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ABSTRACT KEYWORDS
Large Language Models (LLMs) like ChatGPT and GPT-4 are versa- Large Language Models, Domain Adaptation, Bayesian Optimiza-

tile and capable of addressing a diverse range of tasks. However, tion
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Mbl KOMaHOa

 bonbwasa LLM «obLwero HazHavYyeHus»,

- YepHbIn AWKK

- He y4yunm

- OTBeYaeT 3a «MbllieHne» B LeJioM
 «ManeHbKaa» cneuynanninmposaHHasa LLM

- MeHee 3b napameTpoB
- Y4ynm no cneumanbHOMY NMPOTOKONY
- OTBeYaeT 3a 3HaHuA goMeHHon obnacTn



B 4eM Cla

ManeHbkad LLM — mManeHbKa4d, yoobHO y4nThb
OToensaem 3anoMmMHaHMe (PakToB OT reHepaLmnm

B oTnnydme ot Tynonm 6am3ocTtn no ambenganHram B RAG
y Hac ocTpbin token-level cross attention

bbiCcTpo
IlewieBo
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 Domain-specific Pre-training

- BHOCMM gOMEHHble 3HaHUA B MasieHbKyilo LLM
« Knowledge Instruction Tuning

- Y4nT ManeHbkyto LLM cnepoBaTb MHCTPYKLUMAM
« Bayesian Prompted Optimization

- Y4uT mManeHbkyto LLM rosopuTb, 4TObObLI O0bLUasA NOHMMaNa



Domain-specific Pre-training

* [1pOCTO y4MM MasieHbKYIO MOA4eNlb FeHePNpoBaTb
TEeKCTbl MpeaMeTHon obnacTun, KoTopble el NoKasanu

cally, given domain-specific unsupervised text T = {t1,t2, ....., tp}
, we optimize the model by maximizing the following training
objective:

G(T) = Z log P(t; | ti—g---,ti-1:©),

where © is the parameter of the model. P is the conditional proba-
bility of generating the current token based on the previous tokens.



Knowledge Instruction Tuning

* Prompt-based Knowledge Generation

« Consistency Filtering
* Instruction Tuning

Prompt-based Knowledge Generation

Please generate knowledge related to the [ I
following questions. The knowledge should

be able to help identify the correct answer.
Question: {Question}

Correct answer: {Answer} l

Knowledge: o
K4

NA

generated knowledge

Black-Box LLM

Consistency Filtering

. ' ¢ Please answer the question based on the

knowledge provided. Provide the answer

Black-Box LLM directly without offering an explanation.
Question: {Question}
@ l l ® Knowledge: {Generated Knowledge}
Answer:
corpus delete



Bayesian Prompted Optimization

Small Domain-Specific Model & :>

Soft embeddings N

Knowledge prompt #&+ | | Query +&+
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Figure 3: Illustration of the Bayesian Prompted Optimization where only soft embeddings are trainable. F(p) is the objective
score corresponding to soft embedding p. In each iteration, the derivative-free optimizer explores new soft embedding based
on previous evaluation scores. The knowledge prompt is consistent with the instruction used in the Prompt-based Knowledge

Generation stage.
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BPO nonoapobHee

 ONTMMU3Npyem U3 KoHUa B KoHeLl, obe moaenu

* bonblwaa — 4YepHbIN AWNK, rPaaNeHTbl He XOOAT
* P-tuning c nomowbio derivative-free optimization
 TpyaoHo! Ho BHyTpeHHAd pa3MepHOCTb LLM mana
* [MocTponm cnyvyanHyto npoekuunto d « D

o CoxpaHsaeT anctaHumnto (~) Tak 4To «bsIN30CTb»
KOHCUCTEHTHa MeXay NMpoCTpaHCTBaMM


https://www.cs.cornell.edu/home/kleinber/stoc97-nn.pdf

input : input domain &, dataset D, GP prior M, = GP(uy, kﬂ)

for

end

BPO nonogpobHee

Pn+l € arg Hé%{g Er(p)~GP(no?) [max {O’F(P) — max F (P;)H ;
p

ie[n]

KapTuUHKW U3 apyrov ctatbi!

