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Disclaimer

Coupling deep learning with natural logic still remains at the heart of
NALOMA, a highly promising direction:

Natural logic, a logic with formulas close to natural language forms.
LLMs showing their remarkable capabilities on language input.

The name of NALOMA is not understood literally as the workshop includes
the broader topics.

However, the title of this talk should be understood literally.

Surveying works starting from 2023 that uses a sort of natural logic and
couple it with machine learning.

Restricted domain: *ACL major venues
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Diagram
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QA-NatVer: Question Answering for Natural Logic-based Fact Verification

Rami Aly, Marek Strong, Andreas Vlachos (University of Cambridge) EMNLP 2023

Angeli&Manning (2014)

Claim: Anne Rice was born in New Jersey
. . _ Estart
Evidence: Born in New Orleans, Rice S S ) Claim is Supported

spent much of her early [...] ®
Claim is Refuted

. o .
Is Anne Rice a pargehrase of Rice? Yes. . @ e [l

[ Rice was born in New Jersey ] S T )

Instruction- Is was born a paraphrase of Born? Yes. |=—.....
tuned model

Rice Born in New Jersey ] S

Does in New Jersey entail in New Orleans? No.

. = [ =
Does in New Jersey exclude in New Orleans? Yes. ,I r T =

[ Rice Born in New Orleans Deterministic Finite State Automaton
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https://aclanthology.org/2023.emnlp-main.521/
https://aclanthology.org/D14-1059/

Icard (2012)

Joining semantic relations
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https://www-nlp.stanford.edu/%7Ewcmac/papers/nli-diss.pdf
https://link.springer.com/article/10.1007/s11225-012-9425-8
https://aclanthology.org/D14-1059/

QA-NatVer: proof search

~

/[Janut Leigh ] I: was incapable J

{ Janet Leigh She also wrote four J

of writing
books

{ Janet Leigh was incapable J [waﬁ incapable of writing J

[ Janet Leigh She also wrote fc-urJ [She also wrote four bGDkEJ

[ Janet Leigh was incapable of writing l

|Janet Leigh She also wrote four books

y

\Qti-granular Chunking & Alignment

Trained word-
level aligner

Claim: Janet Leigh was incapable of writing
Evidence: [ Janet Leigh ] She also wrote four books between 1984 and 2002 , including two novels .

ﬂ]oes was incapable of writing entah

She also wrote four books?

Answer: No

of She also wrote four books?

( Is was incapable of writing a negation J
Answer: Yes J

NEI

]
was incapable l

fo— [
l

of writing
She also wrote four . books

[ Janet Leigh
d

]

[ #

[ =
p-

[ Janet Leigh ] |
[ Janet Leigh ] [
L= |

[ #

REFUTES

was incapable of writing

She also wrote four books

o |

[ NatOp: Negation (—) )

NatOp Assignment via QA

Instruction-
tuned model
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Proof Selection
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QA-NatVer: results

Beats the previous work, ProofVer. (Krishna et al., 2022)

Highly efficient and robust, with
top performance on the
adversarial FEVER.

Suitable for low-resource scenario:
outperforms all baselines on the
Danish FEVER.

QA-NatVer produces better proofs
then ProofVer.

[ Improvement: Zero-NatVer (Strong et al. 2024)

J
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Accuracy  Macro-Avg. Fy
DeBERTa 39.1 £2.5 36.7 £2.3
DEBERTa-NLI | 59.7 = 1.9 594 £ 1.6
T-Few 59.4 £3.2 58.8 £3.1
LOREN 35,7+t 1.8 279 £ 1.7
ProoFVer 36.2 £ 1.3 32.5 £1.3
QA-NatVer 64.0 £ 0.9 63.1 = 1.5
+ Flan-T5 | 70.3 + 2.1 70.0 + 1.4
NaturalLl On FEVER (32 few shot)
y-based



https://aclanthology.org/2022.tacl-1.59/

TabVer: Tabular Fact Verification with Natural Logic

Rami Aly and Andreas Vlachos (University of Cambridge) TACL 2024

In 2018 Ortegal had population of larger

than 12,000 in its three municipalities.

MistralOrca-7B l

Claim:
NatLog DFA
— start *
=Ortegal

®

©

®
™)
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a;= COPY Ortegal

Question: What is the place
for which the population was
measured in 20187
Span (¢;): Ortegal

Municipality Pop. (2011) Pop. (2018)
Carinio 3374 3.945

Evidence: Cerdido 1,304 1,126 Ortegal

Maiidn 1.541 1,363
| Ortigueira 6,697 5,804

fQuestion: What is the place for which the p{)pu]a-“
tion was measured in 20187
Extraction: The population was measured in 2018
for Ortegal.
Compute: No computation required.

