Lemma 4.2. The𝑀𝐶𝑆 bound is a correct upper bound, i.e., the fol-
lowing holds:WO(𝑊𝑆𝑖 ,𝑊𝑇𝑗

) ≤𝑀𝐶𝑆 .

Proof. Analogously to the proof of MRS (cf. Lemma 4.1). □

Our experiments (cf. Section 6) reveal that our bounds are highly

effective on all corpora: Typically, over 90% of all matrix cells are

pruned. However, the runtime improves only by half an order of

magnitude w.r.t. to the baseline solution. The reasons are twofold:

(1) All bounds require O(𝑘2) time and (2) are computed for individ-

ual matrix cells without leveraging the sliding-window property. In

the next subsection, we investigate on (1) computationally cheaper

bounds that (2) exploit the sliding-window property.

4.2 SlidingWindow Bounds
Although the bounds of Section 4.1 are highly effective, their O(𝑘2)
cost makes them impractical for time-sensitive settings. To address

this, we derive two looser bounds that are incrementally updated in

O(1) and O(𝑘) time as the window slides, respectively.

4.2.1 O(1) Bound. Assume thatwe know the similarity of the prior

matrix cell𝐴[𝑖, 𝑗−1]. Then, we can compute an upper bound on the

similarity of the cell𝐴[𝑖, 𝑗] as follows:

𝐴[𝑖, 𝑗] ≤𝐴[𝑖, 𝑗−1]+ 1.0
𝑘

(1)

Specifically, we leverage the fact that the similarity of any two

tokens is between 0 and 1. Recall that neighboring cells of the align-

mentmatrix𝐴 differ only by two tokens: The oldest token is replaced

by a new token. This is a special case of Lemma 4.3 with 𝐿𝑚𝑖𝑛 = 0

and 𝐼𝑚𝑎𝑥 =1. For the O(1) bound, we assume that the leaving token
contributes minimum similarity: 𝐿𝑚𝑖𝑛 =0 and the incoming token
contributes maximal similarity (normalized by 𝑘): 𝐼𝑚𝑎𝑥 =

1.0
𝑘
. Hence,

𝐴[𝑖, 𝑗] ≤𝐴[𝑖, 𝑗−1]+ 1.0
𝑘

is a correct bound. For small values of 𝑘 , we

expect the bound to be rather loose. However, with increasing 𝑘 , the

tightness of the bound improves, which is particularly valuable as

the runtime of the Hungarian algorithm is cubic in 𝑘 .
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Table 2: Intuition of all bounds (example 𝑆𝑀 , 𝑘 =3). Truemax.
matching cells in blue, max. value bound in yellow.

𝒔 𝒊𝒎 𝒕𝒊 𝒕𝒊+1 𝒕𝒊+2 max

𝑠𝑖 0.9 1.0 0.2 1

𝑠𝑖+1 0.0 0.85 0.2 0.85

𝑠𝑖+2 0.0 0.2 0.75 0.75

max 0.9 1.0 0.75 WO=2.5

Bound Value

𝑀𝑆𝑉 3

𝑀𝐶𝑆 2.65

𝑀𝑅𝑆 2.6

𝑀3
2.6

4.2.2 O(𝑘) Bound. Consider the similarity matrices 𝑆𝑀𝑖, 𝑗−1 and
𝑆𝑀𝑖, 𝑗 of two subsequent matrix cells𝐴[𝑖, 𝑗−1] and𝐴[𝑖, 𝑗]. Further,
let the leaving and incoming matrix columns be 𝐿=𝑆𝑀𝑖, 𝑗−1 [∗] [0]
and 𝐼 =𝑆𝑀𝑖, 𝑗 [∗] [𝑘−1], respectively. 𝑆𝑀𝑖, 𝑗−1 and 𝑆𝑀𝑖, 𝑗 only differ

in a single column and all other matrix cells remain unchanged. We

exploit this fact to establish an upper bound in Lemma 4.3.

Lemma 4.3. Assume two subsequent matrix cells 𝐴[𝑖, 𝑗 − 1] and
𝐴[𝑖, 𝑗] and their corresponding similarity matrices 𝑆𝑀𝑖, 𝑗−1 and 𝑆𝑀𝑖, 𝑗 .
Let 𝐿min =min{𝑆𝑀𝑖, 𝑗−1 [∗] [0]} be the min. value of the leaving col-
umn in 𝑆𝑀𝑖, 𝑗 and 𝐼max =max{𝑆𝑀𝑖, 𝑗 [∗] [𝑘−1]} be the max. value of
the incoming column. Then, the following inequality holds:

𝐴[𝑖, 𝑗] ≤𝐴[𝑖, 𝑗−1]− 𝐿min
𝑘
+ 𝐼max

𝑘
(2)

Proof. Consider a maximummatching𝑀𝑖, 𝑗−1 of a window pair

(𝑊𝑆𝑖 ,𝑊𝑇𝑗−1 ). The corresponding similarityWO w.r.t. to Def 2.2 is:

WO𝑖, 𝑗−1
(
𝑊𝑆𝑖 ,𝑊𝑇𝑗−1

)
=

∑︁
𝑠∈𝑊𝑆𝑖

sim
(
𝑠,𝑀𝑖, 𝑗−1 (𝑠)

)
Any other valid matching𝑀 ′ ∈M must not have a larger value:∑︁
𝑠∈𝑊𝑆𝑖

sim
(
𝑠,𝑀𝑖, 𝑗−1 (𝑠)

)
≥

∑︁
𝑠∈𝑊𝑆𝑖

sim
(
𝑠,𝑀 ′𝑖, 𝑗−1 (𝑠)

)
=WO′𝑖, 𝑗−1

Deleting the leaving vertex from anymatching, we lose at least

𝐿𝑚𝑖𝑛 similarity. This is anupper boundon thematching of the tokens

in (𝑊𝑆𝑖 ,𝑊𝑇𝑗−1∩𝑊𝑇𝑗
):WO𝑖, 𝑗−1−𝐿𝑚𝑖𝑛 ≥WO′𝑖, 𝑗−1−𝐿𝑚𝑖𝑛 .