ﬁC(lUlSl[lDl‘l function o, noise &

pi=Ll 28 e O

X; argmmxek-a(le,-_

yi < f(x) + 2
M; = M, |(x;,y:);

1)

// optimize a
// do observation
// update model

nx)

CypporaTtHasa mogens F (p) ~ GP(u, o
dyHKUMSA BbIOOpPKK - Expected Improvement (El)

10.0

)

Gaussian process regrassion on a noisy dataset

----- fAx) = xsinix)
—— Mean prediction
95% confidence interval

1 & Observations




BRI

« Max-likelihood
* «NHepumna»

Generation 1 Generation 2 Generation 3

* [Moxo)xe Ha Adam

° H O 6e 3 r p a |u| VI e H Ta Generation 4 Generation 5 Generation 6

https://en.wikipedia.org/wiki/CMA-ES


https://en.wikipedia.org/wiki/CMA-ES

CMA-ES

set A // number of samples per iteration, at least two, generally > 4
initialize m, o, C =1, p, =0, p. =0 // initialize state variables
while not terminate do // iterate

for ¢ in {1...)\} do // sample A new solutions and evaluate them

x; = sample multivariate normal(mean = m, covariance matrix ::oz(j)
fi = fitness(x;)
T1..x < Ts(1)...s(n) With s(i) = argsort(fi..x,4) // sort solutions
m =m // we need later m —m’ and G55 —m/
m « update m(zy,...,x)) // move mean to better solutions
Do update_ps(pa,o'_l(?_lfz(m—m')) // update isotropic evolution path
De « update_pc(pc,a_l(nl——?nf),”pJH) // update anisotropic evolution path
C' - update C(C,p.,(xy —m')/o,...,(xx —m')/c) // update covariance matrix
o « update sigma(o, ||[ps||) // update step-size using isotropic path length
return m or x;



[loMmeHHaqa obacTb

JEC-QA KUTaANCKUW, 3aKOHOAATENbCTBO, MHOX. BbIOOP

CaseHOLD — 3akoHOAaTenbCTBO, aHa M3 NpeueneHToB, MHOX. BbIbop

Knowledge-Driven Questions
Case-Analysis Questions

MLEC-QA Kutanckmim, megmumHa, MHOXX. BbIOop

Clinic

Stomatology

Public Health

Traditional Chinese Medicine

Traditional Chinese Medicine Combined with Western Medicine



bey3nanHbl

e General LLMs

-  ChatGLM-6B, ChatGLM2-6B, Baichuan-7B/13B-Chat, Baichuan2-7B-
Chat/13B-Chat, Qwen-7B-Chat, Chat-GPT

* Legal-specific LLMs

- LaywerLLaMA (13B), LexiLaw 1 (6B), ChatLaw-13B/33B
 Medical-specific LLMs

- Taiyi (7B), Zhongjing (13B)
* Retrieval-augmented LLMs

- BGE-base, M3E-base, GTE-base, piccolo-base



K10y Hae MeallebKead MOJle b

* https://huggingface.co/bigscience/bloomz-1b7

We recommend using the model to perform tasks expressed in natural language. For example, given
the prompt "Translate to English: Je t'aime.”, the model will most likely answer "/ love you.". S5ome

prompt ideas from our paper:
—MEERF R, — ARG, XANNE—SEE, MEFA— N EHFRIALIR
%, AEEAER. MARRGENIIHRERD. PILEEHT?
Suggest at least five related search terms to "Mang neural nhan tao".

