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Introduction
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= = plug-and-play (PnP) fevise response wa utomaté feadback

moduleZ black-box LLMZ 24t - " candidate response:

Jaime Penedo © transferred in from CS.D.
LLM-AUGMENTERZ X|otst

|
i
i
!
| ‘
1
|
\
1
4
1
|
i
i
1
|
i
i
1
4
i
1
|
|
1
i
!
|
1

Municipal, & team with 12 international titles.

Feedback:
. ¥ The player Jaime Penedo is transferred in from
b' 10 Asles finkc) — J | C.5.0. Municipal, but there is no information

' oo R . about the number of international titlhes of this
* (1) LLMO| External Knowledgedj| i rtetprves il
E Istrinary 3984} ’ : 4 ,A 1 ! ..- “ " ’
= O o L =+ 4 - poa Revised candidate response:
E'j-l?_l- SL__I:II-E AOHAC_:.I Ol'E% %I- [y AT LR Juninho & transferred in from S3o Paulo, a team
| we wits oy s Y with 12 international titles.
* (2) Automated Feedback= AFESIHH | e e e
o| ©ock A X | oo e e Tl
LLM—l oHd T o i Pl ooy | T ) | e Al Agent (LLM-Augmenter + LLM)
.__f Y -
‘ﬂ; \]l Juninho is transferred in from S3o0 Paulo, a team with 12 international titles.
(=



Introduction

* LLM-AUGMENTERS| 21}= (1) task-oriented dialog2| (2) open-domain question answering0i|A{

Oo O

* LLM-AUGMENTERE €&9| fluency2t informativenessS S|416HX| 242 M. ChatGPT2| hallucinationg 37|

&2



LLM-AUGMENTER

| . . : I ............................. LLM_hugmenter ...............................
* Fixed LLMZ gH4A|7]7] 2lst : L |
: e Utility
PnP module?| 1A 94 | lutility score & feedback) |
' L i
(1) Workmg Memory . . Policy Working
. ! S action selection ) M
(2) Policy ; dh || {actionseection smen
r N ¥
(3) Action Executor ! Knowledge — ' + - Knowledge Consolidator =+
- | (e, news, wiki, | ! 1! - Prompt Engine
(4) Utlllty I proprietary N 1
| databases) o
. : LLM
! Environment | (e.g.. ChatGPT}) Al Agent
—* data flow --==-=-—% update flow



LLM-AUGMENTER f—
5 o utility E
' utility score & feedback) T
H E by i
(1) Working Memory g ® | policy e
N : - :+* {action selection) T memory
+ Chstol W4l RE HEE Ob ! H—
' xterna . Action Executor
I K:o-:uled;e : : H - Knowledge Consolidator =+
(e.g., news, wiki, | | - Prompt Engine
: proprietary 1
. | databases) P ¥
* q:current user query A 3 um
Environment | (e.g., ChatGPT) Al Agent
* e:!evidence for g, consolidated from external knowledge L [
——* data flow weseew update flow

by Knowledge Consolidator

0: a set of the LLM-generated candidate responses for g

® U:ascore assessing the utility of each element of o

f: a verbalized feedback to guide the LLM to improve its utility

hq: dialog history before g



LLM-AUGMENTER

(2) Policy

........ LLM-Augmenter
; utility L
i ; I {utility score & feedback)
E . ' i Policy Working
i - :+ = {action selection) Memory
* 0| 2=2 best expected reward RO|| L2t CFS A|AHIQ| N . ——
i Externa on Executor
o . nowledee nowledge Consolidator
aCtlon% *JE—I]I%I- : I:E.:..T:lw:ilkl ' 'Fm:'I-'fE“E"“E t
proprietary I _—
o . o i databases)
(1) external knowledgeOi|A qOf| CH$t evidence e 21 = e
Environment | | (e.g., ChatGFT) Al Agent
S a=xX7/ S OCFAHAM el T
(2) LLMS 2 =91 22 SFH dd dats flows e update flow
(3) Utility module2| =t21Z 1ot AL AFEX0H SE ELH|
* otg 7ts¢eh YA nE 6= parameterize®l PLM (e.g., T5)E A
Oflef Eaf= Z|t=I50| 2[5 REINFORCES

