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Reasoning in LLMs



The “boom” of reasoning in NLP
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The “boom” of reasoning in NLP

Papers with the word “reasoning” in the title in major NLP
conferences (ACL, EMNLP, NAACL, EACL, COLING, LREC):

• 2020: 80

• 2021: 137

• 2022: 189

• 2023: 329

• 2024: 617

• 2025: 52 (only COLING)
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The “boom” of reasoning in NLP

But... is it all this work about natural language reasoning?

Or more about solving problems that involve some kind of
reasoning... in natural language?
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Reasoning in Natural Language vs.
Natural Language Reasoning

GSM8K (Cobbe at al., 2021) - Mathematical Reasoning

Other similar benchmarks: SVAMP, ASDiv, AQuA, MAWPS, ...
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Reasoning in Natural Language vs.
Natural Language Reasoning

StrategyQA (Geva et al., 2021) - Commonsense Multi-Hop Reasoning

Other similar benchmarks: CommonsenseQA, BIG-bench, ...
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Reasoning in Natural Language vs.
Natural Language Reasoning

FOLIO (Han et al, 2024) - First-Order Logic Reasoning

Natural Language Reasoning, or symbolic reasoning in natural
language?
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Are LLMs reasoning at all?

→ Is therefore CoT about reasoning, or about finding a way
(either via in-context learning or decoding) that the generated
sequence matches a specific structure observed in the training
data?
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Argumentative Reasoning
and LLMs



Assessing LLMs’ Argumentative Skills

P1. Mining Complex Patterns of Argumentative Reasoning in
Natural Language Dialogue (RR, ZK, JL, Under Review)

P2. Natural Language Reasoning in Large Language Models:
Analysis and Evaluation (DG, RR, HB, CR, Under Review)
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P1: Background and Motivation

Mining Complex Patterns of Argumentative Reasoning in
Natural Language Dialogue

Argument Mining → Argumentation Scheme Mining
Argumentation Theory → Natural Language Argumentation

E.g., Argument from Waste (Walton (1) vs. Real (2)):
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P1: Datasets

1. NLAS1:
1,902 arguments → 20 schemes, 50 topics, 2 stances

2. NLAS-proc:
23,771 arguments → enthymematic NLAS

3. QT-Schemes:
441 arguments → 5 QT episodes, 24 schemes

1Ramon Ruiz-Dolz, Joaquin Taverner, John Lawrence, and Chris Reed.
2024. Nlas-multi: A multilingual corpus of automatically generated natural
language argumentation schemes. Data in Brief, 57:111087.
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P1: Datasets
Argumentation Family Argumentation Scheme NLAS QT-SCHEMES

COMP PROC Total Ft/Te

Ad Hominem Arguments
Allegation of Bias 0 0 1 0/1
Direct Ad Hominem 100 573 16 13/3
Inconsistent Commitment 89 882 17 15/2

Arguments Based on Cases
Cause to Effect 99 1,146 41 35/6
Established Rule 95 1,008 3 1/2
Verbal Classification 99 1,115 8 4/4

Defeasible Rule-based Arguments
Analogy 100 1,165 8 7/1
Example 97 550 5 4/1
Precedent 94 1,056 6 4/2

Discovery Arguments

Best Explanation 100 2,112 111 86/25
Ignorance 93 1,122 5 3/2
Random Sample to Population 0 0 2 1/1
Sign 100 997 17 11/6

Popular Acceptance Arguments
Popular Opinion 99 1,096 10 5/5
Popular Practice 94 1,066 5 4/1

Position to Know Arguments
Expert Opinion 100 1,195 16 15/1
Position to Know 100 1,182 28 16/12
Witness Testimony 100 2,178 9 3/6

Practical Reasoning Arguments

Consequences 0 0 34 34/0
Practical Reasoning 0 0 63 48/15
Sunk Costs 93 1,098 8 7/1
Threat 88 1,520 18 17/1
Waste 86 880 9 8/1

