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1. Background & Constraints 

01 General-purpose LLMs face three constraints in veterinary use

 

Vet - specific 
hallucinations

01

Local knowledge retrieval

RAG evidence grounding

Answers appear unreliable 

from website while lacking

evidence from authoritative

veterinary sources.

Knowledge access 
bottleneck

02

Various Fine Tuning Training

Parametric memory is hard 

to bind to the target textbook 

corpus and local knowledge 

base.

Insufficient veterinary 
reasoning

03

Agent Trace logging

Without retrieved evidence, 

tool logs and Trace records, 

answer provenance is 

difficult to audit.

Solve Plan Solve Plan Solve Plan



1. Background & Constraints 

01 General-purpose LLMs face three constraints in veterinary use

 Q: How can I treat bloating in cows? Answer in English.



02 Technology Opportunities

AI识别
Typical Images of Mycoplasma 

pneumonia

Retrival 

◆ Livestock health management depends on specialized 

veterinary knowledge that is highly structured and difficult to 

operationalize at scale.

◆ Authoritative textbooks contain rich evidence, but they must be 

digitized, chunked, indexed and retrieved before they can 

support model reasoning.

◆  Specific LLMs starts from veterinary textbooks ,research paper 

and guideline as its external knowledge foundation.

1. Background & Constraints 



Purpose

Significance

1. Ground LivestockMind’s 

answers in authoritative 

veterinary knowledge.

2. Objective & Significance

2. Adapt the base model to 

veterinary QA and stepwise 

reasoning.

3. Align outputs with Human 

Perference - veterinary ethics 

and safety.

1. Improve reliability, evidence 

completeness, and answer traceability.

3.  Make responses safer, more 

responsible, and professionally 

appropriate.

2. Strengthen domain-specific 

understanding and logical reasoning 

ability.



3. Research Methodology 

 

Data Collection Digitization RAG Evidence

LoRA modelBase model

Final Model:

LivestockMindDPO modelCoT model

Indexing

Results Verification

Ground Output



3.1 Model Development Processing

Ideas 

Description

❖ 60+ Elsevier textbooks converted into a local knowledge base.

❖ 30,000 veterinary QA pairs used for LoRA fine-tuning.

❖ 30,000 CoT samples used to train reasoning ability. 

❖ 2,000 preference samples used for safety and ethics.

Four optimization dimensions define the system objective

AI-based segmentationofexvivodigital imaging‘ofswinelungs

Low-Rank Adaptation + Thinking02

Retrieval-Augmented Generation01

Logical Enhancement03

Human Performance Alignment04



3.2 Data Collection & Cleansing

Elsevier textbooks

60+ OCR KB
DeepSeek-OCR Local knowledge      

base

 Digitizes textbook materials 

into massive machine-

readable text.

 60+ textbook covers all 

disciplines of veterinary 

medicine, including anatomy and 

physiology, pharmacology, internal 

medicine, surgery, obstetrics, infectious 

diseases, pathology, and parasitology.

 Provides external evidence 

for retrieval-enhanced 

generation.

• For livestock health management, the key requirement is not generic language fluency but access to trustworthy veterinary 

knowledge.

• This stage converts authoritative textbook content into the knowledge foundation that LivestockMind can later retrieve and 

use.



3.3 LivestockMind RAG

• Our self-developed RAG system enables LivestockMind to answer livestock-health 

questions with more complete, reliable, and context-aware veterinary evidence.



3.4 LivestockMind Fine Tuning Training

LoRA and CoT for livestock-health

reasoning

30,000
CoT samples

• Supports stepwise 

reasoning in livestock 

veterinary questions.

•Helps organize causes, 

conditions and 

recommendations.

DPO for professional safety

2,000
Preference samples

• Aligns responses with 

veterinary ethics and 

safety.

• Supports responsible 

output in high-stakes 

health contexts.

• Trains LivestockMind to reason step by step through complex livestock veterinary questions.

• Aligns LivestockMind’s responses with veterinary ethics, safety, and professional standards.



3.5 LivestockMind With Agent

Question

• Structured tool use: Standardizes RAG 
retrieval and MySQL queries through a 
unified Tool Registry.

• Transparent reasoning path: Records tool 
calls, retrieved evidence, and intermediate 
reasoning through Trace logs.

• Auditable answer generation: Makes 
LivestockMind’s livestock-health responses 
easier to review, verify, and improve.



Retrieval 

Method
Embedding Model Top-K Accuracy

No-RAG multilingual-e5-small 0 88.76%

BM25 all-MiniLM-L6-v2 5 91.28%

BM25 multilingual-e5-small 5 90.94%

BM25 all-MiniLM-L6-v2 10 90.77%

Dense multilingual-e5-small 3 91.11%

Dense all-MiniLM-L6-v2 5 90.94%

Dense multilingual-e5-small 1 90.44%

Our all-MiniLM-L6-v2 5 92.28%

RAG ablation: MCQ accuracy

80,00%

82,00%

84,00%

86,00%

88,00%

90,00%

92,00%

94,00%

Without RAG With RAG

▪ RAG improves LivestockMind’s reliability by grounding its answers in authoritative veterinary evidence.

4. Research Results 



4. Research Results 

Checkpo

int Step

Validation 

Loss

Validation 

Entropy

Validation 

Token 

Accuracy

6 1.8747 1.4557 0.6035

18 1.0474 1.0257 0.7119

30 0.9906 0.9881 0.7211

48 0.9541 0.9211 0.7275

72 0.9312 0.8617 0.7326

132 0.9270 0.7609 0.7379

158 0.9230 0.7322 0.7382

Deepse

ek-v3.2
- 1.3322 0.7123

LivestockMind fine-tuning dynamics

0,0

0,5

1,0

1,5

2,0

Before After

Validation loss Token accuracy

Loss: 1.8747→0.9255     Token accuracy: 0.6035→0.7380

• Fine-tuning improves LivestockMind’s livestock veterinary QA capability by adapting the base 

model to domain-specific knowledge and reasoning patterns.



5. Research Summary: Our LivestockMind Demo 

Veterinary Knowledge: Explain the 

mechanisms, palpation differences, and 

gastric tube response of both conditions.

Veterinary Reasoning: The answer 

follows the order of diagnosis: 

differentiation → severity (mild, 

moderate, severe) → corresponding 

treatment → chronic condition → 

prevention and management.

Veterinary Safety: The answer 

repeatedly emphasizes that severe bloat 

is an emergency.

Veterinary Trackable: Authoritative 

textbooks that can be traced.

LivestockMind



5. Research Summary 

Veterinary knowledge

60+ Elsevier research textbooks anchor LivestockMind

in livestock health expertise.

Grounded generation

RAG supplies evidence for high-precision 

livestock veterinary answers.

Trained reasoning

LoRA and CoT adapt the model to veterinary QA 

and stepwise reasoning.

Responsible workflow

DPO, Agent Trace and n8n support safer, 

auditable system use.

• LivestockMind is a high-precision livestock-health LLM system that integrates a self-developed RAG 

pipeline, LoRA/CoT/DPO optimization, and traceable Agent workflows to deliver reliable, evidence-

grounded veterinary QA.



Thank You!
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