=

A2SHH optimized



LLM-AUGMENTER
E b Utility . ¥
! (utility score & feedback)
. : . :
(3) Action Executor i ® policy Working
. : - :+4- {action selection) 1 Memory
* Knowledge Consolidator N 3 o
: K:::ilr::;e : .’ ¥ - Knowledge tons.::llir:latur [ |
* Hallucination2 2ts517| 28l external knowledgeOf| Ci$F &S | “Gomen™ mepf”
. databases) : ;
jlllj_l-OE LLMQ DCDI- |-OD|' E Environment ' ; {e.g.,:::tGPTi ‘ Al Agent
* (Maetal, 2022)0]| 2 knowledge retriever, entity linker, e dofow e pametow

evidence chainer2 L=



LLM-AUGMENTER I
5 o utility L P
! utility score & feedback)
: E [ i t
(3) Action Executor 5 e -~ ortine
. : - :+ =¥ {action selection) Memory
* Prompt Engine b
" - External P Action Executor
! Knowledge : “4* - Knowledge Consolidator |+
. . . . to| e, news, wiki, | ! - PFrompt Engine
* IOEIE=taskinstruction, user query g, dialog history hq, | Empgetar;r - :
' . atabases ; :
(Knowledge ConsolidatorOfiA| AtEE 4= Ql= B2 evidence e, ' iomment || | (0.0u6m | plagem
(Utility moduIeO1IA1 *l‘%_‘sel' = %E 75'—?—) feedback f£ —_rLg'EIJ E_'llﬁE —— data flow e update flow



LLM-AUGMENTER

(4) Utility

Utility Score u2} Corresponding Feedback f £ 443!
Model-based utility function or Rule-based utility function

SAE M BHOILELLM, T4 J[8H 47|18 TE M0 28

External
Knowledge

proprietary
databases)

Environment

— data flow

Utility R
utility score & feedback)

i

Policy

T {action selection)
L [

{e.g., news, wikl,

+
Action Executor

! |
i~ - Knowledge Consolidator [+
L

= Prompt Engine

LLM
{e.g., ChatGPT)

seeemeeeeede ypdate flow

e Waorking

Memory

_________________________________________________________________



Instruction [ want you to act as a chatbot Al for travel planning. You need o

LLM-AUGMENTER answer customer’s questions nicely.

Context User: Hello, I am looking for a moderately priced restaurant on the
north side of town.

Assistant: [ recommend golden wok. It is in the north part of town
with a moderate price range.

User: Yes. I am looking for a moderately priced restanrant in the
north part of town.

Assistant: [ recommend golden wok. It is in the north part of town
with a moderate price range.

User: [ don’t want Golden Wok, 15 there anything else”,

Assistant: Yes, vour other option 15 The Mirala. [t serves Indian food
and 15 also located 1n the north part of town.

User: Is their beer a good value for the money?

ChatGPT Response  am sorry, I do not have information on the beer prices at The Nirala.
It is best to contact the restaurant directly for more information.

Working Memory Review: They also have a modest drnnks menu with some afford-
able prices, but I was more interested in the beaotiful view from my
window seat, which allowed me to watch the sun setting as [ dined.
Q: Is aleohol served at this restavrant” A Yes, aleohol is served at
this restaurant.

Review: I found them to be overpriced and mediocre.

Review: The drinks ae priced well.

Review: Something that [ disliked, however was the prices Tor their
drinks.

LLM-AUGMENTER Response | I am sorry, I do not have information on the value of their beer. Tonly
have information on the location and price range of the restaurant.

Rule-based Feedback The response 15 mconsistent with the knowledge. Please generate
again?

