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Abstract
Learning to answermulti-step complex questions requiresmachines
to perform like a human to think and reason step by step, which
is one of the core abilities of a question answering system. Recent
advancements have revealed that large language models exhibit
remarkable reasoning capabilities by generating intermediate chain-
of-thought rationales. However, the completeness of their rationales
lacks assurance as they are susceptible to omitting steps andmaking
factual errors. In this paper, drawing inspiration from human-like
reasoning processes in answering multi-step questions, we explic-
itly plan the rationales to ensure their completeness. We propose a
two-stage Decomposition-Evaluation (Dec-Eval) framework includ-
ing a step decomposition stage and a rationale generation stage.
Specifically, in the first stage, we decompose the complex ques-
tion into simpler sub-ones and simulate a human’s ability to grasp
logical clues to ensure the integrity of step planning. Then, in the
second stage, based on the sub-questions, we generate and evalu-
ate rationales step by step. Both stages work together organically,
improving the completeness of rationales and the accuracy of the
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answer. To further control the question answering process, we pro-
pose a novel knowledge injection mechanism that incorporates
external knowledge to guide both stages. Extensive experiments on
three challengingmulti-step QA datasets demonstrate that Dec-Eval
can explicitly generate more logical rationales, and significantly
improve the reasoning performances of different backbone models.
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1 Introduction
Multi-step question answering requiresmachines to simulate human-
like abilities that not only understand the questions but also de-
compose the reasoning process into multiple steps [31]. It is one
of the core research areas of natural language processing, which
consolidate intelligent question answering and decision making sys-
tems [21, 34, 50]. Figure 1 shows an example question in ScienceQA
benchmark [21]. The task often inputs a question (e.g.,“What do
these...?”) and asks for the answer. We need to engage in logical
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reasoning and formulate the correct “rationales” (a1), comprising
three steps in (a2). Specifically, we should first judge whether the
“breaking a piece of glass” or the “butter melting on a hot day” is
a physical change (Step1 and Step2), and then draw a conclusion
about their commonalities to determine the final answer (Step3).

In the literature, early methods on multi-step question answer-
ing use end-to-end ways including structures like memory net-
work [42], graph neural network [36], etc. Next, some solutions try
to solve question by breaking the process into sub-questions [25,
29].Recent studies have utilized chain-of-thought (CoT) ability in
LLMs to guide the reasoning process [11, 41]. As shown in Figure
1(b1), one of the SOTA models MMCoT [49] can directly generate
intermediate CoTs to predict the answer. Such rationales help us
better understand the model and the reasoning process.

While CoT approaches perform well, their generated rationales
still lack completeness. Specifically, existing methods often suffer
from deficiencies in logical steps when answering questions. A
closer look at Figure 1(a2) and Figure 1(b2) reveals that MMCoT [49]
misses the essential Step 2 in (a2). This incompleteness also leads to
factual errors, for instance, it misclassifies “Breaking a piece of glass”
as a “chemical change” ((b2), Step 2) instead of the “physical” fact.
Furthermore, these issues highlight the necessity of an evaluation
mechanism for rationales, a consideration often overlooked by
methods like Least-to-Most [51].

To address the above issues, inspired by the question decomposi-
tion and reasoning simplification theories [26, 33, 43], we present a
novel Decomposition-Evaluation (Dec-Eval) framework for multi-
step question answering. Dec-Eval excels in planning and generat-
ing more comprehensive rationales, which includes a Step Decom-
position (SD) stage and a Rationale Generation (RG) stage. Specifi-
cally, in the SD stage, we decompose a question into simpler ones by
a SubGen module which simulates human-like ability to grasp logi-
cally key clues. Then, in the RG stage, we generate and aggregate
rationales step by step while using an elaborate relevance evalu-
ation strategy to determine if each rationale need to be retained.
Moreover, to further control the reasoning process, we propose a
knowledge injection mechanism (KIM) that integrates information
from external knowledge to guide both the Step Decomposition and
the Rationale Generation stages. Finally, the answer is extracted
from the generated rationales. We conduct experiments on three
challenging multi-step question answering datasets. Experimental
results demonstrate that Dec-Eval is a general framework which
can improve answer accuracy for both small models and LLMs,
generating more logical rationales. Our main contributions are:

• In this paper, we propose a general framework for multi-step
question answering, which can simulate human reasoning
by planning, generating and evaluating rationales. Several
existing models can serve as its backbone and benefit from
it to improve multi-step question answering ability.
• We design a novel SubGen module which can grasp and
utilize logically key clues to decompose questions into sub-
questions. These sub-questions serve as reasoning steps for
enhancing the logical coherence of the rationales.
• We employ amulti-step rationale generation procedurewhile
using a relevance evaluation strategy to enhance the quality
of the rationales, which improves the reasoning accuracy.

Question: What do these two changes have in common? Breaking a piece of 

glass; butter melting on a hot day. Hint: physical change or chemical change.

(a1) Ground Truth Rationales:

 Breaking a piece of glass is a physical 

change. Butter melting on a hot day is a 

physical change. Both are only physical 

changes. (√ ) 

(b1) MMCoT-generated Rationales:

Breaking a piece of glass is a 

chemical change. Both breaking a 

piece of glass and butter melting are 

chemical changes. (×)

(a2) Ground Truth Resoning Steps: 

Step1:Breaking a piece of glass is a 

physical change.