To arrive at a bound for the subsequent window pair (𝑊𝑆𝑖 ,𝑊𝑇𝑗
),

we add the largest value 𝐼𝑚𝑎𝑥 in 𝐼 to all the matchings. This is an

upper bound, because we ignore the one-to-one matching property:

WO𝑖, 𝑗 ≤WO𝑖, 𝑗−1−𝐿𝑚𝑖𝑛+𝐼𝑚𝑎𝑥 ≥WO′𝑖, 𝑗−1−𝐿𝑚𝑖𝑛+𝐼𝑚𝑎𝑥

Normalizing,WO𝑖, 𝑗 to𝐴[𝑖, 𝑗] according to (see Def 2.3) creates:

𝐴[𝑖, 𝑗] ≤𝐴[𝑖, 𝑗−1]− 𝐿min

𝑘
+ 𝐼max

𝑘

□

While the O (1) and O (𝑘) bounds are computationally less ex-

pensive, they are expected to be looser than, e.g., the𝑀𝐶𝑆 bound.

However, we can leverage this fact to consecutively apply bounds

with increasing tightness and runtime on matrix cells. Next, we

propose SeDA, which implements a bound cascade to effectively

translate pruning power into significant runtime improvements.

Algorithm 1: SeDA: Semantic Document Alignment

Input: (𝑆,𝑇 ) : sequences, 𝑘 : windowwidth, 𝜃 : threshold,

sim : similarity function,𝑊𝑠 : k-width window of 𝑆

Output:𝐴 : alignment matrix

1 𝐵← getCandidatesBitVector(𝑆,𝑇 ,𝑘,𝜃,𝑠𝑖𝑚)
2 𝐴← alignment matrix of size |𝑊𝑆 |× |𝑊𝑇 |
3 for𝑊𝑆𝑖 ∈𝑊𝑆 do
4 let𝐶 be an all-zero bit vector of size |𝑊𝑇 |
5 for 𝑠 ∈𝑊𝑆𝑖 do 𝐶←𝐶 | 𝐵𝑠 // bitwise OR

6 let 𝑅 be a list of all candidate runs (𝑟𝑏 ,𝑟𝑒 ) ∈𝐶
7 for (𝑟𝑏 ,𝑟𝑒 ) ∈𝑅 do validateCandRun(𝑆,𝑇 ,𝑘,𝜃,𝐴𝑖 ,(𝑟𝑏 ,𝑟𝑒 ))
8 return𝐴

5 SEDA: TIME-EFFICIENT
SEMANTICDOCUMENTALIGNMENT

SeDA is a time-efficient solution for semantic document alignment.

We provide a high-level overview of SeDA’s core components be-

low and discuss them in detail in the subsequent subsections: (1) A

candidate generation technique avoids iterating over all cells of the
quadric-size alignmentmatrix. (2) A bound cascade routes candidates
through multiple bounds with increasing tightness. (3) A zero-copy
heuristic for the Hungarian algorithm exploits information from the

bound computations to avoid expensive initialization steps.

5.1 AlgorithmOutline
Our objective is to compute all cells of the alignment matrix𝐴 that

exceed the similarity threshold 𝜃 . 𝐴 consists of O(|𝑆 | · |𝑇 |) cells,
and the cell similarity is computed with the Hungarian algorithm

in O(𝑘3) time. As a result, the overall complexity of the baseline

solution is O(|𝑆 | · |𝑇 | ·𝑘3). This asks for further improvements: (1) A

reduction of the number of cells for which we have to compute the

similarity and (2) an efficient similarity and bound computation. In

SeDA, we reduce the number of cells with a candidate generation

technique to avoid the O(|𝑆 | · |𝑇 |) complexity w.r.t. the sequence

lengths.All otheroptimizations target at reducing the cost ofpruning

a candidate cell and computing the cell similarity.

Conceptually, SeDA computes𝐴 row-wise in three steps (cf. Fig-

ure 3): (1) For each row in𝐴, SeDA determines so-called candidate
cells. Candidates are stored as runs of adjacent cells in the same row.

This is related to the observation that the bound used for candidate

generation produces candidate-cell runs of𝑘 cells, whichmight over-

lap with the next run. (2) We exclude candidate cells from individual

runs that do not satisfy our bounds. For each cell in a run, we use

a cascade of three bounds to avoid computing the exact cell simi-

larity. The bounds are applied in increasing order of tightness and

computational complexity. We stop the cell-similarity computation

once a bound returns a value 𝑣 <𝜃 and continue with the next cell.

For an efficient bound computation, we heavily reuse intermediate

results of looser bounds and the bounds of previous cells. (3) SeDA

computes the exact cell similarity for candidate cells that survive the

bound cascade using an improved, zero-copy Hungarian algorithm.

To this end, SeDA introduces techniques that accelerate com-

putation in practical settings, but it does not aim to improve the
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Row in A

Step (1) Candidate generation

Step (2) Candidate-run filter

Step (3) Exact similarity computation for remaining candidates 
with improved Hungarian

Cell

Candidate Cell

Cell Excluded by O(1) bound

Cell Excluded by O(k) bound

Cell Excluded by O(k2) bound

Candidate run

Figure 3: Conceptual overview of SeDA in threemajor steps.

inherent worst-case runtime of𝑂 ( |𝑆 | |𝑇 |𝑘3) for the semantic doc-

ument alignment problem. Consider, for example, a user-defined

similarity threshold 𝜃 that lies below all pairwise window similari-

ties. In such a case, any method that solves the semantic document

alignment problem (cf. Definition 2.3) must compute all |𝑆 | × |𝑇 |
similarity values in the alignment matrix𝐴, each of which in turn

requires computing an exact window similarity.

Running Example. We illustrate the algorithmic details of SeDA us-

ing𝑇 ′ of Example 1.1 and a shortened version of 𝑆 ′, namely 𝑆 ′′ =
[𝑠1= throne, 𝑠2= kingdom, 𝑠3= shushan, 𝑠4= kingdom], i.e., 𝑠2=𝑠4.

Further, we use window size 𝑘 =3 and similarity threshold 𝜃 =0.6.

Parameter Setting. We recommend to set the parameters 𝑘 and

𝜃 as follows: We propose to select 𝑘 according to the avg. sentence

length. For 𝜃 , the selection depends on the used semantics: Sample

the pair-wise token similarity of the used semantics to approximate

the probability distribution. Next, select a use-case-specific fraction

of similar token pairs one conceives similar and set 𝜃 accordingly.

