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Soft Pattern Matching: 
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Based on H. Deguchi, G. Kamoda, Y. Matsushita, C. Taguchi, K. Suenaga, M. Waga, and S. Yokoi "A Soft and Fast 
Pattern Matcher for Billion-Scale Corpus Searches." ICLR 2025
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Personal Scientific Background
• Mainly working on CPS verification


• Particularly, runtime verification, e.g., monitoring & testing

• Some Keywords:


• Signal Temporal Logic

• Extension of LTL for continuous signals


• (Timed) Pattern Matching

• Extract relevant parts of log wrt. formal spec.
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White-box system 
model is unnecessary!

w/ quantitative semantics 
based on distance 
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LLM Era
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https://www.theguardian.com/technology/2025/may/21/most-ai-chatbots-easily-tricked-into-giving-dangerous-
responses-study-finds
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Q. What can we, formal 

method people, do?
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Observations on LLM
• System is extremely huge


• Fully exhaustive verification is likely impossible


• Inputs and outputs are mainly natural language texts


• Writing spec. w/ conventional logics seems hard


• Similarity of words should be included in the semantics


• e.g. "My son is big" ⊧ φ ⟺ "My son is large" ⊧ φ
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Similar in CPS 
verification
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φ ::= μ > 0 ∣ φ ∧ φ ∣ ¬φ ∣ φ𝒰Iφ

Review: Signal Temporal Logic

5

Continuous-time version of LTL + distance from threshold

Qualitative (Boolean) Semantics Quantitative (Robust) Semantics











σ, t ⊧ μ > 0 ⟺ μ(σ(t)) > 0
σ, t ⊧ φ1 ∧ φ2

⟺ σ, t ⊧ φ1 and σ, t ⊧ φ2
σ, t ⊧ ¬φ ⟺ σ, t /⊧ φ

⋮











ρ(σ, t, μ > 0) = μ(σ(t))
ρ(σ, t, φ1 ∧ φ2)

= min{ρ(σ, t, φ1), ρ(σ, t, φ2)}
ρ(σ, t, ¬φ) = − ρ(σ, t, φ)

⋮

Distance from the threshold
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Distance from the threshold
Q. Good “distance” for 

natural languages?
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Word Embedding: Encode words as vectors 

• 


• Similar usage ≈ similar directions


• e.g. “He is from Croatia” vs. “He is from Japan”


Cosine Similarity: Measure the similarity by directions 

E : Word → ℝN

CosSim(u, v) =
u ⋅ v

∥u∥∥v∥

Our Choice: Word Embedding  
+ Cosine Similarity

6

u
vθ

CosSim(u, v) = cos θ
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• e.g. “He is from Croatia” vs. “He is from Japan”


Cosine Similarity: Measure the similarity by directions 

E : Word → ℝN

CosSim(u, v) =
u ⋅ v

∥u∥∥v∥

Our Choice: Word Embedding  
+ Cosine Similarity

6

u
vθ

CosSim(u, v) = cos θ

   He is from ?
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Soft Pattern Matching

Inputs 

• Target words: 


• Pattern words: 


• Threshold: 


Output 

•  s.t.  iff. 
  

w = w1w2…wn ∈ Word*

p = p1p2…pm ∈ Word*

α ∈ ℝ

Matchα(w, p) i ∈ Matchα(w, p)
∀j ∈ {1,…, m} CosSim(E(wi+j−1), E(pj)) > α
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[Contribution]

String matching + pointwise comparison w/  and CosSim E

Typically huge

Typically short

Similarity is high 
for each word in pattern
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Example of Soft Pattern Matching
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Inputs 

• Target 


• Pattern: 


Output 

•

w

p

Matchα(w, p) = {7,11}

w1 w2 w3 w4 w5 w6 w7 w8 w9 w10 w11 w12 w13 w14

we talk like we know what we’re talking about when we talk about love

w7 w8 w9

we’re talking about

p1 p2 p3

we talk about

w11 w12 w13

we talk about

p1 p2 p3

we talk about

= = =≈ ≈ =

p1 p2 p3

we talk about
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Indexing-based Algorithm for 
Soft Pattern Matching
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[Contribution]