Step2:Butter melting on a hot day is 

a physical change.

Step3:Both are only physical 

changes.

(b2) MMCoT’s Resoning Steps: 

Step1:Breaking a piece of glass is 

a chemical change.

                 Step Missing!

Step2:Both breaking a piece of 

glass and ice melting are chemical 

changes.

Figure 1: A multi-step question and its reasoning steps. The
reasoning steps generated by MMCoT(with T5-Large back-
bone) misses the Step2 “Butter melting on a hot day is a
physical change”, and also makes a factual error about “ice
melting” (... ice melting are chemical changes.).

2 Related Work
Multi-step Question Answering. Multi-step question answering
tasks have been used for evaluating the reasoning ability and in-
terpretability of a question answering system [7, 8, 21]. Traditional
studies mainly employ an end-to-end way to directly infer the
answers without intermediate steps. For example, UnifiedQA [9],
which was pretrained on a number of existing question answering
datasets, focused on developing a generative method to infer an-
swers; Raffel et al. [32] employed a pretraining-finetuning paradigm
to construct a text-to-text generation framework (T5) for various
question answering tasks. There are also other end-to-end methods
that use memory network [42] and graph neural network [5, 28, 36]
to answer multi-step questions. In recent years, question decom-
position approaches are popular in solving multi-step problems
by decomposing the question into sub ones [25, 38]. By solving
these simpler sub-questions respectively, models can improve their
performances in predicting the correct answers. For example, Min
et al. [25] focused on directly training a model to produce sub-
questions using question spans; Perez et al. [29] used a text-to-text
model to generate sub-questions for HotpotQA [46]; BREAK [44]
followed an alternative paradigm of collecting full question de-
composition meaning representations (QDMR) annotations. While
these existing question decomposition methods can be effective,
they either rely on costly human annotations or neglect some logi-
cal features in the questions, which may not generalize to domains
with new decomposition operations.

Currently, with the remarkable progress of large language mod-
els (LLMs) in question answering tasks, some studies utilize LLMs’
exceptional reasoning and generalization ability to perform multi-
step reasoning [10, 51], which have achieved exceptional perfor-
mances on various datasets. For example, Lu et al. [21] uses GPT-3 to
learn to generate lectures and explanations as the chain of thought
(CoT) to mimic the multi-step reasoning process when answering
ScienceQA [21] questions; Lu et al. [22] proposed a plug-and-play
compositional reasoning framework to plan the execution sequence
of different tool-using steps by GPT-4, which got promising results
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on ScienceQA [21] dataset. Least-to-most [51] sequentially breaks
down and solves the original multi-step question, the solution of
the current sub-question is facilitated by the previous one. Tree-of-
Thoughts (ToT) prompting [47] proposed a tree-based searching
paradigm for LLMs to perform deliberate reasoning by generating
multiple reasoning path. Self-Refine [24] uses the same LLM to
provide feedback for its output, and refine the output iteratively.

Chain-of-Thought Reasoning. Chain-of-Thought (CoT) Rea-
soning was first proposed by [41] to explore the complex reasoning
ability of large language models. By prompting large language mod-
els (LLMs) with human-annotated intermediate reasoning steps, i.e.,
demonstrations or rationales, before reaching the answer, their per-
formance onmulti-step complex questions is significantly improved.
Currently, Zero-shot-CoT [11] is widely used in various question
answering tasks by asking LLMs to generate reasoning steps before
answer, which improves the interpretability and accuracy of rea-
soning. CoT methods with LLMs can be categorized into two major
research lines: optimizing the demonstrations [12, 23, 52] or opti-
mizing the rationales [1, 10, 40, 51]. Recent advancements extend
the application of CoT beyond large models to smaller language
models [35], demonstrating broader applicability and scalability
of this approach. E.g., Lu et al. [21] fine-tuned a T5 model with
human-annotated rationales; Zhang et al. [49] developed a two-
stage framework called MMCoT, which separates the generation of
rationales from the process of answer inference. This separation
allows the model to better leverage the generated rationales as
intermediate steps in CoT, thus enhancing its performance on com-
plex reasoning tasks. The MMCoT framework notably exceeds the
capabilities of the previous state-of-the-art LLM, GPT4, and even
surpasses human performance on the ScienceQA benchmark [21].
These advancements highlights the potential of CoT in enhancing
the performance of both large and small language models.

Our work differs from previous methods as follows. First,
previous CoT-based methods usually generate the entire rationales
in one single process. While effective in straightforward scenarios,
CoT often struggles with more complex problems where multi-
ple, distinct reasoning steps are necessary. In contrast, our method
follows a multi-step rationale generation procedure based on de-
composed sub-questions. We also innovatively introduced “logical
clues” into the problem to guide the question decomposition pro-
cess. Second, recent studies, like Least-to-Most [51], use language
models to reason step-by-step and sequentially generate rationales
before reaching the final answer. These studies often neglect to
perform thorough evaluations of the rationales, focusing primarily
on the end results rather than the reasoning path. In contrast, we
incorporate a relevance evaluation technique that actively assesses
the rationales at each step of generation. It not only ensures the log-
ical coherence and relevance of the rationales but also contributes
to the overall completeness and robustness of the reasoning pro-
cess. Third, approaches such as Self-Refine [24] aim to enhance
the completeness of rationales through self-correction. However,
these approaches frequently neglect the significance of integrating
external knowledge sources. In contrast, our approach introduces a
novel knowledge injection mechanism that effectively mitigates the
occurrence of factual inaccuracies within the rationales. It not only
bolsters the robustness of the reasoning steps but also significantly
contributes to the enhancement of the overall answer accuracy.