5.2 Step 1: Candidate Generation
Computing all cells of𝐴 in quadratic time w.r.t. the sequence length

renders the baseline solution infeasible. Hence, we advocate for a

candidate generation technique that substantially reduces the com-

putation load: For two sequences 𝑆 , 𝑇 , our technique efficiently

generates a list of potential candidate cells. A candidate is a cell in𝐴
whose corresponding windows𝑊𝑆𝑖 ,𝑊𝑇𝑗

contain at least one token

pair (𝑠 ∈𝑊𝑆𝑖 ,𝑡 ∈𝑊𝑇𝑗
) with 𝑠𝑖𝑚(𝑠,𝑡) ≥𝜃 . To this end, we exploit the

token-based𝑀𝑆𝑉 bound.

Algorithm 2: getCandidatesBitVector
Input: (𝑆,𝑇 ) : sequences, 𝑘 : windowwidth,

𝜃 : threshold, sim : similarity function

Output: 𝐵 : Bit vector for 𝑠 ∈𝑆 with candidates
1 𝐵←∅;𝑊𝑇← computeSlidingWindows(𝑇,𝑘)
2 for each unique 𝑠 ∈𝑆 do
3 let 𝑁𝑠 be a list of all token 𝑡 ∈𝑇 with 𝑠𝑖𝑚(𝑠,𝑡) ≥𝜃
4 let 𝐵𝑠 be an all-zero bit vector of size |𝑊𝑇 |
5 for𝑊𝑇𝑗

∈𝑊𝑇 do let 𝐵𝑠 [ 𝑗]←1 if𝑊𝑇𝑗
∩𝑁𝑠 ≠∅

6 𝐵 [𝑠]←𝐵𝑠

7 return 𝐵

Table 3: Results of Algorithm 2 on seq.𝑇 ′, 𝑆 ′′, 𝑘 =3, and 𝜃 =0.6.
One bit-vector index 𝐵𝑖 for each unique token in 𝑆 ′′.

𝑵𝒊 𝑩𝒊 𝑾𝑻1 𝑾𝑻2 𝑾𝑻3 𝑾𝑻4 𝑾𝑻5 𝑾𝑻6

𝑁1= {𝑡5,𝑡6} 𝐵1 0 0 1 1 1 1

𝑁2= {𝑡1} 𝐵2 1 0 0 0 0 0

𝑁3=∅ 𝐵3 0 0 0 0 0 0

Table 4: Complete candidate-runs for𝑇 ′,𝑆 ′′, 𝑘 =3. One list of
candidate runs 𝑅 for every 𝑘-width window in 𝑆 (𝑠2=𝑠4).

𝑾𝑺𝒊 𝐶 𝑾𝑻1𝑾𝑻2𝑾𝑻3𝑾𝑻4𝑾𝑻5𝑾𝑻6 𝑹

{𝑠1,𝑠2,𝑠3} 𝐵1 |𝐵2 |𝐵3 1 0 1 1 1 1 (1,1),(3,6)
{𝑠2,𝑠3,𝑠4} 𝐵2 |𝐵3 |𝐵2 1 0 0 0 0 0 (1,1)

Conceptually, we compute candidate cells of 𝐴 row-wise and

prevent repetitive computations by pre-computing additional infor-

mation for overlapping windows. Next, we describe both aspects in

detail, and Algorithm 2 shows the complete candidate generation.

5.2.1 Step 1.1: Neighborhood Bit-Vectors. Table 3 illustrates the pre-
processing step. Initially, we compute a neighborhood index 𝑁𝑠 for

eachunique token 𝑠 ∈𝑆 .𝑁𝑠 is the list of all tokens 𝑡 ∈𝑇 with similarity

𝑠𝑖𝑚(𝑠,𝑡) ≥𝜃 , i.e., token pairs that produce candidates. In our exam-

ple, 𝑆 ′′ consists of three unique tokens (𝑠1, 𝑠2 = 𝑠4, 𝑠3), and Table 3
shows the corresponding neighborhood indexes 𝑁1-𝑁3. With each

unique token 𝑠𝑖 , we associate an initially all-zero bit-vector𝐵𝑖 of size

|𝑊𝑇 |. If window𝑊𝑇𝑗
∈𝑊𝑇 contains a token from𝑁𝑠 , we set bit 𝐵𝑠 [ 𝑗]

indicating that𝑊𝑇𝑗
is a candidate. Note that every non-border token

occurs in 𝑘 consecutive windows.

Example 5.1. For 𝐵1 in Table 3, we set bits 3–5 as 𝑡5 ∈𝑁1 and bits

4–6 since 𝑡6 ∈𝑁1, which illustrates overlapping candidate runs.

5.2.2 Step 1.2: Candidate Determination per Row. SeDA generates

all candidate runs for a specific row in 𝐴. Recall that a row repre-

sents one𝑘-width window𝑊𝑆𝑖 (cf. Table 4). We compute a candidate
bit-vector 𝐶 as the bit-wise OR of the corresponding bit-vectors, e.g.,

𝐵1-𝐵3 for window𝑊𝑆1 = {𝑠1,𝑠2,𝑠3}. SeDA condenses 𝐶 to a list of

candidate runs 𝑅 as shown in Table 4 (cf. Algorithm 1, Lines 5–7).

Next, in Step 2, we reduce the number of candidates by keeping only

candidate runs that pass our bound cascade.

5.3 Step 2: The Bound Cascade
Thecandidategeneration improves the runtimeby reducing thenum-

ber of Hungarian algorithm invocations for determining the correct

cell similarityWO(𝑊𝑆𝑖 ,𝑊𝑇𝑗
). To further improve the runtime, each

candidate cell has to pass a cascade of bounds with increasing tight-
ness and runtime complexity, as shown in Algorithm 3. Specifically,

the cascade uses the O(1) and O(𝑘) bounds, exploiting the sliding
window property (cf. Section 4.2). Finally, we use the𝑀𝐶𝑆 bound

from Section 4.1, originally having a complexity of O(𝑘2). By re-

using information computed for preceding bounds of the cascade,

we can reduce its complexity toO(𝑘), as we show next.We illustrate

the interplay of the bound cascade with our running example.
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𝑀𝐶𝑆 Bound in O (𝑘) Time. We use the𝑀𝐶𝑆 bound as the final

bound in our cascade (cf. Section 4.1). This bound is slightly looser

than the𝑀3
bound, but its complexity can be reduced from O(𝑘2)

to O(𝑘) if the bound for the prior cell is known.

Lemma 5.2. Given two bipartite graphs of consecutive windows
(𝑊𝑆𝑖 ,𝑊𝑇𝑗

) and (𝑊𝑆𝑖 ,𝑊𝑇𝑗+1 ) with similarity matrices 𝑆𝑀𝑗 and 𝑆𝑀𝑗+1,
respectively. The𝑀𝐶𝑆 bound for 𝑆𝑀 𝑗+1 can be computed inO(𝑘) time,
if the𝑀𝐶𝑆 bound of 𝑆𝑀 𝑗 is known; otherwise, the𝑀𝐶𝑆 bound must
be computed from scratch, which requires O(𝑘2) time.