LLM-AUGMENTER Response | Some reviews mention that the drnnks at the restaurant are priced
well, while others mention that they found the prices to be overpriced
and mediocre.

Human Response Unfortunately the reviews are split, half say they are overpriced and
have say they are alfordable.




Information Seeking Dialog

* News Chat
Model K.C. Feedback KF1 T BLEU 1 ROUGE 1 chrF 1 METEOR | BERTScore { BARTScore 1 BLEURT 1 Avg. length
CHATGPT - - 26.71 1.01 16.78  23.80 7.34 82.14 0.25 26.98 58.94
LLM-AUGMENTER BM25 X 349 671 2225 27.02 9.35 83.46 0.34 26.89 46.74
LLM-AUGMENTER BM25 v Jod4l 7.63 2280 28.66 10.17 83.33 0.35 27.711 54.24
LLM-AUGMENTER gold X 5744 1924 3889 40.02 17.21 86.65 .82 40.55 44.35
LLM-AUGMENTER gold v 60.76 2149 4056 42.14 18.50 86.89 (.93 42.15 47.19

* Customer Service
Model K.C. Feedback KF1 | BLEU 1 ROUGE 1 chrF 1 METEDR | BERTScore { BARTScore T BLEURT 1 Avg. length
CHATGPT - - 3133 470 2402 27.14 12.83 87.88 1.53 47.99 28.81
LLM-AUGMENTER BM25 X 3407 478 2452 2895 13.61 87.96 1.78 47.21 32.65
LLM-AUGMENTER BM25 v 3741 386 2420 30.90 14.74 87.58 2.09 44.71 45.07
LLM-AUGMENTER gold X 45.63 6.54 2977 3332 16.93 89.35 2.59 54.38 33.04
LLM-AUGMENTER gold v 52.83 563 29.65 3568 18.66 89.01 3.14 52.49 45.09




Wiki QA

« OTT-QA

Model Wiki QA
Knowledge Consolidator Feedback PT RT F1 7
CHATGPT - - 0.48 1.52 0.59
LLM-AUGMENTER DPR X 208 431 2.38
LLM-AUGMENTER CORE X 7.06 14.77 8.08
LLM-AUGMENTER CORE v 8.93 33.87 11.80
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INTRODUCTION
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INTRODUCTION
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CONTINUAL KNOWLEDGE LEARNING (CKL)
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CONTINUAL KNOWLEDGE LEARNING (CKL)

Random LMs Pretrained LMs Continually Pretrained LMs

B85 B8O [@ 8

' LM Pretraining fmnt[m.led}
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INVARIANTLAMA
* Measuring Retention of Time-invariant World Knowledge
* Time-invariant knowledgeE 7% 2&E20F 14 E

iPod Touch is produced by [MASK] = Apple



CONTINUAL KNOWLEDGE LEARNING (CKL)

Random LMs Pretrained LMs Continually Pretrained LMs

B84 682 BB

' LM Pretraining fcnnﬁnuedj
UPDATEDLAMA

INVARIANTLAMA @h@i @ CKL Benchmark ]
* Measuring Update of Outdated World Knowledge

* Outdated world knowledge : DOZt D1 AFO[0f|A] S=6t= HE

[MASK] is the prime minister of England. = (Theresa May — Boris Johnson)




CONTINUAL KNOWLEDGE LEARNING (CKL)

Random LMs Pretrained LMs Cnntinually Pretrained LMs

LM Pretraining fcnnﬂnuedj

[@MA @h@b @ CKL Benchmark ]
NEWLAMA

® Measuring Acquisition of New World Knowledge

* NEWLAMA : 2} QI AE1AO] CHSHEHO| DOOYlS QLT D107 Exf3He HOE BH0IE
[MASK] owns the rights to the Falcon and the Winter Soldier. > Disney

®* NEWLAMA-EASY : 2} QIAEIAD} J|FE 2SI F6HK| = A4S

Allen Lazard is officially listed as questionable with a nuclear injury after missing the last [MASK] games. = six




