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1) Reasoning generation (”Q: <qgi>. A: Let’s think step by step. <" ri>
Therefore, the answer is < ai>”.)

2) Curation

3) Fine—tune



Step 2. Curation

Dataset Step 1. Reasoning Generation
Original Sample Prompt {Zero-shot-CoT) Reasoning Sample (Curated)
Question (1: A pet store had 56 puppies. In one day Prompt
. they sold 24 of them and put the rest into -
A pet store had 56 puppies. In one o cages with 4 in each cage. How many . A pet store had 56 puppies. In one r_ia_y,.r
day tlhey sold 24 F}f ﬂ'u_am and put the |/ cages did they use? "ol they snllj 24 i:_:f them and put the rest into
rest into cages with 4 in each cage. T cages with 4 in each cage. How many
How many cages did they use? ’ ke o cages did they use? 223
Answer J} Completion
8 The store started with 56 puppies. 24 of
them were sold, so that means that thera
Large 1758 Teacher Model are now 32 puppies left. Since there are
,,?” 4 puppies in each cage, that means that
{} ] the store now has 8 cages.
——> {8 END

Completion (Generated)

The store started with 56 puppies. 24 of
them were sold. so that means that there _
Diverse Reasoning are now 32 puppies left. Since there ared 1
puppies in each cage, that means that the
store now has 8 cages. Small Student Model
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Step 3. Fine-tuning

o T




Single Add  Mult Date Shuifled Last Coin Common Strategy

Mg denalc Ry S Agth oo chimk GVANIED S el Objeols Gieler i Sensclih QA
Random 000  0.00  0.00 0.00  20.00 (.00 17.12 33.33 0.00 50,00 20,00 50.00
Teacher: InstructGPT (text-davinei-002)

Zero-shot-CoT 175B 8224 TE99 TR0 40.26  34.25 .67 T3.87 50022 5600  92.67 6l.75 53.57
Student: GPT-3 (ada, babbage, curie)

Fero-shot 6.7B 066 (084 333 1.74  16.54 2.67 0.0g] 32.89 000 56067 20.23 52.98
Zero-shot-CoT 6.7B 1.32 252 5.0 235 21.26 1.33 15.32 311 000 46.67 19,98 51009
Few-shot-CoT 6,78 2237 3193 10.00 250 1575 11.33 12.84 - 0.67 40,00 24.73 54.68
Fine-tune 6.7B 2434 2521 15.00 6.4 1535 20.67 14.41 3378 3267 7200 76.17 0521
Fine-tune-CoT (1.3B 724 672 6.ll 311 23.62 5.00 13472 49.33 5067 9933 3268 52.55

1.3B 1118 1176 13.33 470  19.69 5.00 38.74 5244 5067 100,00 43.08 52.69
6.7B 2039 2101 3333 6.75  24.02 12.67 G036 644 5267 UR.6T 56.76 55.02
Fine-tune-CoT (1.3B 921 1008 23.89 - - 14.33 58.56 61.78 5933 9933 - 5721
w/ diverse reasoning .38 1842 1933 2778 - - 16.33 T0.27 T2.00 6067 100,00 - 57.06
6.7B 2434 3109 53.33 - B 3033 ¥3.78 73.33 6200  100.00 B 58.22

Table 1: Fine-tune-CoT Performance. Accuracy (%) ol OpenAl models on 12 tasks under Fine-tune-CoT (with
diverse reasoning) and baseline methods. ‘Random’ refers to random-guess performance derived based on the
number of choices in multi-choice tasks. For diverse reasoning, we report results for maximum degree 1) considered:
D = 64 for MultiArith and SVAMP; D) — 8 for other datasets. We omit diverse reasoning for large datasets due to
resource constraints and Few-shot-CoT for Tracking Shuffled Objects due to absence of prompts.
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Which 2013 Los Angeles Galaxy player transferred in from the team with 12
international titles ?

Consolidate evidence from external knowledge Revise response via automatic feedback
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Photograph your local culture, help Wikipedia and
win!