Chained Arguments with Rules and Cases Slippery Slope 76 1,530 1 1/0

Total - 1,902 23,471 441 331/100
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P1: Experiments
Pre-training + Fine-tuning:
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Dialogue (FS-Dial) + Justification
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P1: Results
Model Precision Recall F1-score

ROBERTA-AS-COMP 0.8 4.5 1.0
ROBERTA-AS-PROC 3.4 6.2 3.1

ROBERTA-AS-COMP-DIAL 7.4 9.4 8.0
ROBERTA-AS-PROC-DIAL 8.2 10.7 9.0

QWEN2.5(7B)-AS-ZS 4.1 14.3 5.7
LLAMA3.1(8B)-AS-ZS 9.9 8.9 6.6
LLAMA3.3(70B)-AS-ZS 18.9 24.4 18.7

QWEN2.5(7B)-AS-FS 3.7 11.0 5.5
LLAMA3.1(8B)-AS-FS 4.5 12.2 5.4
LLAMA3.3(70B)-AS-FS 31.2 45.4 29.4

QWEN2.5(7B)-AS-FS-DIAL 7.4 16.2 7.8
LLAMA3.1(8B)-AS-FS-DIAL 18.6 18.9 14.4
LLAMA3.3(70B)-AS-FS-DIAL 22.1 27.9 22.3

ROBERTA-AF-COMP 45.5 38.1 31.7
ROBERTA-AF-PROC 57.7 56.3 49.7

ROBERTA-AF-COMP-DIAL 65.1 47.7 49.3
ROBERTA-AF-PROC-DIAL 62.1 66.9 62.3

QWEN2.5(7B)-AF-ZS 12.3 26.1 13.5
LLAMA3.1(8B)-AF-ZS 13.1 21.3 13.9
LLAMA3.3(70B)-AF-ZS 44.4 44.2 34.7

QWEN2.5(7B)-AF-FS 8.3 20.8 11.0
LLAMA3.1(8B)-AF-FS 10.1 17.2 11.9
LLAMA3.3(70B)-AF-FS 18.7 34.4 23.8

QWEN2.5(7B)-AF-FS-DIAL 27.9 16.9 14.7
LLAMA3.1(8B)-AF-FS-DIAL 38.7 28.4 28.1
LLAMA3.3(70B)-AF-FS-DIAL 34.7 36.8 31.8
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P1: Conclusions

• LLMs struggle to effectively generalise regardless of the
dimensionality of the task.

• Justifications reveal that LLMs are not able to process the
inferential reasoning of arguments, either referring to
premises/claims not existent in the argument, or quoting
wrong parts of the argument.

• Textbook-like natural language argumentation schemes +
theory-based pre-processing (enthymemes) and
pre-training + fine-tuning on natural language dialogue
data, even for low resource tasks!
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P2: Background and Motivation

Natural Language Reasoning in Large Language Models:
Analysis and Evaluation

Reasoning in Natural Language → Natural Language Reasoning
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P2: Task Formulation

Argument:
• Argument: A = {a1, a2, . . . , an}

• Relation: R = {⊢,⊸}, R : A×A

Argument-component selection:

Given an argument A = {a1, a2, . . . , an} missing a component
ai within a context C, find the correct argument-component û
from a given set of candidates U = {u1, u2, . . . , uk}, belonging
to C, such that û corresponds to ai.
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P2: Argumentative Reasoning Tasks (ART)
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P2: Argumentative Reasoning Tasks (ART)
• Serial Reasoning:

1. One-hop Conclusion
2. One-hop Premise
3. Two-hop Conclusion
4. Two-hop Premise
5. One-Intermediate

Conclusion
6. Two-Intermediate

Conclusions

• Linked Reasoning:
1. One Linked Premise
2. Two Linked Premises
3. Linked Reasoning

Conclusion

• Convergent Reasoning:
1. One Convergent

Premise
2. Two Convergent

Premises
3. Convergent Reasoning

Conclusion
4. Alternative Hop

• Divergent Reasoning:
1. One Divergent

Reasoning Conclusion
2. Two Divergent

Reasoning Conclusions
3. Divergent Reasoning

Premise
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P2: Argumentative Reasoning Tasks (ART)
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P2: Argumentative Reasoning Tasks (ART)
112,212 Multiple-choice questions, 16 different reasoning structures,
7 different corpora.

