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Abstract

Generating reasoning steps with large-scale language models aids in constructing explainable
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knowledge reasoning systems. Existing methods for knowledge reasoning might produce unrelia-
ble and irrelevant reasoning steps. To address this issue, this article introduces a guided, step-by-
step reasoning approach named ProofsNavigator. Initially, it generates multiple candidate rea-
soning steps through Beam search. Then, it selects high-quality reasoning steps by validating the
validity of each candidate step and its relevance to the hypothesis. Finally, the selected reasoning
conclusions are added to the knowledge set for the next iteration cycle. Experimental results show
that this method achieves accuracies of 40.0%, 35.6%, and 7.1% on three tasks of increasing dif-
ficulty, respectively, outperforming the previous best methods by 1.1%, 2.3%, and 0.2%. Moreover,
this method maintains good performance even with less annotated data.
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Figure 1. A Example of generating an entailment tree based on assumptions and knowledge set
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Figure 2. Framework diagram of a bootstrap interpretable knowledge reasoning method proposed in this article
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Figure 3. Three inspection mechanisms and their representative meanings
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Table 1. EntailmentBank datasets
%= 1. EntailmentBank #iiE&
Split VIERS TR R Bt
HEFLA A 1131 187 340 1840
R e KA IR 17 15 1 17
SHER DR 4175 597 1109 5881

T VP4 Navigator FTE AR RE 1, 4302 % NLProofS [9]/) 1% B E EntailmentBank" 34 i 1T
S5 EntailmentBank /2 55— SR AL A AT MU R A S 2 i gk, th & RER I,
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Taskl: C = Cgyq

Task2: C = Cgyyq + 15~20 2 T-H AN

Task3: C = Ceorpus
thttps://github.com/allenai/entailment_bank.

DOI: 10.12677/csa.2024.147159 22 THENUR S 5 R H


https://doi.org/10.12677/csa.2024.147159
https://github.com/allenai/entailment_bank

FEM %

E Taskl 1, CBAAEMIT-HLAIR, BRI C 1AL o A A iR (RIS S 1745 p) 4R . 7E Task2 H1,
C HFEARR LR FPRIRARL, 1R RN 25 %) T . £ Task3 1, C &M H WorldTree V2 K
RUERLE, #4 12,000 28511 « A SCHFIX =A™ Task #RREAT VAl A 7L BEREH T84 1 FMT4 2.
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Pscores Vscore F1 Rscore $2JRHN 0.4:0.3:0.3 [ LU AT AR AL

ProofsNavigator 1T S S 7E R % 2 > NVIDIA GeForce RTX 3090 (24G f5.1%), 128G PAEHINLAS
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4.1, HNREIESCIE

e 2 frow, T FTf =30 Task, ProofsNavigator £ /™ #% ] Overall-AllCorrect & ¥x_F 3 HUS 1 75
RS- LA Task2 1, & 46 ProofsNavigator w4 A= g 1 55 IE#f ) 4EEE, K¢ Overall-AllCorrect M 20.9%
2T %E 35.6%. K, ProofsNavigator B G0SEF MU BT HERE, A& MEBANBAIR, ¥ Steps-
AllCorrect M 22.9%$2T+% 37.7%. #5=, ProofsNavigator AE4:pHE IERIRHIEIS516, K Intermediates-
AllCorrect M 28.5%3#2 T+ % 38.5%.

5¥14 110 122501 EntailmentWriter #5544 Eb , ProofsNavigator 12 i Ff 21% )45 7 2 5 {# 7F Task1.
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Table 2. Knowledge reasoning experiment results
2. MR R

Leaves Steps Intermediates Overall
Task Method
F1 AllCorrect F1 AllCorrect F1  AllCorrect  AllCorrect