3 Dec-Eval Framework
3.1 Problem Formulation
In this paper, we focus on the multi-step question answering task.
The input of the task is a question context 𝑞𝑐 (e.g., “What do these
two changes ... Hint: ... chemical change.” in Figure 2). To predict
the correct answer 𝐴 (e.g., “Both are only physical changes.”), one
should form a multi-step reasoning process based on 𝑞𝑐 . Here, we
define the multi-step question answering process as follows: First,
we use information in 𝑞𝑐 to generate an ordered rationale list
𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑠 = (𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒1, 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒2, . . . , 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑛) in Figure 2,
where each 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖 represents one reasoning step (e.g., Step1,
Step2, Step3 in Figure 1(a2)) for solving the problems. Then, we
integrate 𝑞𝑐 and 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑠 to predict the answer 𝐴.

3.2 Overview
Following the question decomposition and reasoning simplification
theories [26, 33, 43] in cognitive psychology to first plan a decom-
posed structure of the question then perform reasoning, we estab-
lish the Dec-Eval framework with two stages: Step Decomposition
(SD) stage and Rationale Generation (RG) stage as shown in Figure 2.
First, the Step Decomposition stage decomposes the original ques-
tion context 𝑞𝑐 (“What do these two changes...”) into sub-questions
𝑠𝑢𝑏𝑞1, 𝑠𝑢𝑏𝑞2, ..., 𝑠𝑢𝑏𝑞𝑛 (section 3.3). Then, the Rationale Genera-
tion stage generates and evaluates rationales 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒1, 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 −
𝑒2, ..., 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑛 based on the decomposed sub-questions (section 3.4).
Finally, the generated rationales are combined to inference the an-
swer “ Both are only physical changes”. We also design a knowledge
injection mechanism (KIM) that incorporates external knowledge
in both Step Decomposition and Rationale Generation stages to fa-
cilitate the reasoning process (section 3.5). In the following sections,
we will describe each part in details.

3.3 Stage 1: Step Decomposition (SD)
Recently, there are various question decomposition methods aiming
to reason by breaking the question into simpler sub-ones [25, 38],
and often prioritize the direct generation of sub-questions in an end-
to-end manner [29]. These approaches, however, tends to overlook
“logical clues” in questions, which are crucial for understanding
complex multi-step questions [15]. For example, in Figure 1, when
we see some key words like “have in common” (highlighted in
green) in the question, we know that we should compare the com-
monalities between two “changes” (“Breaking a piece of glass” and
“Butter melting on a hot day”) and form clear reasoning steps as
shown in Figure 1(a2). In other words, some “logical clues” in the
question context tell us how to decompose it.

While it seems easy for humans to capture such “logical clues”,
enabling language models with such ability is challenging. To this
end, we introduce Step Decomposition (SD) stage that captures “log-
ical clues” to decompose a question into sub-questions iteratively.
At the heart of SD is a SubGen module composed of two parts:
Reasoning Type Classifier (RTC) which captures “logical clues” in a
question, and Next Sub-question Generator (NSG) which generates
the next sub-question 𝑠𝑢𝑏𝑞𝑖+1 (e.g., “Is breaking a piece of glass...”)
based on previously generated contents 𝑞𝑐𝑖𝑝𝑟𝑒𝑣 (e.g., “What do these
two changes...”) as shown in Figure 3.
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Is butter melting 

…?

What do they 

have in common?

Figure 2: The overall architecture of the Dec-Eval framework. In SD stage, 𝑞𝑐𝑖𝑝𝑟𝑒𝑣 is the previous contents generated by 𝑆𝑢𝑏𝐺𝑒𝑛;
𝑠𝑢𝑏𝑞𝑖 is the sub-question generated at step 𝑖 (section 3.3.2), 𝑞𝑐𝐾1

𝑝𝑟𝑒𝑣 is the knowledge-enhanced original question (section 3.5). In
RG stage, 𝑞𝑐𝑖

𝑖𝑛
is the combination of 𝑠𝑢𝑏𝑞𝑖 and 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖 at each step (section 3.4), where KIM can incorporate knowledge K to

form 𝑞𝑐𝐾𝑖
𝑖𝑛

(section 3.5).
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glass a 

physical or 
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change? 

Figure 3: The architecture of SubGen. SubGen consists of
two parts: Reasoning Type Classifier (RTC) and Next Sub-
question Generator (NSG).𝑉𝑞𝑐𝑖𝑝𝑟𝑒𝑣 is the vector representation

of 𝑞𝑐𝑖𝑝𝑟𝑒𝑣 at step 𝑖, and contains “logical clues” extracted from
𝑞𝑐𝑖𝑝𝑟𝑒𝑣 by RTC; 𝑉𝑞𝑐𝑖𝑝𝑟𝑒𝑣 is then mapped into the prefix vec-

tors 𝑃𝐸𝑟 and 𝑃𝐷𝑟 which are used for tuning the NSG. At step 𝑖,
SubGen takes 𝑞𝑐𝑖𝑝𝑟𝑒𝑣 (e.g., What do these two changes have
in common?...) as input to generate the next sub-question
𝑠𝑢𝑏𝑞𝑖+1 (e.g., Is breaking a piece of glass...?).