Tasks MTC AAEC CDCP ACSP AbstRCT US2016 QT30

Type Variants

Serial 1H-C 290 4841 1033 5789 2288 3379 6488
1H-P 290 4841 1033 5789 2288 3379 6488
2H-C 57 3279 348 759 327 1009 1118
2H-P 57 3279 348 759 327 1009 1118
Int-C 57 3279 348 759 327 1009 1118
2-Int-C 3 569 89 80 8 249 787

Linked 1L-P 17 - 64 - - 180 511
2L-P 17 - 64 - - 180 511
LR-C 17 - 64 - - 180 511

Convergent 1C-P 96 4735 763 2024 1899 1129 397
2C-P 96 4735 763 2024 1899 1129 397
CR-C 96 4735 763 2024 1899 1129 397
AH 57 3279 348 759 327 1009 1118

Divergent 1DR-C - - 11 184 48 106 386
2DR-C - - 11 184 48 106 386
DR-P - - 11 184 48 106 386
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P2: Results

Dataset Model Size Argument-Component Selection
Serial Linked Convergent Divergent

AAEC

Qwen 2.5 7B 23.78± 13.52 - 10.85± 11.50 -
72B 35.59± 13.49 - 18.95± 19.37 -

Llama 3.1 8B 12.23± 9.87 - 4.15± 3.62 -
70B 38.77± 8.12 - 16.08± 20.25 -

Mistral 7B 29.82± 14.12 - 10.4± 13.46 -

DeepSeek-R1 70B 46.75±16.65 - 33.91±18.23 -

GPT GPT-4o 49.83± 17.37 - 35.78± 21.50 -

MTC

Qwen 2.5 7B 0.2± 0.21 - 1.75± 2.04 -
72B 19.51± 16.29 - 2.6± 3.40

Llama 3.1 8B 0.16± 0.16 - 1.05± 1.50 -
70B 8.53± 11.71 - 5.46± 4.56 -

Mistral 7B 0.16± 0.26 - 0.9± 1.53 -

DeepSeek-R1 70B 45.34±10.45 - 15.87±12.34 -

GPT GPT-4o 49.73± 24.36 - 11.36± 11.54 -

CDCP

Qwen 2.5 7B 29.97± 14.84 35.38± 25.32 17.45± 20.45 0.86± 0.80
72B 50.28± 21.52 51.28± 16.59 24.68± 28.54 1.2± 0.61

Llama 3.1 8B 10.33± 7.95 9.23± 12.21 5.85± 6.66 0.4± 0.4
70B 40.71± 17.94 49.74± 21.88 21.47± 28.40 0.93± 0.53

Mistral 7B 22.97± 12.18 12.82± 14.94 8.85± 12.64 0.26± 0.46

DeepSeek-R1 70B 61.65±9.78 63.43±12.22 41.56±24.23 7.12±3.44

GPT GPT-4o 65.06± 13.41 68.87± 14.93 44.94± 30.31 7.33± 2.52

AbstRCT

Qwen 2.5 7B 11.46± 6.28 - 14.4± 18.73 0.933± 0.90
72B 33.96± 19.27 - 29.40± 33.71 1.46± .070

Llama 3.1 8B 4.7± 3.30 - 8.9± 7.01 0.4± 0.4
70B 19.05±19 - 11.12.86 1.33± 0.80

Mistral 7B 10.0± 5.77 - 6.35± 9.19 0.33± 0.41

DeepSeek-R1 70B 46.34±23.45 - 36.56±25.67 10.45±5.56

GPT GPT-4o 48.61± 28.90 - 34.48± 29.19 11.4± 3.13

Dataset Model Size Argument-Component Selection
Serial Linked Convergent Divergent

ACSP

Qwen 2.5 7B 37.13± 19.03 - 16.05± 15.38 9.13± 6.77
72B 47.31± 23.55 - 25.07± 15.23 12.8± 6.43