CONTINUAL KNOWLEDGE LEARNING (CKL)

* COMBINED METRIC FOR CKL

* FUAR (FORGOTTEN / (UPDATED + ACQUIRED) RATIO)
* otLte] MiE2Lt HEIO|EE knowledge QIATAE t5517| 2ol JTHH 22 HOLE B2 time-invariant

—— -

knowledge 2IAHA S SIGHF=X|E LIEHH

[ n—1
-E.:. max{ﬂ.Gap(i‘}r,ﬂ{-.D,,})]l{;:r?iﬂ_d_}

~ Foonll oA n_1
FUAR(T" ., T, ., T") = « _Eﬂ{maxm.Gap{?}’.ﬂ,a.ﬂfj}n (7F #n.a.} +max(0, Gap(TA, Dy, D)) Lygr ., “r}}
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if denominator = 0,
| no gain, otherwise.




EXPERIMENTAL RESULTS

Method # of Params IL UL NL NLE FUAR
(Trainable / Tota) EM EM EM EM ((IL),UL,NL) |

T5-Initial OM /737TM 2417 1.62 1.88 10.32 -

T5-Vanilla T3TM /73 TM 12.89 10.17 3.77 17.75 1.08
T5-RecAdam T3TM /73TM 13.20 12.55 4.02 17.85 0.84
T5-MixReview T3IM /73 TM 13.92 6.49 289 14.86 1.74
T5-LoRA 403M / 738M 16.58 12.77 4.52 19.56 0.55
T5-Kadapters (k=2) 427M/762M 19.59 12.34 5.03 18.75 0.33
T5-Kadapters (k=3) 440M /775M 19.76 12.66 4.02 19.00 0.33
T5-Modular 438M / 7T73M 20.29 12.66 4.65 19.24 0.28




Conclusions
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Plug-and-Play Knowledge Injection
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Plug-and-Play Knowledge Injection

* Paradigm Description
* Extra knowledge base BE £&6t11 Downstream model DQ| I}2t0|E{E frozendtq Hs= ISk 0 &t

* knowledge plugin M= Z&3s[j0f &t



Plug-and-Play Knowledge Injection

* Two Injection Settings

* General plug-and-play knowledge injection : M is obtained based on only P and B, and then it is
directly plugged into all downstream models, D1, D2, .. ., without any additional training
* Task-specific plug-and-play knowledge injection : It is allowed to train M1,M2, ... for D1, D2, ...

respectively while keeping D1, D2, .. . frozen



Plug-and-Play Knowledge Injection

* Potentiality of Using Existing Methods

General plug-and-play knowledge injection0f| AFE& &~ /= injection WHE= EAe!

(1) Embedding-based methods: E-BERT 5! PELT= E2 ¥H|E 2| representation spaced]| entity IH|Y
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Map-Tuning

* Overall Framework
* Knowledge representation2 EZ YUH|Y 520 OjESI D OjEHE HFoZ2 F0F YHO E AFESIH knowledgeE

injection?}



(b) [E'lxm'||}____[_\|l_11 J General Map-tuning

- i PLMS Lirwsas
Map Tunlng Aubditional Tupat .E Aclelitioaual Tngnat
[ i | ':'nl.-":!'ih' b pesanat buiter . [SEF] ]
* General Map-tuning 4 peant-butter WM
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Map-Tuning

* Task-specific Map-tuning

* 30Xl downstream 22 DOj| CHoH OHE HIERIA M2 2Ho= A2 SH=E
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Experiments