EntailmentWriter 98.7 86.2 50.5 37.7 67.6 36.2 33.5
EntailmentWriter (11B) 99.0 89.4 515 38.2 71.2 38.5 35.3
Taskd NLProofS 97.8 90.1 55.6 42.3 72.4 40.6 38.9
ProofsNavigator (ours) 98.1 90.3 57.7 43.24 73.2 42.1 40.0
EntailmentWriter 84.3 35.6 355 22.9 61.8 28.5 20.9
EntailmentWriter (11B) 89.1 48.8 41.4 27.7 66.2 315 25.6
Taske NLProofS 90.3 58.8 47.2 34.4 70.2 37.8 33.3
ProofsNavigator (ours) 90.0 58.2 49.3 37.7 69.9 38.5 35.6
EntailmentWriter 35.7 2.9 6.1 2.4 33.4 7.7 2.4
EntailmentWriter (11B) 39.9 3.8 7.4 2.9 35.9 7.1 2.9
Task NLProofS 43.2 8.2 11.2 6.9 42.9 17.3 6.9
ProofsNavigator (ours) 43.0 9.1 12.6 7.1 41.9 18.2 7.1

4.2. jHRESELE

Table 3. Ablation experiment results
= 3. HRASLIREER

Leaves Steps Intermediates Overall
Index Method
F1 AllCorrect F1 AllCorrect F1 AllCorrect AllCorrect
(@) full model 90.0 58.2 49.3 37.7 69.9 385 35.6
(b) w/o Entailer score 88.4 52.4 43.0 32.1 79.4 42.7 32.1
(c) w/o Verifier score 89.4 56.2 47.8 36.2 68.4 374 34.1
(d) w/o Navigator score  90.5 58.2 48.4 36.2 69.4 36.8 34.1
(e) flan-t5 -> t5 90.0 57.4 48.3 35.6 70.2 38.8 35.0

ProofsNavigator 75 % Entailer score (Pscore)~ Verifier score (Vseore) F1 Navigator score (Rseore) =114 3L [A]
RIEVER o R 7 WU MEEAE R HERR 25 PR B IVE R, ASCHE EntailmentBank 24548 1) Task2 1T
% AT IERE SR, SIS R 3 Fx. AHRTLAE e Navigator B (RS it AH O 1% 73 50 Bl T4
RV LRI 7 R BE T HER . L) FI(d), 4 5¢ii Navigator i, FEAYLE Steps A1 Intermediates iX
AN S ERIHERE 7 1A AHOC R br EERILISA P TR, XA Navigator X HEEE Ty [a] (e 35 R #4546 L EAEH .
FAh, TE R AR A Y AT DL ST AR P R (LL B (@) R (e)), IX IR ProofsNavigator 5% m] LLid it
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TSERT R AR HTT i

4.3. BEHRIESE

Table 4. Experimental results in a data-scarce environment
=4 BIRHRIMNE TR R

IR EHE R A HL 151

WIRES
100% 50% 20% 10% 1%
EntialmentWriter 20.9 20.5 18.0 12.9 8.0
MetGen 28.0 24.1 22.0 19.1 14.7
NLProofS 33.3 315 25.0 23.0 16.8
Ours 35.6 31.8 27.4 26.5 20.0

N LHRERBEE AT St i) N T BRAE D S bR SR 15 00 N R I, AR SCHEA R RFE L
Bl FEEHLILE EntailmentBank [IYIZRSEE AR, SRJG/E Task2 FHEAT ISR, T Phode b 250 DA R s 24 1
REFE e B TT R SRR FigfT, sSLiRss Rank 4 FioR.

2%, NGB IEECRAMF, AL A 100%- 50%. 20%- 10%F1 1%A115 75 K , ProofsNavigator
3 SEE 35.6%. 31.8%. 27.4%. 25.3%F1 20.0%MHERZE, LEXTEL 7Sl 2.3%. 0.3%. 2.4%.
2.3%71 3.2%. X L] ProofsNavigator HATH R 1) & FEIEFZ AL RE 77, BENS £E [0 s KAE LU A7) B AR (1 15
BT ATS e PRIFHERA 22

AN, EAUER 10%)I1 288155 K, ProofsNavigator 528l 7 26.5%MHERIZR, L& HEX 110
IR = Y 0.9%. X Ui B ProofsNavigator H A B MRFIERRINEE ), RESTE I R BUEF BR3¢ T
A R A R AR EdE, AWDERIET IR R RNEE, ST ERE ERE T

5. &g

ASCHE I T 5] 5 1 A R AR HE R U 25 ProofsNavigator, %5 5i# 1S Navigator 15k 5] S A= 7Y
BEE R 7 3 THERE . 7E EntailmentBank £i4E ¥ —AMT S A MR R R 1O AT I SR b
A, MAMZITIEAE /N IUSEEARE TR A BT T RE
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