Offline indexing from target & Online operation on indices

Assumption: Many patterns for single (huge) target


• Reasonable for, e.g. analysis of training data


Note: Algorithm for a stream of target is also available


• Based on Quick Search for string matching
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Step 0: Indexing from target
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w1 w2 w3 w4 w5 w6 w7 w8 w9 w10 w11 w12 w13 w14

we talk like we know what we’re talking about when we talk about love

Target w

we {1, 4, 11}
talk {2, 12}
like {3}

know {5}
what {6}
we’re {7}

talking {8}
about {9, 13}
when {10}
love {14}

Map each word in  
to its positions

w



M. Waga (Kyoto U.)

Step 0: Indexing from target

10

w1 w2 w3 w4 w5 w6 w7 w8 w9 w10 w11 w12 w13 w14
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we {1, 4, 11}
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know {5}
what {6}
we’re {7}

talking {8}
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Map each word in  
to its positions
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Step 1: Compute Pointwise 
Matching Positions
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Pattern: p p1 p2 p3

we talk about
we {1, 4, 11}
talk {2, 12}
like {3}

know {5}
what {6}
we’re {7}

talking {8}
about {9, 13}
when {10}
love {14}

 
= {we, we’re, …}

{q ∣ CosSim(E(q), E(p1)) > α}



= {1, 4, 7, 11}

Pos(p1, α) = Pos(we) ∪ Pos(we're) ∪ ⋯

Idea: “Expand” words in pattern and take union
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Step 2: Merge Pointwise Matching 
Positions by Shift + Intersection
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Pattern: p p1 p2 p3

we talk about

we {1, 4, 11}
talk {2, 12}
like {3}

know {5}
what {6}
we’re {7}

talking {8}
about {9, 13}
when {10}
love {14}

 = {1, 4, 7, 11}

 = {2, 8, 12}

 = {9, 13}


→ 

Pos(p1, α)
Pos(p2, α)
Pos(p3, α)

Matchα(w, p) = {7,11}

Matchα(w, p) = ⋂
j

{i − j + 1 ∣ i ∈ Pos(pj, α)}
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Step 2: Merge Pointwise Matching 
Positions by Shift + Intersection
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Pattern: p p1 p2 p3

we talk about

we {1, 4, 11}
talk {2, 12}
like {3}

know {5}
what {6}
we’re {7}

talking {8}
about {9, 13}
when {10}
love {14}

 = {1, 4, 7, 11}

 = {2, 8, 12}

 = {9, 13}


→ 

Pos(p1, α)
Pos(p2, α)
Pos(p3, α)

Matchα(w, p) = {7,11}

Matchα(w, p) = ⋂
j

{i − j + 1 ∣ i ∈ Pos(pj, α)}

Match each pattern word Compensate the offset
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SoftMatcha

• Tool for soft pattern matching


• Works on laptop w/o GPU


• $ pip install softmatcha 

• Online demo is available


• Target: text from Wikipedia

13
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Demo of SoftMatcha
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Case Study: finding harmful phrases
Target: corpus in Wikipedia articles (3.4B words)


Pattern: homemade bombs
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Exact Matching SoftMatcha Dense vector search

Match 
Examples

• homemade 
bombs

• homemade 
bombs


• home-made 
grenades


• homemade 
missiles

• Article: Survival 
under atomic attack


• Article: Mark 24 
nuclear bombs


• Article: List of 
common 
misconceptions

“Soft” matching but 
following the pattern
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Case Study: finding harmful phrases
Target: corpus in Wikipedia articles (3.4B words)


Pattern: homemade bombs
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Exact Matching SoftMatcha Dense vector search

Indexing 685.8 sec 685.8 sec 1036.5 sec

Search 0.005 sec 0.098 sec 0.389 sec

Slower than exact 
matching but fast
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Q. Can we use this for 
monitoring/testing?
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Q. Can we use this for 
monitoring/testing?
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A. Technically Yes. 
Practically No so far.



M. Waga (Kyoto U.)

Open Problem: Making Spec.
• Making spec. for LLM seems tricky


• The application is too wide

• The expected behavior highly depends on the context


• Prohibiting inappropriate words is possible, but can be 
done more naively


• Perhaps inferring component-level spec from system-
level spec?
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Somewhat similar to 
perception component 
in automated driving
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Conclusions

• We can make pattern matching “soft” w/ a distance


• Word embedding + cosine similarity


• Indexing-based approach can handle billion-scale corpus


• In the context of RV, making spec. is one major open 
problem

21
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Any ideas are welcome!