Proof. The proof follows from the𝑀𝐶𝑆 bound definition. The

𝑀𝐶𝑆 bound on 𝑆𝑀𝑗 is the sum of the max. values of each column in

𝑆𝑀𝑗 , i.e., we read all cells in O(𝑘2) time. 𝑆𝑀 𝑗 and 𝑆𝑀 𝑗+1 share 𝑘−1
columns, 𝐿 is the leaving column, and 𝐼 is the incoming column. For

the𝑀𝐶𝑆 bound on 𝑆𝑀 𝑗+1, we compute the max. value of 𝐼 , add it to

the bound of 𝑆𝑀𝑗 , and subtract the cached min. value of 𝐿. 𝐿’s min.

and max. values are computed when 𝐿 is an incoming column. □

5.4 Step 3: Hungarian AlgorithmOptimization
TheHungarian algorithm (cf. Section 3.1) has two steps: (1) A heuris-

tic jump-starts it and computes a partial mapping. (2) Incrementally

extend the partial mapping to derive the final mapping (main loop).

Our analysis reveals that the jump-start heuristic has a large share

of runtime as it loops three times over 𝑆𝑀 , i.e., has O(𝑘2) time com-

plexity. In contrast, the number of iterations in themain loop is small.

Moreover, the jump-start heuristic copies 𝑆𝑀 into a buffer of size

𝑘×𝑘 as it updates the values. In particular for small values of 𝑘 , we

observe that the jump-start heuristic incurs significant overhead.

We introduce a novel heuristic that (1) leverages information from

the bound computations to derive (2) a zero-copy heuristic, but (3)

sacrifices some tightness compared to the jump-start heuristic. After

preprocessing, we are interested in cells with similarity 0. Hence, our

Algorithm 3: ValidateCandRun
Input: (𝑆,𝑇 ,𝑘,𝜃 ) : as before,𝐴𝑖

: line of 𝑠𝑖 in𝐴, (𝑟𝑏 ,𝑟𝑒 ) : begin & end of candidate run

Output:𝐴𝑖 : alignment matrix line

1 𝐸 𝑗−1←1.0 // Bound of previous cell, 1.0 means there is no bound

2 Initialize 𝑆𝑀 with edge weights of𝑊𝑆𝑖 ×𝑊𝑇𝑗

3 for 𝑗 ∈ [𝑟𝑏 ,𝑟𝑠 ) do
4 𝐿min←𝑚𝑖𝑛(𝑆𝑀 [∗,( 𝑗−1) mod 𝑘]) // Leaving column min.

5 for 𝑙 ∈ [0,𝑘) do // Update column ( 𝑗−1) mod 𝑘 of 𝑆𝑀

6 𝑆𝑀 [𝑙,( 𝑗−1) mod 𝑘]←𝑠𝑖𝑚(𝑠𝑖+𝑙 ,𝑡 𝑗+𝑘−1)
7 𝑢𝑏←𝐸 𝑗−1+ 1.0𝑘 // O(1) bound

8 if 𝑢𝑏 ≥𝜃 then
9 𝐼max←𝑚𝑎𝑥 (𝑆𝑀 [∗,( 𝑗−1) mod 𝑘]) // Incoming max.

10 𝑢𝑏←𝐸 𝑗−1←𝐸 𝑗−1−𝐿min+𝐼max // O(k) bound

11 if 𝑢𝑏 ≥𝜃 then
12 𝑢𝑏←𝐸 𝑗−1← getBounds(𝑆𝑀) // O(k²) bound

13 if 𝑢𝑏 ≥𝜃 then
14 𝑐 =

HungarianSolve(𝑆𝑀)
𝑘

15 if 𝑐 ≥𝜃 then 𝐴[𝑖, 𝑗]←𝐸 𝑗−1←𝑐

16 return𝐴𝑖

Table 5: Absolute bounds for run (3,6) of𝑊𝑆′′
1

; 𝑘 ·𝜃 =1.8.

O(1) O(𝒌) O
(

𝒌2
)

WO 𝒃 (WO)

(𝑊𝑆′′
1

,𝑊𝑇3 ) - - 1.0 - 1.0

(𝑊𝑆′′
1

,𝑊𝑇4 ) 2.0 2.0 1.9 1.7 1.7

(𝑊𝑆′′
1

,𝑊𝑇5 ) 2.7 1.8 1.7 - 1.7

(𝑊𝑆′′
1

,𝑊𝑇6 ) 2.7 1.7 - - 1.7

heuristic considers only a subset of 𝑆𝑀 , i.e., cells of 𝑆𝑀 with a value

equal to the respective columnmaxima, which are already known

from the O(𝑘) and the𝑀𝐶𝑆 bound. This results in our efficient zero-
copy heuristic that avoids copies of 𝑆𝑀 (no updates) and loops over

𝑆𝑀 only once (instead of three times).

6 EMPIRICAL EVALUATION
We conduct two sets of experiments that investigate (1) the result

quality of SeDA on three different use cases, and (2) its efficiency.

Competitors. We compare SeDA to the competitors listed in Ta-

ble 6. From the domain of purely syntactic competitors, locality

sensitive hashing (LSH) schemes approximating Jaccard similarity

of tokenwindows usingMinHashes [3] are state of the art [23, 37]. In

our result quality experiments,weuse the exact Jaccard similarity as

an upper bound on the result quality of purely syntactic competitors.

Additionally, we consider the most recent approach that computes

all one-permutationMinHashes efficiently, namelyOPH [23]. In the

runtime experiments, we also consider a syntactic approach named

TxtAlign [37] that compresses MinHashes into compact windows.

From the domain of semantic competitors, we use FastText as a
well-establishedprocedure averagingword embeddings [18]. Finally,

we use one of the most recent SBERT variants (bge/m3) [5] as an

instance of present-day sentence encoders and LLMs [27], and the

winner of PAN14, SEF [28], as the gold standard for the plagiarism
detection use case. Recall that the envisioned application of SeDA

(and all purely syntactic competitors) is to serve as candidate gen-

eration mechanism, whose results are analyzed by slow AI-based

tools or humans. To this end, the results of SBERT form an upper

bound on the result quality in Section 6.1.