Llama 3.1 8B 12.3± 8.25 - 4.5± 4.94 2.4± 2.42
70B 39.64± 13.76 - 12.433± 18.07 8.86± 6.10

Mistral 7B 26.66± 13.47 - 12.4± 14.18 5.86± 5.08

DeepSeek-R1 70B 56.78±10.43 - 51.45±9.56 24.78±5.23

GPT GPT-4o 90.47± 7.34 - 86.38± 3.16 41.45± 14.34

US2016

Qwen 2.5 7B 34.12± 19.53 30.55± 19.37 20.45± 21.46 7.6± 5.4
72B 49.53± 27.61 48.33± 18.86 30.34± 25.69 10.53± 6.26

Llama 3.1 8B 14.41± 6.34 11.66± 8.67 9.9± 12.58 2.86± 2.71
70B 45.51± 25.65 45.18± 21.37 26.39± 26.64 8.06± 5.98

Mistral 7B 37.95± 20.51 20.18± 17.84 12.8± 15.21 4.53± 3.70

DeepSeek-R1 70B 60.34±13.45 47.65±15.34 41.95±13.72 36±14.63

GPT GPT-4o 58.47± 12.94 53.03± 9.32 45.85± 15.12 37.78± 17.21

QT30

Qwen 2.5 7B 31.40±16.96 20.76± 18.63 11.4± 11.10 20± 18.11
72B 42.45± 20.84 45.50± 16.24 20.33± 17.02 29.0± 15.77

Llama 3.1 8B 9.99± 5.15 11.50± 10.26 5.8± 4.48 12.33± 13.52
70B 36.21± 15.94 43.38± 20.84 18.10± 16.59 23.16± 17.40

Mistral 7B 33.98± 17.96 20.76± 18.63 6.2± 8.22 12.4± 11.78

DeepSeek-R1 70B 55.78±20.35 46.56±14.47 40.92±18.43 38.21±11.45

GPT GPT-4o 53.62± 23.80 53.04± 18.66 46.69± 21.44 41.65± 15.34
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P2: Sensitivity Study

Open-Ended Reasoning
with Human Evaluation:

Macro F1-score (GPT-4o): 25.8
→ Instead of generating the new
components, the model
copy-pasted or concatenated
argument components from the
context.

Model Size:

Llama 3.1 GPT

70B 405B gpt-4o o1-preview

9.98 18.73 32.18 41.96

Prompt Template:

Model Prompt-1 Prompt-2

Llama 3.1:70B 16.01 15.40
Mistral 7.25 7.09
Qwen 2.5:72B 16.29 14.61
GPT-4o 34.32 35.78
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P2: Conclusions

• LLMs rely on superficial patterns of language rather
than genuine reasoning.

• LLMs are not capable of understanding argumentative
reasoning structures, in cases where a slightly more
challenging argumentative structure is used, they perform
worse than a random baseline.

• Need to develop challenging tasks to evaluate natural
language reasoning.
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Towards Natural Language
Reasoning LMs



What can we do?

Probabilistic language modelling has many advantages, but we
cannot forget about theory-informed and symbolic
modelling, especially for tasks that involve reasoning (e.g.,
planning, argumentation).
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What can we do?

Language “Reasoning” Models (LRMs) are never evaluated on
their reasoning capabilities but on the correctness of the final
answers. When looking with enough detail into the reasoning
traces we can find surprising stuff.

Looks like reasoning, but is it actually reasoning?
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What can we do?

1. Evaluate directly the reasoning capabilities of LLMs (or
LRMs)
→ New Benchmarks.

2. Embed natural language reasoning as part of the training
process.
→ New Architectures (neurosymbolic?).

3. Post-process the generated output to improve its
soundness.
→ Reasoning assisted generation.
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ArgMining 2025

https://argmining-org.github.io/2025/
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ArgMining 2025
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ArgMining 2025
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Thank you very much!

To keep in touch:

• Bluesky: @raruidol

• LinkedIn: Ramon Ruiz-Dolz & ARG-tech
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