[2013 Los Angeles Galaxy]

season

Juninho (footballer, born
January 198q)

Juninho grew up in the city of 530 Paulo am
played for the 230 Paulo youth team, winni
the U-17 Paulista Championship side in 200
made sne appearance far the Sdo Paulo ser
side in 2007. He was sent out on loan to Ma
Leagus Socoer teamn Los Angeles Galaxy in <
along with fellow Brazilians from the club A
Cazumba and Leonardo 'l He made his dek
far the team en 27 March 2010, in Galaxy's
apening game of the 2000 MLS season aga

MNew England Revalution, ! and scored his f

» Honour:

~ Translers F

Mo. Pos.  Player Fee/No

from
| =R Bk
GK . Tottenham Free
Cuelicini
Hotspu
MF @ h Sdo Fdl.l-:‘] Unitiszle
Junining

o FC is one of the most success{ul clubs
in Brazil, having won a total of 30 domestic
hanours, in addition to their 12 international
successes, |t is the brazilian club with the maost

international titles,
Major competitions
Worldwide

Intercontinental Cup 2 1992, 19293

FIFA Club World Cup 1 2005
Continental
Competitions Titles Seasons

1992, 1993,

Copa Libertadores 3
Ly 2005

goal for the Galaxy in a 2-0 win over AC 5t Louis

Candidate response:
Jaime Penedo is transferred in from C.S.D.
Municipal, a team with 12 international titles.

Feedback:

The player Jaime Penedo is transferred in from
C.S.D. Municipal, but there is no information
about the number of international titles of this
team.

Revised candidate response:

Juninho is transferred in from S3o Paulo, a team
with 12 international titles.

Al Agent (LLM-Augmenter + LLM)

» @ i S0

Juninho is transferred in from S3o Paulo, a team with 12 international titles.




LLM-AUGMENTERZE#
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LLM-Augmenter Prompt Engine: MRYE{ESS, & itPrompt¥tHl
Utility | : Wy B, RikSE(E Rl aEk.

(utility score & feedback)
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Figure 2: LLM-AUGMENTER architecture showing
how its plug-and-play modules interact with the LLM
and the user’s environment.
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Model K.C. Feedback KF1 { BLEU { ROUGE 1 chrF 1+ METEOR  BERTScore T BARTScore T BLEURT 1 Avg. length
CHATGPT - - 26.71 1.01 16.78 2380 7.34 82.14 0.25 26.98 58.94
LLM-AUGMENTER BM25 X 349 671 2225 27.02 9.35 833.46 (.34 26.89 46.74
LLM-AUGMENTER BM25 v 364l T7.63 2280 28.66 10.17 83.33 0.35 211 54.24
LLM-AUGMENTER gold X 5744 1924 3889 40.02 17.21 86.65 (.52 40.55 44.35
LLM-AUGMENTER gold v 60.76  21.49 40.56 42.14 1850 86.89 0.93 42.15 4719

Table 1: Evaluation scores (in %) and average response lengths for the News Chat (DSTC7) dataset. BM25:
Each model retrieves 5 knowledge snippets from the corresponding knowledge source. K.C. denotes Knowledge
Consolidator.

Model K.C. Feedback KF1 {1 BLEU { ROUGE 1 chrF 1 METEOR { BERTScore T BARTScore 1 BLEURT T Avg. length
CHATGPT - - 31.33 4.70 2402 27.14 12.83 B7.88 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 33.32 16.93 89.35 259 54.38 33.04
LLM-AUGMENTER gold v 52.83 5.63 29.65 35.68 18.66 8904 314 52.49 45.09

Table 2: Evaluation scores (in %) and average response lengths for the Customer Service (DSTC11) dataset.
BM25: Each model retrieves 5 knowledge snippets from the corresponding knowledge source. K.C. denotes
Knowledge Consolidator.



Always-use

0 0.24 1
#Instance [/ #Knowledge Consolidator Request

Figure 4: Ablation studies on dilferent policies of

LLM-AUGMENTER 1n Customer Service scenario.
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Figure 5: LLM-AUGMENTER benefits [rom the com-
bination of using utility function and iterative improve-
ment with feedback. The x-axis indicates the aver-
age number of ChatGPT prompting and the y-axis is
the KF1. The studies are conducted in the Customer
Service scenario with knowledge being provided by
BM25.