Experimental Setup & Datasets. All experiments have been con-

ducted single-threaded on a machine equipped with an AMD Epyc

7313 16-core processor (512 KiB L1-, 2 MiB L2-, and 64 MiB L3-

cache) and 64 GB of main memory, running Debian 12 (bookworm
6.1.158-1) and using g++ 12.2.0 with optimization level -O3.

In our experiments, we use three datasetswith different character-

istics. The Bible corpus [12] is composed of German bible revisions

of the Book of Ester, including (i) the original translation to German

of Martin Luther, (ii) two canonical editions of Schlachter and Elber-

felder, (iii) a canonical edition of the New Evangelican version with

simplified language, and (iv) the non-canonical VolxBible presenting

the biblical texts in modern youth language. It consists of 5 docu-

ments with an avg. length of 5497.8, and 2697 unique tokens (27,489

tokens in total). All texts are editions of the same text. Hence, the

high average window similarity is expected to challenge our bounds.

The PAN11 corpus is a widely adopted benchmark to evaluate pla-

giarism detection systems [23, 24, 37]. It contains 31 documentswith
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Table 6: Competitors (Syn. = syntactic, Sem. = semantic).

Name Remark Used in

Jaccard exact 𝑘-windowed Jaccard Sec 6.1

OPH [23] MinHashes (LSH) Sec 6

TxtAlign [37] compressed MinHashes (LSH) Sec 6.2sy
n.

SEF [28] Plagiarism detection tool Sec 6.1.1

FastText [18] AveragesWord Embeddings Sec 6

se
m
.

SBERT [27] Sentence Transformer Sec 6

Table 7: PlagiarismUse Case: Best observed result.

Approach 𝜽 𝒌 Precision Recall F1-Score

SeDA 0.63 15 0.90 0.95 0.93

SBERT 0.76 - 0.93 0.85 0.89

SEF - - 0.88 0.88 0.88

Jaccard 0.30 15 0.78 0.97 0.87

FastText 0.88 12 0.91 0.84 0.87

OPH 0.42 11 0.83 0.82 0.83

an avg. length of 3061.6, and 13,105 unique tokens (94,911 tokens

in total).Wiki [1] is our largest corpus, which comprises of 2077

Wikipedia articles with an avg. length of 493.2, and 51.377 unique

tokens (1,024,432 tokens in total). For theWiki corpus, we extract

and concatenate the main text (disregarding recurring sections like

“References” andmetadata information) from the corresponding Par-

quet files until we reach the desired number of tokens. All datasets

are consistently preprocessed according to [37]
2
.We use pre-trained

general-purpose word embeddings from [16]. The problem of select-

ing an optimized embedding is orthogonal to our contributions, but

is expected to improve SeDA’s runtime and result quality.

6.1 Comparison of the Result Quality
This section evaluates the result quality of SeDA by postprocessing

the alignment matrix𝐴 for three use cases with different data prop-

erties and queries: (1) Plagiarism detection, (2) alignment of Bible

revisions, and (3) candidate generation for largeWikipedia articles.

6.1.1 Plagiarism Detection Experiment. A common application of

documentalignment isplagiarismdetection[14]. For thecomparison,

the metrics precision and recall follow the common understanding,

and their formal application to plagiarism detection as proposed in

Potthast et al. [25]. We show the F1-Score of precision and recall and

use the following general setup:

(1) Compute the alignment matrix𝐴 for each pair (𝑆,𝑇 ) of sus-

picious and source document of the PAN benchmark.

(2) A cell𝐴[𝑖, 𝑗] ismarked as a plagiarism case if (a)𝐴[𝑖, 𝑗] ≥𝜃 , or
(b) at least one neighboring cell is marked and𝐴[𝑖, 𝑗] ≥ 0.5.

(3) A window𝑊𝑆𝑖 is a plagiarism case if the corresponding row

in𝐴 contains at least one marked cell.

2
https://github.com/rutgers-db/RangeAllign-code

Results. Table 7 shows the results for all approaches. We list the

numbers for the configurations with the highest F1-Score of pre-

cision and recall for all parameter combinations of 𝑘 ∈ [3,15] and
𝜃 ∈ [0,1] with an increment of 0.01. Figure 4 shows the interplay of

window length 𝑘 and threshold 𝜃 for all approaches
3
.

Compared to Jaccard and OPH, SeDA reveals a clear superiority

w.r.t. result quality. Our results also suggest that SeDA outperforms

the semantic competitors FastText and SBERT w.r.t. result qual-

ity, which is unexpected for SBERT. This results from the fact that

SBERT operates on lexicographical sentences rather than 𝑘-width

windows. The texts partially contain short sentences like ’He agrees.’,

which provoke false casual matches. A workaround could limit the

minimum length of a plagiarized passage, but domain-specific op-

timization are beyond the scope of this paper. This also holds for

SeDA, which suffers from enveloping plagiarized passages where

the detected plagiarized passage starts too early and finishes too

late: The first (last) windows of a plagiarized passage often con-

tain tokens of the prior (next) sentence. Domain-specific tuning is

implemented in the detection rule sets of specialized approaches

like SEF [28], explaining its high F1-Score compared to the other

syntactic approaches.

The plots in Figure 4 indicate that the threshold 𝜃 is the decisive

factor for result quality. Increasing𝑘 has anobservable positive effect

only for small values of 𝑘 < 10 and 𝑘 ∈ [10,15] is a valid choice for
all approaches.

6.1.2 Bible Experiment. This experiment is motivated by one of

our ongoing collaborations with Bible scientists and introduces a

corpus of semantically verysimilar texts. This allows to study how
our proposed solution performs in such cases.

We select one query document𝑄 and the remaining Bible texts

form the databaseD. As query𝑄 , we use the first German transla-

tion, i.e., the Luther bible. For each document pair (𝑄,𝐷),𝐷 ∈D, we

compute the following: For each paragraph 𝑝 ∈𝑄 , we compute the

most similar paragraph𝑝 ′ ∈𝐷 , i.e., execute a top-1query. The ground

truth for correctness is the canonical numbering of the paragraphs

in the Bible. We determine the mapping accuracy per document pair

(𝑄,𝐷) as the number of correctly detected pairs (𝑝,𝑝 ′) divided by the
number of paragraphs in𝑄 . SeDA computes the similarity between

two paragraphs in three steps:

(1) Compute the 𝑘-window alignment matrix𝐴 (cf Sec. 2).

(2) Determine the maximum for each row and column in𝐴.

(3) Return the average of all row and columnmaxima from (2).