3.3.1 Reasoning Type Classifier (RTC). The first step of SD is to
extract “logical clues” (embeddings containing logical information)
from questions. To achieve this, we design a Reasoning Type Clas-
sifier (RTC) composed of a text encoder 𝐸𝜉 and a predictor ℎΦ. We
use 𝐸𝜉 to generate text embedding 𝑣𝑞 for the input question 𝑞:

𝑣𝑞 = 𝐸𝜉 (𝑞) . (1)

Then we feed 𝑣𝑞 to ℎΦ to predict its one-hot reasoning type 𝑡 ∈
{0, 1} |𝑇 | . Especially, RTC is pretrained on a multi-step reasoning

dataset and |𝑇 | denotes the predefined number of reasoning type
labels (e.g., Comparison, Inference, etc.). Through minimizing the
following binary cross-entropy (BCE) loss:

ℓ𝐵𝐶𝐸 =
1
|𝑇 |

∑ |𝑇 |
𝑗=1 (𝑡 𝑗 log (ℎΦ (𝑣𝑞) 𝑗 + (1 − 𝑡 𝑗 ) log (1 − ℎΦ (𝑣𝑞) 𝑗 ))).

(2)
We use questions and their reasoning type labels from 2WikiMul-

tiHopQA [6] to train the RTC. In the training process, we took the
question(e.g., “What do these two changes in common?” in Figure 2),
as the input of 𝐸𝜉 , then we expected the ℎΦ to correctly predict the
corresponding reasoning type label(e.g., Comparison, Inference).
We represented the reasoning type label with one-hot encoding, and
we used all the questions in 2WikiMultiHopQA (192,606 questions)
along with their reasoning type labels to train the RTC. After train-
ing, 𝐸𝜉 can extract “logical clues” implicitly in 𝑣𝑞 that are closely
related to the question’s reasoning type.

3.3.2 Next Sub-question Generator (NSG).. To utilize “logical clues”
in question decomposition process, we first train aNext Sub-question
Generator (NSG) which can predict the next sub-question based on
previous contents, then we propose a Prefix-tuning [14] process in
NSG to integrate the extracted “logical clues”.

Training NSG. NSG is a BART-structured model [13] which
iteratively predicts the next sub-question 𝑠𝑢𝑏𝑞𝑖 based on previ-
ously generated contents 𝑞𝑐𝑖𝑝𝑟𝑒𝑣 = {𝑞𝑐, 𝑠𝑢𝑏𝑞1, ..., 𝑠𝑢𝑏𝑞𝑖−1}. Com-
pared to methods that decompose problems using large language
models [51], our approach not only conserves computational re-
sources but also effectively leverages key features of the problem,
i.e., “logical clues” in the training process.

Specifically, we collect human-annotated question decomposi-
tion examples from the 2WikiMultiHopQA [6].Each decomposition
example contains the question context 𝑞𝑐 and its annotated sub-
questions 𝑠𝑢𝑏𝑞𝑠 = {𝑠𝑢𝑏𝑞1, ..., 𝑠𝑢𝑏𝑞𝑁 }. We then use these pairs to
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Algorithm 1 The process of Step Decomposition
Input: Question context 𝑞𝑐 .
Output: sub-questions.
Let 𝑞𝑐𝑝𝑟𝑒𝑣 = 𝑞𝑐; set 𝑖 = 1
while 𝑆𝑢𝑏𝐺𝑒𝑛𝜃 (𝑞𝑐𝑝𝑟𝑒𝑣) ≠ [𝐸𝑂𝑄] do
𝑠𝑢𝑏𝑞𝑖 = 𝑆𝑢𝑏𝐺𝑒𝑛𝜃 (𝑞𝑐𝑝𝑟𝑒𝑣)
𝑞𝑐𝑝𝑟𝑒𝑣 ← 𝐶𝑜𝑛𝑐𝑎𝑡 (𝑞𝑐𝑝𝑟𝑒𝑣, 𝑠𝑢𝑏𝑞𝑖 )
𝑖 ← 𝑖 + 1

end while
Set 𝑛 = 𝑖

return 𝑠𝑢𝑏𝑞𝑠 = (𝑠𝑢𝑏𝑞1, 𝑠𝑢𝑏𝑞2, . . . , 𝑠𝑢𝑏𝑞𝑛)

train NSG model by maximizing:

𝑝 (𝑠𝑢𝑏𝑞𝑠 |𝑞𝑐𝑝𝑟𝑒𝑣) =
∏𝑁

𝑖=1𝑝𝜃 (𝑠𝑢𝑏𝑞𝑖 |𝑞𝑐
𝑖
𝑝𝑟𝑒𝑣) . (3)

For example, if the original question 𝑄 is decomposed into two
sub-questions: 𝑆𝑢𝑏𝑞1 and 𝑆𝑢𝑏𝑞2, we take𝑄 as𝑞𝑐 and (𝑆𝑢𝑏𝑞1, 𝑆𝑢𝑏𝑞2)
as 𝑠𝑢𝑏𝑞𝑠 , to construct two pairs of training data:

𝑞𝑐𝑝𝑟𝑒𝑣 = 𝑄, 𝑠𝑢𝑏𝑞 = (𝑆𝑢𝑏𝑞1) (4)

𝑞𝑐𝑝𝑟𝑒𝑣 = (𝑄, 𝑆𝑢𝑏𝑞1), 𝑠𝑢𝑏𝑞 = (𝑆𝑢𝑏𝑞2) (5)
We extracted 50,755 such pairs of

{
𝑞𝑐𝑝𝑟𝑒𝑣, 𝑠𝑢𝑏𝑞

}
and used all of

them as the training data for NSG. The BART-Large model took
𝑞𝑝𝑟𝑒𝑣 as input to predict the 𝑠𝑢𝑏𝑞.

Prefix-tuning. To integrate the “logical clues” into the NSG
generation process, we design a prefix-tuning method that makes
the BART model perceive the “logical clues” of the question. We
use 𝐸𝜉 in RTC to extract “logical clues” 𝑣𝑞𝑐𝑝𝑟𝑒𝑣 = 𝐸𝜉 (𝑞𝑐𝑝𝑟𝑒𝑣), and
map it into prefixes for tuning the BART model. Specifically, fol-
lowing Liu et al. [20], we use MLPs to map reasoning type features
𝑣𝑞𝑐𝑝𝑟𝑒𝑣 into prefixes

{
𝑃𝐸𝑟 , 𝑃

𝐷
𝑟

}
, which are added to each attention

layer of BART’s encoder and decoder respectively. The genera-
tion of the next sub-question is under the control of the “logical
clues”, and thus we can provide models with logical features in the
question. We name this model as 𝑆𝑢𝑏𝐺𝑒𝑛𝜃 and use it to generate
𝑠𝑢𝑏𝑞𝑠 = (𝑠𝑢𝑏𝑞1, . . . , 𝑠𝑢𝑏𝑞𝑛) ended by a special token [EOQ]. The
entire process is shown in Algorithm 1.

3.4 Stage 2: Rationale Generation (RG)
After getting the sub-questions, we employ them to generate ra-
tionales in an organized manner. Given such steps, previous ap-
proaches usually execute them sequentially [27], and often use
each step’s result to prompt the next step in a “Least-to-Most” man-
ner [51]. However, sometimes it is risky to directly use the results
because they may contain irrelevant information (e.g., in Figure
1(b2), the Step2 of MMCoT includes “ice melting”) that could di-
vert to the wrong answer. For LLMs, they also frequently generate
hallucinated rationales [37].

To this end, in the Rationale Generation (RG) stage, we propose
a novel relevance evaluation strategy to evaluate the quality of
rationales at each step. Specifically, we first use a relevance evalua-
tion strategy by training another model 𝑅𝑆𝑃𝛽 that can judge the
relevance between a rationale and a question. Then we combine
𝑅𝑆𝑃𝛽 with a backbone LM𝑀𝑅𝐺 to sequentially generate 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖
for each decomposed sub-question 𝑠𝑢𝑏𝑞𝑖 ∈ 𝑠𝑢𝑏𝑞𝑠 .

Algorithm 2 The process of Rationale Generation
Input: The original question context 𝑞𝑐 ; The decomposed 𝑠𝑢𝑏𝑞𝑠
of 𝑞𝑐 which has 𝑛 sub-questions.
Parameters: A preset Relevance Threshold 𝜀.
Output: Rationales of 𝑞𝑐 .
Let 𝑞𝑐𝑖𝑛 = 𝑞𝑐; set 𝑖 = 1
while 𝑖 ≤ 𝑛 − 1 do
𝑟𝑖 ← 𝑀𝑅𝐺 (𝑞𝑐𝑖𝑛)
if 𝑅𝑆𝑃𝛽 (𝑞𝑐, 𝑟𝑖 ) > 𝜀 then
𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖 ← 𝑟𝑖

else
𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖 ← 𝜙(empty string)

end if
𝑞𝑐𝑖𝑛 ← Concat(𝑞𝑐𝑖𝑛 , 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖 , 𝑠𝑢𝑏𝑞𝑖+1)
𝑖 ← 𝑖 + 1

end while
Rationales← (𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒1, ... , 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑛)
return Rationales

3.4.1 Relevance Evaluation Strategy. In order to evaluate the rele-
vance between a rationale text and a question text thereby avoiding
hallucination, we train a Relevance Score Predictor 𝑅𝑆𝑃𝛽 that can
map a question-rationale pair (𝑞, 𝑟 ) to a score 𝛼 ∈ (0, 1):

𝛼 ← 𝑀𝐿𝑃 [𝐵𝐸𝑅𝑇 (𝑞, 𝑟 )] . (6)

We sampled question-rationale pairs to train the Relevance Score
Predictor (RSP). Each question 𝑞𝑖 in the training data has human-
annotated ground truth rationales 𝑟𝑖 .We considered 𝑟𝑖 to be relevant
with 𝑞𝑖 with a relevance score 𝑠 = 1. For each 𝑞𝑖 , we also randomly
sampled three rationales 𝑟 𝑗 from another question 𝑞 𝑗 , and we took
(𝑞𝑖 , 𝑟 𝑗 ) (𝑖≠𝑗 ) as an irrelevant pair with 𝑠 = 0. We use the MSE loss:

ℓ𝑀𝑆𝐸 =
1
2𝑘

∑2𝑘
𝑖=0 (𝛼𝑖 − 𝑠𝑖 )

2 . (7)

After that, the framework sequentially generates rationales for
the 𝑛 decomposed sub-questions in 𝑛 steps. As shown in Figure 2,
in step 𝑖 , we first use a backbone model𝑀𝑅𝐺 to generate a rationale
𝑟𝑖 for previously generated contents 𝑞𝑐𝑖

𝑖𝑛
, then we employ the pre-

trained 𝑅𝑆𝑃𝛽 to compute the relevance score 𝛼𝑖 between 𝑟𝑖 and 𝑞𝑐 .
If 𝛼𝑖 is greater than a preset threshold 𝜀, we set 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖 ← 𝑟𝑖 as
one of the inputs for predicting 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖+1; otherwise, we won’t
use 𝑟𝑖 for the next prediction step. In this way, we can alleviate
the error accumulation issue caused by irrelevant rationales. The
Rationale Generation process is described in Algorithm 2.

After getting the 𝑅𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑠 for the original question, we feed
them to an Answer Inference backbone model 𝑀𝐴𝐼 to predict the
answer. 𝑀𝑅𝐺 and 𝑀𝐴𝐼 are the same backbone models which can
be either smaller models fine-tuned on training data, such as BART
and T5, or LLMs used directly for inference, such as GPT-3.5.

3.5 Knowledge Injection Mechanism (KIM)
In multi-step reasoning tasks, existing methods like Self-Refine [24]
often overlooks the role of knowledge in reasoning. While there
are some studies extracting knowledge from various sources, the
knowledge may not be fully learned and utilized in the reasoning
process [4, 16–19, 30], and thus, intermediate steps generated by
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these methods often have factual errors (e.g., in Figure 1(b2), “Break-
ing a piece of glass is a chemical change” in Step1). To address this
issue, we propose a knowledge injection mechanism (KIM) that
retrieves related knowledge for the two stages.

Specifically, in SD, We identify and link concepts in the question
to an open-domain resource that provides background knowledge.
We adopt an existing method in [45] by first extracting queries from
question context then retrieving textual facts and concepts from
external knowledge bases. We used the parsing method in [45] to
extract noun phrases in the question text and options as our query
set. Next, we searched each query in Wikipedia and computed
the BERTScore [48] between the retrieved sentences and original
question text. For each question, the top-5 sentences (evaluated by
BERTSore) were added to our retrieved knowledge pool 𝐾 . We used
the same knowledge retrival method for all datasets.

The retrieved knowledge 𝐾 is in the form of plain-text (e.g., “A
chemical change...”) and is appended to the 𝑞𝑐𝑝𝑟𝑒𝑣 (e.g., What do
these two changes ...”) to form a knowledge-enhanced question con-
text 𝑞𝑐𝐾𝑝𝑟𝑒𝑣 as the input of the SubGen module (line 3 of Algorithm
1). In RG, we use the same method to get external knowledge. Then
in each step 𝑖 of rationale generation, we concatenate 𝐾 with 𝑞𝑐𝑖

𝑖𝑛

to form the knowledge-enhanced 𝑞𝑐𝐾𝑖
𝑖𝑛

as the input of𝑀𝑅𝐺 (line 3
of Algorithm 2), facilitating the generation of each 𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝑒𝑖 .

4 Experiments
4.1 Experimental Setup
4.1.1 Datasets & Baselines. We use three multi-step question an-
swering datasets to verify the effectiveness of our Dec-Eval, i.e., Sci-
enceQA, ComplexWebQuestions and AppQA. ScienceQA [21]
is a science question answering benchmark that requires multi-step
reasoning. ComplexWebQuestions [38] is a multi-step reasoning
dataset built onWebQuestions and Freebase.AppQA is a multi-step
QA dataset collected from a smart voice assistant of OPPO Co.,Ltd.

We take BART-Base [13], BART-Large, T5-Base [32] and T5-
Large as backbones (𝑀𝑅𝐺 ), and use the following methods as base-
lines: Seq2Seq, UnifiedQA [9], MMCoT [49], Tree of Thoughts
(ToT) [47], Least-to-Most [51] and Self-Refine [24]. We also
verify the effectiveness of Dec-Eval on LLMs in section 4.3.
• Seq2Seq We fine-tune the backbone models on the training
sets following [32] and [13], and directly use the fine-tuned
models to infer answers in test sets.
• UnifiedQA Khashabi et al. [9] designs a unified pretraining
framework for QA based on Seq2Seqmodels, which performs
well on various reasoning tasks.
• MMCoT Zhang et al. [49] proposes a two-stage framework
that separates rationale generation and answer inference.
• Tree-of-Thoughts(ToT) [47] allows language models to
perform deliberate decisionmaking by generating and search-
ing multiple different reasoning path.
• Least-to-Most [51] is a prompting method for LLMs that
breaks down a complex problem into a series of simpler
sub-questions and then solve them in a sequence without
evaluating the rationales.
• Self-Refine [24] generates an initial output using a language
model, then the same model provides feedback for its output
and uses it to refine itself.