* (General Plug-and-Play Injection

Method Injection - 5 FewRel 1O - 105 Wikig0 Wiki-ET EntityQuestions
- 91.0 95.1 R5.4 90.8 86.1 715 417
E-BERT 91.0(+00) 950(—0.1) 86S5(+1.1)  905(—03) | B5.4(—0T) | 77.0(—05) | 429 (+1.2)
Finetunine  PELT 90.5(—0.5) 948(—03) 853(—0.1) 898(—10) | BS0(—L1) | T6.8(—07) | 468 (+5.1)
£ Ra 91.5(+0.5) 955(+04) 858(404) 9LT(4+09) | B5.9(—0.2) | 76.7(—08) | 69.5(+278)
K-Adapter | 886(—24) 945(—06) 823(—3.1) 89.9(—09) | 86.0(—0.1) | 77.8(+03) | 392(-25)
Map-tuning | 92.6 (+1.6) 956 (+0.5) 88.1(+27) 91.2(+04) | 86.T(+0.6) | T6.6(—09) | 49.0(+7.3)
- 90.7 95.1 B4.9 912 853 715 424
E-BERT 90.7(+0.0) 952 (+40.1)  854(405) 904(=08) | B3IT(=1.6) | T7.6(+0.1) | 440(+16)
LoRA PELT 89.9(—0.8) 948(—03) 846(—03) BI8(—14) | 831(=22) | T7.5(+0.0) | 477 (+5.3)
RA 913 (+0.6) 958 (+0.T)  850(+0.1) 925(+13) | BIB(=15) | T6R(—07) | 47.7(+5.3)
K-Adapter | 90.0(—07) 948(-03) 834(—15 89.1(=21) | 85.0(=03) | 77.3(-02) | 41.1(~13)
Map-ning | 923 (+1.6) 960 (+0.9) 8§7.4(+25) 91.9(+07) | 858(+0.5) | TEI(4+0.8) | 49.6(+7.2)
= 91.2 95.2 86.2 91.1 85.7 715 436
E-BERT 913 (+0.1) 954 (+02)  869(+07) 9L6(405) | 844(—13) | TRA(+09) | 451 (+15)
Adapter PELT 91.0(—02) 954 (+02) 863 (+0.01)  913(402) | B43(—14) | T7.9(+04) | 484 (+48)
: RA 917 (+0.5)  955(+03) 85S8(—04) 923(4+12) | 85.0(—07) | T68(—0.7) | 429 (-0.7)
K-Adapter | 899(—13) 947(—035) 836(—26) 900(—L1) | 859(402) | 77.7(+02) | 415(=2.1)
Map-tuning | 92.6(+1.4) 95.8(+0.6) 882(+20) 918(+07) | 85.9(+0.2) | T92(+17) | 50.8(+7.2)
= 89.2 94.8 83.0 90.0 827 771 413
E-BERT B87(—05) 945(-03) 835(405) 89.6(—04) | B13I(=14) | T7.2(+0.0) | 423 (+1.0)
BitEi PELT B82(—10) 943(-035) 809(-2.1) 883(=L17) | 803(=24) | T7.6(+0.5) | 467 (+54)
RA 89.5(+03) 952(+04) 827(-03) O9LI(+LD) | 81.8(—09) | T40(=31) | 339(-74)
K-Adapter | 864(—28) 937(—1.1) 78B8(—42) §75(-25) | 81.5(=12) | 77.2(+0.1) | 407 (-08)
Map-tuning | 90.4(+1.2) 955(4+0.7) 852(4+22) 908(+08) | 83.T(+L0) | TRO(40.9) | 484 (+7.1)




Experiments

* Task-specific Plug-and-Play Injection

Method | Wiki80 | Wiki-ET | EntityQuestions
Fine-tuning g6l T1.5 41.7

+ General Map-luning BT 76.6 49.0

+ Task-specific Map-tuning

Train from Scratch 87.2 TH.E 51.7

Train from the General Map 578 T8.9 58.9




Conclusion

==0f| A= flexible and efficient knowledge injection2| A{Z2 paradigm= X|Qtat
x| 7

|Z= "itHS ™IS plug-and-play injectiond HefsHX| 22 A8
0

4 2 TH

Ct= O paradigmOi| Ci2F map-tuning= X251 downstream 220 knowledge2 MO =

injectiondt] aFatA|Z
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