Results. We show the results of all canonical translations in Fig-

ure 5a. For canonical translations, all approaches are expected to

achieve very goodmapping accuracies close to 1. SBERT delivers op-

timal result quality. The next best approach is SeDAwith a mapping

accuracy of about 0.95, outperforming all syntactic competitors and

the older semantic competitor FastText. For all three window-based

approaches (SeDA, Jaccard, and FastText), the results indicate that

the window length 𝑘 is of minor importance.

A detailed inspection of incorrect mappings suggests that the

quality of the mappings differs among the document pairs and cor-

relates with the similarity assessed by domain experts. That is, there

are fewmapping errors for the Bible versions edited by Schlachter

3
Results of Jaccard and OPH are almost identical; thus, we show them in a single plot.
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Figure 4: PAN Experiment: Interplay of threshold 𝜃 and windowwidth 𝑘 with the corresponding F1-Score of precision and recall.
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Figure 5: Correctness results for the Bible andWikipedia experiment, respectively.

and Elberfelder. The majority of mapping errors occur between the

Luther Bible and the New Evangelic Version. This version simplifies

language and partially exchanges names and places, e.g., "Xerxes" vs.

"Ahasveros". Our results suggest the hypothesis that the mapping

accuracy as well as the similarity of the mapped paragraphs are in-

dicators for the relatedness and therefore, for the desired genealogy

of the Bible revision. This hypothesis is supported by the mapping

accuracy to a non-canonical translation like the Volxbible. The map-

ping accuracy deteriorates for all approaches: SBERT 0.8, SeDA 0.38,

Jaccard 0.25, FastText 0.31, OPH 0.18. Concerning the Bible use case,

we conclude that SeDA and our underlying problem definition is

well suited because it produces the best mapping accuracy of the

non-AI-based approaches.

6.1.3 Wikipedia Experiment. This use case targets at the envisioned
setup: A fast approach determines candidates, which are then ex-

amined manually or with computationally expensive methods like

SBERT. To this end, we study the applicability of all approaches as

candidate-generationmethod.Wemeasure the F1-Score of precision

and recall, and use𝜃 =0.5 as lowest SBERT threshold (i.e., the similar-

ity of two random sentences within theWikipedia corpus). Ideally,

for an SBERT threshold 𝜃 ∈ [0.5,1], all candidates produced by the
other approaches exceed 𝜃 (high precision) and no true candidates

are discarded (high recall). We use the following general setup:

(1) Split the corpus into (overlapping) 𝑘-width windows and

compute𝐴 for each approach.

(2) Per approach: Train a regression model on (𝐴SBERT,𝐴).
(3) Determine the F1-Score of precision and recall for SBERT

thresholds 𝜃 ∈ [0.5,0.95] with an increment of 0.05.

Notably, we train a regression model to translate the similarity

values of the approaches SeDA, Jaccard, FastText, and OPH into

SBERT similarity values. Since the relationship of all approaches and

SBERT similarity values is not entirely linear,we train one regression

model for each 0.1 interval. We use 𝑘 = 10, a small value that has

shown good quality in the other experiments and is close to the avg.

length of a sentence after stop word removal.

Results. The overall result pattern of all approaches in Figure 5b
is very similar: With increasing thresholds 𝜃 , the F1-Score increases.

Initially, the F1-Score does not exceed 0.4 for an SBERT threshold

𝜃 = 0.5. The score increases until reaching an optimum at around

𝜃 =0.85 and then marginally decreases until 𝜃 =1.0. This is a direct

result of two effects: (1) The distribution of the similarity values

forms a Gaussian centered at 𝜃 =0.5 and (2) the deviation of the simi-

larity values is high for small values of𝜃 , say 0.4≤𝜃 ≤ 0.6. Hence, the
F1-Score is dominated by 𝑘-width windows that are not particularly

similar or dissimilar while the similarity values between SBERT and

the approaches deviate significantly. However, this does not imply

a conceptual problem as we are interested only in similar text parts.

The global result patterns for relevant thresholds to determine cases

of plagiarism (SBERT 𝜃 ≥ 0.83) and similarity of the top-1 queries

from the Bible use case, the correlation of similarity approaches
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(after regression) and SBERT is in the range of the best F1-Scores of

all approaches. For all SBERT thresholds, there is a clear hierarchy of

approaches according to their F1-Score: The best two approaches are

SeDA and FastText. The next best approach is Jaccard, clearly out-

performing OPH, which approximates the Jaccard scores using LSH.

This hierarchy results from SeDA and FastText relying on semantic

information,whereas Jaccard andOPH consider only syntactic infor-

mation. In summary, SeDA is among the two best approaches w.r.t.

result quality and thus, is an eligible candidate generation approach.

6.2 Efficiency Experiments
Westartwith an intrinsic investigationon the strength of our bounds.

Finally, in our extrinsic evaluation, we study response time charac-

teristics and compare SeDA to state-of-the-art approaches.

6.2.1 Bound Effectiveness. In this set of experiments, we investigate

the effectiveness of our upper bounds and we are interested in two

measures: (1) Bound Tightness: The avg. difference between a spe-

cific bound and the true cell similarityWO(𝑊𝑆𝑖 ,𝑊𝑇𝑗
) for different

window sizes𝑘 . This measure is independent of 𝜃 . (2) Bound Cascade
Pruning Power:We study the relationship between 𝜃 and the number

of cells that pass a specific bound.

Average BoundTightness. In Figure 6a,c,e,we show the avg. bound

tightness for documents across all corpora. The results indicate that

the avg. bound tightness of PAN11 andWikipedia are almost identi-

cal. In contrast, the similarity overestimation for the Bible corpus is

observablyhigher.This is a result of thedifferent avg. similarityof the

corpora. PAN11 andWikipedia contain dissimilar texts, whereas the

Bible corpus contains very similar texts. This affects the bound tight-

ness, i.e., the more dissimilar the texts, the tighter are our bounds.

We further observe that bound-similarity overestimation highly

varies among different bounds, and the pattern is the same for all

corpora. As expected, computationally cheap bounds offer a looser

bound. Interestingly, the O(1) bound tends to converge to the tight-
ness of the O(𝑘) and O(𝑘2) bounds. That is, it is more effective for

increasing𝑘 due to the decreasing impact of a single token for larger

windows. For example, the maximum difference between two sub-

sequent cells in the alignment matrix for 𝑘 =3 is 0.33, whereas for

𝑘 =8 it is 0.125.