4.1.2 Implementation details. In step decomposition (SD) (section 3.3),
we use the pretrained BERT [2] from huggingface1 as the text en-
coder 𝐸𝜉 for reasoning type classifier (RTC), and train RTC for 4
epochs using AdamW with learning rate 1e-5. We train a BART-
Large model for next sub-question generator (NSG) on all question
decomposition samples for 5 epochs. We set the batch size to 64 and
learning rate to 5e-6. In rationale generation (RG) (section 3.4), the
relevance score predictor 𝑅𝑆𝑃𝛽 is composed of a BERT encoder and
an MLP. We train 𝑅𝑆𝑃𝛽 on the extracted questions and correspond-
ing rationales for 5 epochs with learning rate 1e-5. In prefix-tuning
of NSG, we only modify the parameters of the MLP mapping 𝑣𝑞𝑐 to
𝑃𝑟 . In testing, we set 𝜀 for 𝑅𝑆𝑃𝛽 to 0.6, 0.4 and 0.8 on ScienceQA,
ComplexWebQuestions and AppQA respectively. Analysis of the
influence of the threshold is available in section 4.2.4. Dec-Eval
and all baselines incorporate the same retrieved knowledge for
fairness in comparison. In Dec-Eval’s implementation, we utilize
the knowledge injection mechanism (KIM) that leverages external
knowledge to guide both the step decomposition stage and the
rationale generation stage. For other baseline methods, external
knowledge is merely used to augment the question text.

ScienceQA and ComplexWebQuestions are public datasets. Ap-
pQA is a private dataset that contains multi-step questions collected
from a smart voice assistant, and thus we do not release the data.
For ScienceQA, we adhere to its original training and test set splits.
For ComplexWebQuestions, we utilize its validation set for testing.
For AppQA, we manually constructed a test set2.

4.2 Experimental Results
4.2.1 Overall Results. We conduct experiments to verify the effec-
tiveness of Dec-Eval, and report the results in Table 1. We use the
accuracy (ACC) as metric for ScienceQA where each question has
only one correct answer, and use the F1 score and exact match score
(EM) for ComplexWebQuestions and AppQA, as the questions may
have several answers. We statistically test the improvement of Dec-
Eval over baselines with paired t-test, and find the improvement to
be significant with 𝑝 ≤ 0.01 ∼ 0.05 (∗∗ : 𝑝 ≤ 0.01, ∗ : 𝑝 ≤ 0.05). We
get the following observations. First, Dec-Eval performs better than
all baselines, which demonstrates our framework is more effective
in enhancing backbone models’ reasoning ability. Second, Dec-Eval
significantly outperforms MMCoT in ScienceQA with all backbones
(BART-Base by 6.0%, BART-Large by 4.3%, T5-Base by 1.4% and
T5-Large by 1.1%). As MMCoT uses one single step to generate
rationales, Dec-Eval’s better performance indicates the significance
of the step decomposition stage. Third, the CoT-based methods (i.e.,
MMCoT and Dec-Eval) outperform UnifiedQA and Seq2Seq in all
cases, proving that generating rationales before inferring answers
is better. Moreover, Dec-Eval is superior to Least-to-Most which
does not evaluate intermediate rationales, confirming the rational-
ity of our evaluation approach for reasoning steps. Last, Dec-Eval
remarkably outperforms recent SOTA frameworks, i.e., ToT [47]
and Self-Refine [24], which do not decompose the question, suggest-
ing that in answering multi-step questions, planning the reasoning
steps in advance through question decomposition is more effective.

1https://huggingface.co/transformers
2Our codes are available at https://github.com/ShangziXue/DecEval
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Table 1: Overall results on ScienceQA, ComplexWebQuestions and AppQA. Backbone names: BARTB = BART-Base; BARTL =
BART-Large; T5B = T5-Base; T5L = T5-Large. (∗∗ : 𝑝 ≤ 0.01, ∗ : 𝑝 ≤ 0.05).

Datasets ScienceQA ComplexWebQuestions AppQA

Backnones BARTB BARTL T5B T5L BARTB BARTL T5B T5L BARTB BARTL T5B T5L
Metrics ACC ACC ACC ACC F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM

Seq2Seq 0.565 0.615 0.672 0.700 0.852 0.765 0.863 0.778 0.866 0.791 0.870 0.805 0.598 0.449 0.608 0.451 0.614 0.460 0.628 0.463

UnifiedQA 0.623 0.652 0.701 0.734 0.861 0.770 0.866 0.779 0.870 0.801 0.871 0.809 0.603 0.456 0.610 0.457 0.617 0.463 0.629 0.466

MMCoT 0.644 0.692 0.851 0.923 0.864 0.775 0.868 0.785 0.870 0.804 0.873 0.808 0.603 0.457 0.613 0.461 0.618 0.465 0.630 0.466

ToT 0.633 0.665 0.712 0.787 0.859 0.772 0.862 0.776 0.869 0.793 0.865 0.799 0.601 0.453 0.610 0.455 0.615 0.462 0.628 0.464

Least-to-Most 0.652 0.677 0.743 0.826 0.868 0.774 0.865 0.779 0.870 0.798 0.871 0.803 0.606 0.457 0.617 0.460 0.619 0.466 0.631 0.466