Write a fairy tale about a troll saving a princess from a dangerous dragon. The fairy taleis a
masterpiece that has achieved praise worldwide and its moral is "Heroes Come in All Shapes

and Sizes". Story (in Spanish):

Explain in a sentence in Telugu what is backpropagation in neural networks.


https://huggingface.co/bigscience/bloomz-1b7

0 oL N0 sakoHone el L e

Legal-specific LLMs Tak cebe, n naxe xy»xe nocsie gpanHTIOHNHIa
BLADE ynydwaeT nobyo Mmoaens.
Accuracy (!)

Model ¢ Parameters KD-questions CA-questions All

Original +BLADE Original +BLADE Original +BLADE
Legal Specific LLMs
LaywerLLaMA 13B 276 12.94**(32 6%) 6.05 8.66**(43.1%) 7.45 10.26“(3? 7%)
LexiLaw 6B 15.50 19.63 *(26 6%) 14.35 18.0?“(25.9%} 14.78 18.66 *(26 5%)
ChatLaw-13B 13B 10.32 17.32**(67.8%) 5.03 8.08"*(60.6%) 7.01 11.55"*(64.8%)
ChatLaw-33B 33B 15.66 21.80%%(39.2%) 17.01 20.46™(20.3%) 16.50 20.96™*(27.0%)
General LLMs
ChatGLM-6B 6B 17.08 21.]9**(24.]%} 16.64 18.62“(]1.9%} 16.81 19.58“(16.5%}
ChatGLM2-6B 6B 27.39 30.81%%(12.5%) 24.09 26.34"(9.3%) 25.32 28.01""(10.6%)
Qwen-7B-Chat 7B 23.78 31.26""(21.2%) 24.52 25.07%(2.2%) 24.99 27.39™(9.6%)
Baichuan-7B 7B 15.31 21.80“(41.4%} 17.80 21.58“(21 2%) 16.86 21.66“(28.4%}
Baichuan-13B-Chat 13B 17.87 23.06™(14.1%) 19.19 21.71™(13.1%) 18.69 21.21"*(13.4%)
Baichuan2-7B-Chat 7B 19.23 24.27%(26.2%) 19.53 21.73"(11.3%) 19.41 22.68""(16.8%)
Baichuan2-13B-Chat 13B 25.78 28.29%%(9.73%) 21.80 24.22™(11.1%) 23.29 25.75"*(10.5%)
ChatGPT - 20.53 28.45™*(38.6%) 18.70 23.67"(26.6%) 19.38 25.46""(31.3%)




TaM elle MHOTO Takux Tabsimdek

Model Cli CWM FH Sto TCM
Original +BLADE | Original +BLADE | Original +BLADE | Original +BLADE | Original +BLADE
Medical Specific LLMs
Zhnngjing_base 15.58 35.74** 19.03 37.52%* 16.55 36.98%" 14.48 34.86"" 17.41 36.65""
Zhnngjing_sﬂ 16.00 47.92** 18.50 49,64** 15.85 50.24** 15.76 46.12** 18.88 47.82**
Taiyi 43.42 49 72** 32.71 42.99** 35.11 45.63%* 31.53 41.77** 3283 43.65%*
General LLMs
ChatGLM-6B 30.04 53.42** 30.684 55.06™" 30.47 55.66*" 27.56 52.24** 32.96 53.64*"
ChatGLM2-6B 48.80 60.20%* 4482 57.23** 44 .39 59.75** 41.77 57.61** 46.12 55.72**
QWEH—?B—Chat 56.27 59.78* 32.59 58.20%* 32.04 62.26%* 49.33 57.39** 51.53 56.62**
Baichuan-7B 27.80 54.86™" 25.19 56.03" 26.75 58.54** 22.34 50.34* 24.66 52.59*
Baichuan-13B-Chat 42.17 58.98** 45.27 56.59** 42.01 61.54%" 38.52 56.42** 41.97 55.66""
Baichuan2-7B-Chat 51.10 59.99** 21.14 58.69** 50.00 62.45%* 45.29 57.61** 51.79 56.82%*
Baichuan?-13B-Chat | 58.98 61.62" 54.39 58.79"* 57.92 63.80"" 50.39 57.84** 54.87 57.34"
ChatGPT 47.56 58.92** 38.69 57.91** 47.73 63.37*" 43.32 57.58™ 36.49 56.40™




HekoTopble 3abaBHbIE

Table 5: Impact of the number of retrieved documents on
JEC-QA. The retrieved corpus is legal_all. Best results are

marked bold.