In Figure 6, we also depict the avg. response time per alignment

matrix computation for the entire bound cascade. Our results reveal

that candidate-run validation is the major cost factor for reasonable

values of 𝑘 ≥ 5. In other words, the overhead for on-the-fly index

construction and candidate generation is negligible. This is the envi-

sioned result and also holds for the additional memory consumption

(dominated by the size of𝐴).

Average Pruning Power. Next, we investigate howmany cells of

the alignment matrix 𝐴 pass a specific bound. In contrast to the

prior experiment, we expect that this mostly depends on 𝜃 . Table 8

contains the avg. fraction of candidates that remain after applying

the corresponding bound for different values of 𝜃 and 𝑘 = 10. The

results of this experiment are consistent with the results of the prior

experiment. There is a clear hierarchy of the bounds, with the MSV

bound being the loosest one. The results further suggest that each

stage of our bound cascade effectively reduces the number of cells

for which the true similarity value must be computed. Therefore,
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Figure 6: Bound analysis for varying sliding windowwidth 𝑘 .

independent of the dataset, we compute the true similarity for less

than one percent of the alignment matrix cells.

6.2.2 Runtime Experiments. This section compares the runtime per-

formance of SeDA and the baseline solution to the competitors. Our

primary interest is to quantify the response-time improvement com-

pared to SBERT, i.e., the gold standard for result quality. Thankfully,

we received the implementations of TxtAlign and OPH from the

original authors. Except for SBERT bge/m3, all approaches are im-

plemented in C++ using the same compiler and hardware settings.

Note that we use the original Python implementation of SBERT to

serve as an upper boundary for a reasonable runtime and thus, the

high runtime differences do not invalidate the comparison. The run-

time of all semantic competitors, i.e., SeDA, FastText, and SBERT,

includes the time for mapping text to vectors and to compute the

corresponding similarity. As we use pre-trainedmodels, the runtime

does not include training the word or sentence embedding.

Runtime Comparisons. In Figure 7, we depict the response-time

results for all three corpora. For 𝜃 , we use the values that show the

best F1-Score in Table 7
4
. Our results reveal that SeDA outperforms

4
On the Bible corpus, the original implementation of TxtAlign is much slower than a

naive implementation of the Jaccard similarity. This issue also persists after seeking help
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Table 8: Remaining fraction of cells of𝐴 after applying the
corresponding bound for 𝑘 =10.

Remaining 𝜽 =0.5 𝜽 =0.6 𝜽 =0.7 𝜽 =0.8 𝜽 =0.9

MSV 0.619 0.420 0.320 0.284 0.279

O(1) 0.428 0.231 0.143 0.104 0.090

O(𝑘) 0.210 0.120 0.077 0.058 0.051

O(𝑘2) 0.016 0.002 0.001 <0.001 <0.001

B
ib
le

True pos 0.007 0.001 <0.001 <0.001 <0.001

MSV 0.310 0.148 0.084 0.064 0.056

O(1) 0.148 0.054 0.025 0.014 0.011

O(𝑘) 0.021 0.012 0.007 0.006 0.005

O(𝑘2) 0.002 <0.001 <0.001 <0.001 <0.001PA
N
11

True pos 0.001 <0.001 <0.001 <0.001 <0.001

MSV 0.231 0.107 0.065 0.055 0.050

O(1) 0.104 0.037 0.019 0.012 0.010

O(𝑘) 0.016 0.009 0.006 0.005 0.004

O(𝑘2) 0.001 <0.001 <0.001 <0.001 <0.001

W
ik
i

True pos <0.001 <0.001 <0.001 <0.001 <0.001

the baseline solution by 1.5–3 orders of magnitude over all corpora.

For 𝑘 = 10 (the smallest reasonable value from the result quality

experiments), we observe a speedup of 2–3 orders ofmagnitude com-

pared to SBERT. Compared to the other approaches that perform

very differently depending on the setting, SeDA is always among

the top-2 fastest approaches.

End-to-end Performance Gain. For the envisioned application of
SeDA to serve as candidate generation mechanism, for slower AI-

based tools, we can approximate the end-to-end performance gain

as follows. Take the number of cells exceeding 𝜃 , as shown in Table 8

(Line: True positives). These are the candidates examined by the

AI-based tools. Multiply the SBERT runtime from this experiment

with the true positive rate and add the runtime of SeDA. This is valid,

because SBERT runtime increases linear with number of windows to

from the original authors. We hypothesize that this due to the high average similarity

of the Bible text: TxtAlign finds similar passages redundantly, and the response time

is dominated by the exact Jaccard computations on the detected passages. We omit

TxtAlign in Figure 7a.

Table 9: SeDA variants: ✓means component is included.

Filters O(1) & Zero-CopyName Corpus Cand. O(𝒌) Hungarian O(𝒌2)

Naive

𝑘2 ✓
zc-𝑘2 ✓ ✓
SeDA-1 ✓ ✓ ✓
SeDA ✓ ✓ ✓ ✓
c-SeDA ✓ ✓ ✓ ✓ ✓

process. Using 𝜃 =0.7 this results in the following numbers: For the

Bible use case 0.34 s vs. 40 seconds, for the PAN11 corpus 0.05 s vs. 34

s, and 0.50 s vs. 288, for theWikipedia use case with sequence length

16,000 tokens, with the correctness as shown in Figures 4 and 5.

6.2.3 RuntimeAnalysis onLarge-scaleCorpus. Table 9 lists theSeDA
variants and their corresponding components used to investigate on

the improvement of our proposed optimizations. We start with the

naive approach and subsequently add additional components finally

resulting in a variant for large-scale corpora named c-SeDA.

c-SeDA. Our corpus deployment strategy is an extension of the

candidate filter: 𝑄 is the query sequence and D = {𝑆1, ...,𝑆𝑚} is a
corpus of documents (i.e., sequences) based on a common alphabet

T = {𝑡1, ...,𝑡𝑛} (i.e., the set of unique tokens in the corpus). Given

a corpus document 𝑆𝑖 with the corresponding set of all 𝑘-width

windows𝑊𝑆 , we can safely exclude a window𝑊𝑆𝑖 if no token pair

(𝑞 ∈𝑄,𝑠 ∈𝑊𝑆𝑖 ) with 𝑠𝑖𝑚(𝑠,𝑞) ≥𝜃 exists. The result is a new upstream

filter in our bound cascade that conceptually removes lines from𝐴.