=larger than
12,000
a;= SUM 12,238

Question: What is the total
pop. of Ortegal in 20187
Span (c;): larger than 12,000

Answer (a;): COPY Ortegal

~

Question: What is the total pop. of Ortegal [...]?
Extraction: In 2018 Carino had a pop. of 3,945,
Cerdido 1,126, Manén 1,363, and Ortigueira 5,804.
Compute: Adding 3,945 + 1,126 + 1,363 + 5,804
= 12,238.

Permissable Numbers

-

s
2011; 2018;
4374. 3945;
1304; 1126:;
1541; 1363;
6697: 5804

L

-

Permissable Functions

| COUNT, SUM,
DIFF, AVERAGE,
MIN, MAX, COMP,
SUPER, COPY

MistralOrca-7B

=three
a;= COUNT 4

A

Question: How many munici-
palities does Ortegal have?
Span (c¢;): three

Answer (a;); SUM 12,238 J

rQuesticm: How many muni. does Ortegal have?
Extraction: Ortegal has the municipalities Carino,
Cerdido, Manon, and Ortigueira.

Compute: Counting Carino, Cerdido, Manon, Or-
tigueirra = 4

kAnswer (a;): COUNT 4
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https://aclanthology.org/2024.tacl-1.89/

Estimating the Causal Effects of Natural Logic Features in Transformer-
Based NLI Models (Julia Rozanova, Marco Valentino, André Freitas LREC-2024)

Ci=lsaw 1T
Cr=lsawno
Cs=lheard T

. Robustness B pCE (T — ) Robu.s?:n.ess ® DCE(S—Y)
Sensitivity M TCE (WonY) Sensitivity B TCE (ConY)

Insertion Interventions: Causal Effect on Prediction Context Interventions: Causal Effect on Prediction
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https://aclanthology.org/2024.lrec-main.559/

Diagram

NatLog J

(
Naturalll L (MacCartney 2009)
(Angeli&Manning, 2014) J

ProofVer AdMIRaL
(Krishna et al. 2022) (Aly&Vlachos 2022)

NatLogAttack
[ QA-NatVer } (Zheng&Zhu 2023)

(Aly et al. 2023)

4 Causal Effect of A
TabVer Zero-NatVer | - , ~ Monotonicity on
(Aly&Vlachos 2024) || (Strong et al. 2024) Natural Logic & NLI models
Dynamic Rewards for \_ (Rozanova et al. 2024)
Entailment Tree Gen.
\_ (Shi et al. 2025) )

NALOMA@ESSLLI 2025 How Often does Natural Logic Actually Meet Machine Learning? 11



How Often does Natural Logic Actually Meet
Machine Learning?

Short answer: fairly often...

Long answer: It is important to notice that natural logic is finding its

own way in:
* The downstream tasks such as Fact Verification (incl. tabular data) and
Question Answering
* The reasonings tasks that require multiple steps and structured explanations.

Hopefully soon:
* Building structured explanations benchmarks with wider-coverage

* (partially) Evaluating faithfulness of GenAl output
» Easier to use Natural Logic-based systems
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Closing NALOMA



Reflection

Natural language inference:

In the mood of inference (LLM+FolProver), Ja-NLI for Comparatives,

Visual entailment with synthetic data

Natural language understanding tasks:
Legal Reasoning with LLMs
Keynote by Aaron on modeling events/situations

Evaluation & resources:
Math corpus, MERGE (generalization test for NLI),
Linguistic validity eval for Ja CCGTreebank

Human-Al alighment:

= ACL Anthology

-

o

The proceedings will be
prepared and injected in
the ACL anthology
(likely in August)

~

)

Keynote by Mehrnoosh on next category prediction like humans (GP)
Keynote by Kyle on modeling the logic of GenAl optimization
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Next NALOMA Program committee

Valeria de Paiva (co-chair), Topos Institute
Lasha Abzianidze (co-chair), Utrecht University

We a|m tO have neXt NALOMA |n 2026 Katrin Erk, University of Texas at Austin

Stergios Chatzikyriakidis, University of Crete

Co-chairs: Hitomi Yanaka and Lasha Abzianidze

Lawrence S. Moss, Indiana University

HOSt venue TBD Aikaterini-Lida Kalouli, Bundesdruckerei GmbH
Hitomi Yanaka, University of Tokyo and Riken Institute
® ESSLLl 2026? Hai Hu, Shanghai Jiao Tong University

Thomas Icard, Stanford University

e LREC 20267
* As *ACL workshop?

. ... Website: naloma.github.io

Theme of the workshop: generally the same, X @NALOMA official
but maybe with some practical additions such

“ @naloma.bsky.social
as (un)shared task/challenge.

naloma.pc@gmail.com
i
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