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Introduction
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Figure 1: We compare different architectures: (a) generating vanilla CoT for distillation; (b) our
UniCoTT, which uses UniCoT as a bridge to transfer knowledge between diverse structural thoughts.
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Motivation

* How to efficiently transfer the CoT capabilities that LLMs possess to
SLMs while preventing LLMs from producing erroneous reasoning
explanations that could degrade performance.

* How to uniformly consider CoT prompts with different structures, such
as chain, tree, and graph structures, in the process of knowledge
transfer (i.e., prompting LLMs and training SLMs).
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Contribution

« UniCoTT prompts LLMs to construct precise structured CoTs (i.e.,
UniCoT) in a unified way.

« UniCoTT utilizes the proposed unified supervised learning and
structural consistency learning strategies to transfer knowledge of

structured CoT to SLMs.

PKUSZ-SECE
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Methods
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Figure 2: The illustration of our method, consisting of (1) LLMs construct UniCoT consisting of
explanations with structural logic through N-step iteration; (2) SLMs obtain structured knowledge in
UniCoT through node-level supervised contrastive loss and structural consistency learning.
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Overview of UNICoTT

Teacher Network

*

v;” = arg maxlog P (Uz' | p,q, a*a P(’Uz'))

Student Network

Ecce (y) Z a‘: log(g%)
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Construction of UNICoT

lteratively Constructing UniCoT

Ut ~ PLLM (Ut |pa q, a‘*a P(Ut))

Unified Representation of UniCoT
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Node-level supervised contrastive loss

h;

EIlCOdeI'SLM(’Uj), Vj = {0; T Nfu}a

exp(v; - v/ /T
£nsc — Z log K ( / / / 'n,) )
7,3'=0,51=3’ z:i"€=1 eXp(’Uj ' Ug /T)
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Structural consistency learning

Ny
s . . — : 1
£, = Z IW - s — xil Lsa= 7 Y ReLU (1 — /o4 + 7sq)
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Experiment

Table 1: A performance comparison of various methods on the factual reasoning benchmark, with
the best results emphasized in bold. The Base Model is the student network used for training. The
results of using more pre-training language models as the base model are provided in Appendix ]ﬂ

CREAK CSQA2 StrategyQA
Base Model Method | Structure | Acc. F1. Ins. | Acc. Fl. Ins. | Acc. Fl. Ins.

+None ; 69.3 69.1 70.1 | 55.1 550 554 | 8.7 827 823
CoT Chain | 777 766 787 | 71.1 710 709 | 87.7 876 884
SCOTT Chain | 84.1 842 835|852 852 86.6 | 90.0 89.8 90.8
BERT-base DSbS Chain | 695 695 69.4 | 542 541 549 | 81.0 809 80.7

UniCoTT Chain 9277 928 93.0 | 815 814 81.8 | 909 909 091.1
UniCoTT Tree 945 944 949 | 879 879 89.2 | 934 935 940
UniCoTT | Graph 958 95.6 96.0 | 83.8 834 849 | 92.1 924 932

+None - 713 713 714 | 560 55.8 557 | 83.9 839 84.1
CoT Chain | 865 86.4 867 | 727 726 724 | 8.6 865 90.0
SCOTT Chain | 90.2 902 905 | 823 823 81.6 | 91.5 912 909
RoBERTa-base | pgbs Chain | 722 722 724 | 542 540 553 | 80.0 80.0 80.2
UniCoTT | Chain | 934 934 933 | 822 826 820|936 934 944
UniCoTT Tree 948 946 947 | 888 889 90.2 | 946 94.6 955
UniCoTT | Graph | 968 96.8 959 | 849 846 859 | 942 939 947
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Experiment

Table 2: A performance comparison of various methods on the Multiple-Choice QA benchmark, with
the best results emphasized in bold. The Base Model is the student network used for training. The
results of using more pre-training language models as the base model are provided in Appendix M

CSQA OBQA QASC
Base Model Method | Structure | Acc. F1 Ims. | Acc. F1. Ins. | Acc. F1. Ins.

+None s 816 686 574|759 657 528 | 84.8 558 242

CoT Chain | 86.7 77.0 71.1 | 775 69.0 614 | 89.3 736 57.0

SCOTT Chain | 88.7 80.2 773 | 80.8 71.0 64.4 | 864 645 53.8

BERT-base DSbS Chain | 81.3 682 562 | 764 632 520 | 87.1 545 228

UniCoTT Chain 88.1 809 792 | 824 758 73.6 | 923 81.1 703
UniCoTT Tree 904 849 844 | 838 756 752|932 833 778
UniCoTT | Graph 91,6 88.0 868 | 844 779 772 | 903 83.6 685

+None . 833 726 644 | 784 69.5 614 | 8.7 585 323

CoT Chain | 86.7 77.7 710 | 844 783 744 | 909 754 603
SCOTT Chain | 89.8 83.7 789 | 848 779 73.0 | 87.5 604 30.8
RoBERTa-base | pSbS Chain | 82.8 724 643 | 77.6 690 600 | 87.5 59.7 34.6
UniCoTT | Chain | 91.7 865 86.7 | 843 792 787 | 929 846 786
UniCoTT Tree 917 869 875|875 834 822|936 84.5 80.1
UniCoTT | Graph | 92.5 89.6 88.8 | 888 854 84.1 | 924 837 757
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Experiment

Table 3: A performance comparison on the GLUE benchmark, with the best results emphasized in
bold. I and II indicates using BERT-base and RoBERTa-base as the base model, respectively.

Base Model Methods | Structure | CoLA RTE WNLI MRPC Average.

+None - 56.6 653 534 81.8 64.3

CoT Chain 679 81.6 803 87.8 79.4
SCOTT Chain 81.1 91.7 916 92.6 89.3
BERT-base | UniCoTT | Chain 86.4 899 93.0 95.5 91.2
UniCoTT Tree 88.5 93.5 944 96.3 93.2

UniCoTT | Graph 90.2 946 939 94.1 93.2

+None _ 56.7 78.7 555 86.9 69.5

CoT Chain 696 823 812 713 76.1

SCOTT Chain 785 899 90.8 90.6 87.5

RoBERTa-base | UniCoTT | Chain 883 917 934 93.1 91.6

UniCoTT Tree 914 930 951 96.3 94.0
UniCoTT | Graph 939 955 953 94.0 94.7
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Conclusion

In this paper, we :

» Present a unified distillation framework, UniCoTT, designed for CoT with diverse
reasoning structures.

* Propose an efficient method for generating CoT with diverse structures and its unified
representation approach.

* Introduce a node-level supervised contrastive loss and structural consistency
learning strategy, aimed at facilitating supervised learning and representa- tion
learning for structural knowledge transfer, respectively.

» Derive an upper bound for the structural representation error and achieve structural
constraints by optimizing this upper bound.

» The experimental results show that UniCoTT can effectively improve the performance
of SLMs on factual reasoning, multiple-choice QA, and NLU tasks.
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Thank youl!
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