Residual lines are called candidate lines. Thenewfilter consists of two

phases: (1) An offline indexing phase executed once per corpus, and
(2) an online document-line filtering phase executed once per query𝑄 .

The offline indexing phase creates an inverted index 𝐼 that maps

each token 𝑡𝑖 ∈T to its locations in the corpus. In addition, we pre-

compute a data structure 𝑁 that stores the similarity of all token

pairs (𝑡𝑖 ,𝑡 𝑗 ) ∈T ×T that exceed some low similarity threshold𝜃 ′, for
example, for𝜃 ′=0.6. The online phasefirst creates𝑁𝑡 from𝑁 , having

the samemeaningas inAlgorithm2 line 3 (cf. revisedpaper): For each
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unique token in𝑄 , it contains all tokens from T that create candi-

dates. Next, we use𝑁𝑡 and the inverted index 𝐼 from the offline phase

to mark every 𝑘-width window in the corpus with ≥ 1 token from
𝑁𝑡 as candidate line. We inject this result into Algorithm 3 (line 3)

by looping only over the candidate lines, instead of all windows.

Results. We evaluate all these variants for all combinations of

𝑘 ∈ {5,10,15} and 𝜃 ∈ {0.6,0.7,0.8}. The choice of these values is mo-

tivated by the insights of the result quality experiments suggesting

that𝑘 ≤ 4 does not yield good result quality. Furthermore, increasing

𝑘 beyond 15 does not improve result quality. The analogous argu-

mentation holds for selection of 𝜃 . As corpus𝐶 , we use the extended

Wikipedia corpus, containing more than 2000 Wikipedia articles

with more than 1 million words. We randomly select 20 articles as

query documents. For each query document 𝑞, we measure the re-

sponse time for comparing 𝑞 to all documents in𝐶−{𝑞}, i.e., against
more than 2,000 other documents. We report the average over all 20

queries in Table 10. We argue that this is the most realistic scenario

one expects in real-world setting where one compares one article

against a corpus of documents.

Table 10: Improvement of individual optimizations (in
seconds). Avg. for (𝑸,D) over 20 queries.

(𝒌,𝜽 ) Naive 𝒌2 zc-𝒌2 SeDA-1 SeDA c-SeDA

(5,0.6) 250 16.9 13.9 6.4 3.0 0.5

(5,0.7) 250 16.9 13.9 5.9 2.8 0.3

(5,0.8) 250 16.9 13.7 5.8 2.4 0.3

(10,0.6) 514 49.6 37.9 10.5 4.8 2.1

(10,0.7) 514 49.4 37.9 9.4 3.9 1.4

(10,0.8) 514 49.3 37.6 8.6 3.6 1.0

(15,0.6) 1138 83.6 60.4 12.7 7.4 4.6

(15,0.7) 1138 82.1 60.3 11.9 5.5 2.9

(15,0.8) 1138 83.5 60.3 10.6 4.8 2.2

The study results are shown in Table 10. The results suggest two

primary insights: First, we observe a clear improvement when sub-

sequently adding components to SeDA. The improvement is robust

towards changes of 𝑘 and 𝜃 and significant, as SeDA and c-SeDA

finishes on average below 10 seconds. Secondly, as expected due to

the cubic complexity of the Hungarian algorithm, the windowwidth

𝑘 appears to have a larger impact on the response time than𝜃 . The of-

fline indexing phase takes about 5 minutes, mainly for computing𝑁 .

7 RELATEDWORK
Finding similar passages of documents and sequences is a well-

studied problemwith numerous applications, including plagiarism

detection [14, 33], DNA sequence analysis [6], or music copyright

protection[40].Most related toourproblemdefinitionareapproaches

that detect near-duplicate text passages (i.e., plagiarism), which is

a postprocessing step of our alignment matrix𝐴. Typically, existing

approaches first detect suspicious candidate passages that are then

semantically analyzed [15, 17].

Syntactic Candidate Determination.Many early approaches for

candidate passage detection reduce the computational effort by re-

lying on very small text passages creating a signature per document.

Then, candidates are documents with similar signatures w.r.t. string

edit distance, Jaccard, or Hamming distance [26]. To reduce the cost

of candidate determination, various approaches approximate the

similarity of signatures. Following the introduction of min-hashes.

i.e., a locality sensitive hashing scheme [3], various approaches im-

prove the original approach by combining multiple min-hashes into

one (smaller) sketch [7, 13, 23, 30, 31, 37]. Independent of the signa-

ture scheme, all mentioned approaches miss semantically similar

documents that are syntactically dissimilar.

Semantic Analysis. Existing works from natural language pro-

cessing often compute passage similarity using sentence embed-

dings, e.g., variants and successors of BERT [10]. For large document

corpora, this implies millions of inferences in a large neural net-

work, which incurs high computation cost [27] as shown in our

experiments. Therefore, efficient candidate filtering is applied to

circumvent this problem. A common approach is concatenating or

averaging the word vectors [19]. Similar to our problem definition,

each token is associated with semantic information (i.e., a word

vector [21]). Hence, one computes 𝑠𝑖𝑚(𝑠𝑖 ,𝑡 𝑗 ) for every token pair in
𝑆×𝑇 and normalizes the result by the size of 𝑆 and𝑇 . Compared to

our reduction to the assignment problem, this approach does not

yield the one-to-one matching property of tokens.

8 CONCLUSIONS
Wepresented the novel semantic document alignment problemwith

the objective to efficiently find semantically similar passages of doc-

uments based onmatching tokens of𝑘-widthwindow pairs. The key

novelty is to consider semantic information already in the matching

phase and not only in the subsequent semantic analysis. Existing

matching approaches are limited to syntactic information, missing

potentialmatches. Tomitigate theproblem, lowsimilarity thresholds

must be used, resulting in many false positive matches. By model-

ing the similarity of 𝑘-width window pairs as assignment problem

on bipartite graphs, we further introduce the one-to-one matching

property of tokens. This is another novelty that has not been used

in semantic analysis approaches before. Empirical results, e.g., on

a well-established plagiarism detection benchmark reveal a clear su-

periority over Jaccard-based syntactic alignments with an F1-Score

w.r.t. precision and recall of 0.93 and a result quality comparable to

the award-winning plagiarism tool SEF.We propose SeDA an effi-

cient algorithms for computing the semantic document alignment.

SeDA effectively leverages a candidate generation mechanism, a

bound cascade, and exploits the slidingwindow property. Compared

to a syntactic state-of-the-art competitor, SeDAachieves comparable

or superior run times on three real-world text corpora.
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