Model doc_num KD-questions CA-questions  All

- 0 27.39 24.09 22.33
M3E_base 1 30.56 2488 27.02
M3E_base 3 30.71 24.67 26.93
M3E_base ) 30.36 25.29 27.19
M3E_base 7 29.75 24.28 26.33
M3E_base 9 29.63 24.40 26.36

BLADE - 30.81 26.34 28.01




RAG He BbIBO3UT

Query

Retrieved
documents

BLADE

Zhang has a watch. One day, his friend Li offers to buy it for 30,000 yuan, and Zhang immediately
agrees. They sign a contract, with Li agreeing to pay in three installments over two months. After two
months, Li has only paid 10,000 yuan. Zhang sues Li for breach of contract. During the trial, Li’s
parents claim that he has intermittent mental illness and was experiencing an episode when signing the
contract, thus unable to be responsible for his actions. They apply to the court to declare Li as a person
with limited capacity for civil conduct. How should the court handle this?.....

Article 367 of the Criminal Procedure Rules of the People‘s Procuratorate states that if a criminal suspect
is suspected of having mental illness during the review for prosecution, the People’s Procuratorate should
conduct an assessment according to relevant rules. If the suspect’s defender or relatives apply for an

assessment due to suspected mental illness, the People’s Procuratorate can also conduct an assessment
according to the rules, with the costs borne by the applicant

According to the Civil Procedure Law, the determination of whether a party has full civil conduct capacity
requires methods like forensic assessment. If a party 1s declared as having limited capacity for civil
conduct during litigation, the contract they signed may be deemed invalid. Before ruling on the contract's
validity, it is necessary to determine Li's civil conduct capacity status through a special procedure. The
court should suspend the original lawsuit and allow Li's parents to initiate a separate procedure to confirm
Li's status as a person with limited civil conduct capacity. Based on the forensic assessment, the court will
determine Li's status and make a corresponding judgment

Figure 4: Comparison of retrieved knowledge with that generated by BLADE.



BE- = (QIOEFO CHiecFe

Table 6: Ablation study on JEC-QA under zero-shot setting.
The general LLM is ChatGLM2-6B. Best results are marked

bold.
Small Model KD-questions(%) CA-questions(%) All(%)
- 27.39 24.09 25.33
BLOOMZ_1b7 26.38 22.40 23.89
+DP 26.87 23.63 24.85
+DP & KIT 28.45 24.89 26.23
+ DP & KIT & BPO 30.81 26.34 28.01

Table 7: Impact of sizes on JEC-QA. The general LLM is
ChatGLM2-6B. Best results are marked bold.

Small Model KD-questions(%) CA-questions(%) All(%)
- 27.39 24.09 2533
BLOOMYZ 560m 29.05 24.92 26.47
BLOOMZ 1b1 29.80 25.52 2713
BLOOMZ 1b7 30.81 26.34 28.01




* [lopa y4UTb KUTANCKNN

5 CONCLUSION

This paper proposes BLADE, a new framework for applying gen-
eral large language models to new domains. At its core, BLADE
employs small language models to assimilate and continually up-
date domain-specific knowledge. The framework solves problems
by realizing collaboration between general large language models
and a small domain-specific model. It comprises three main stages:
Domain-specific Pre-training, Knowledge Instruction Tuning, and
Bayesian Prompted Optimization. Domain-specific Pre-training in-
jects domain-specific knowledge into the small model. Knowledge
Instruction Tuning activates the instruction-following capacity of
the small model. Bayesian Prompted Optimization facilitates better
alignment of the small model with the large model. Through ex-
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