Self-Refine 0.643 0.671 0.739 0.818 0.861 0.772 0.863 0.778 0.870 0.796 0.870 0.797 0.603 0.451 0.616 0.457 0.616 0.464 0.631 0.464

Dec-Eval 0.683** 0.722** 0.863** 0.934** 0.872* 0.789* 0.874* 0.807* 0.879* 0.812* 0.882* 0.818* 0.616* 0.466* 0.621* 0.474* 0.627* 0.472* 0.638* 0.473*

Table 2: Ablation studies on three pretrained models (i.e., RTC, NSG, RSP) and Knowledge Injection Mechanism (KIM). BARTB
= BART-Base; BARTL = BART-Large; T5B = T5-Base; T5L = T5-Large.

Datasets ScienceQA ComplexWebQuestions AppQA

Backbones BARTB BARTL T5B T5L BARTB BARTL T5B T5L BARTB BARTL T5B T5L
Metrics ACC ACC ACC ACC F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM

w/o RTC 0.652 0.705 0.801 0.881 0.855 0.766 0.866 0.776 0.868 0.792 0.870 0.809 0.601 0.450 0.609 0.453 0.616 0.462 0.629 0.462
w/o NSG 0.644 0.671 0.755 0.823 0.853 0.765 0.863 0.777 0.866 0.791 0.870 0.806 0.599 0.449 0.608 0.452 0.615 0.460 0.628 0.462
w/o RSP 0.663 0.693 0.821 0.865 0.859 0.767 0.864 0.777 0.870 0.796 0.871 0.808 0.602 0.453 0.610 0.456 0.617 0.460 0.629 0.465
w/o KIM 0.668 0.694 0.850 0.918 0.861 0.776 0.863 0.785 0.865 0.799 0.867 0.806 0.602 0.451 0.607 0.459 0.613 0.460 0.620 0.457
Dec-Eval 0.683 0.722 0.863 0.934 0.872 0.789 0.874 0.807 0.879 0.812 0.882 0.818 0.616 0.466 0.621 0.474 0.627 0.472 0.638 0.473

6.2%75.1%

11.5%
7.2%

ComplexWebQuestions

17.5%
65.1%

10.2%
7.2%

AppQA

5.0%

52.6%

25.1%
17.3%
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1-step 2-step 3-step 4-step

Figure 4: The proportion of number of reasoning steps.

4.2.2 Ablation Study. We conduct ablation experiments to study
the effects of four key components: RTC, NSG, RSP and KIM (
Table 2). Here we introduce four variants of Dec-Eval: “w/o RTC”
removes the prefix-tuning process of NSG so that the “logical clues”
extracted by RTC is not used in NSG; “w/o NSG” uses the untrained
NSG in question decomposition; “w/o RSP” removes 𝑅𝑆𝑃𝛽 and
makes no evaluation on the rationales; “w/o KIM” removes KIM in
both stages. We can observe that Dec-Eval performs better than all
variants, which indicates that all the four components are necessary.
Besides, the performances of “w/o NSG” are the lowest, which
means the question decomposition part in the SD stage may be the
most important for our Dec-Eval framework.
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Figure 5: Human evaluation of Reasoning Step ACC.

4.2.3 Analyses of Reasoning Steps. We investigate the reasoning
steps generated by Dec-Eval from the perspectives of both sub-
questions and rationales. We first calculate the number of the de-
composed sub-questions, and then assess the correctness of the
generated rationales.

Number of Reasoning Steps.We use Dec-Eval (T5-Large) to
decompose questions, and define the sub-questions as the steps. We
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Figure 6: The performance of Dec-Eval under different RSP threshold 𝜀.

Table 3: Experimental results about Knowledge Injection Mechanism (KIM) performance over two stages (SD and RG). Backbone
names: BARTB = BART-Base; BARTL = BART-Large; T5B = T5-Base; T5L = T5-Large.

Datasets ScienceQA ComplexWebQuestions AppQA

Backbones BARTB BARTL T5B T5L BARTB BARTL T5B T5L BARTB BARTL T5B T5L
Methods ACC ACC ACC ACC F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM

Dec-Eval-K1 0.672 0.705 0.851 0.921 0.863 0.779 0.865 0.797 0.868 0.802 0.872 0.809 0.605 0.455 0.611 0.462 0.616 0.461 0.629 0.462

Dec-Eval-K2 0.674 0.711 0.855 0.923 0.865 0.779 0.865 0.799 0.870 0.804 0.874 0.810 0.608 0.459 0.614 0.466 0.617 0.463 0.630 0.466

Dec-Eval 0.683 0.722 0.863 0.934 0.872 0.789 0.874 0.807 0.879 0.812 0.882 0.818 0.616 0.466 0.621 0.474 0.627 0.472 0.638 0.473

report the proportion of the number of reasoning steps in Figure 4.
We can observe that 2-step questions account for the vast majority,
and there are no questions with more than 4 steps. Besides, the
proportion of 3-step and 4-step questions in ScienceQA is larger
than the other two datasets, which indicates that ScienceQA dataset
has more complex questions that require more reasoning steps.

Accuracy of Reasoning Steps. We also evaluate the correct-
ness of reasoning steps for the rationales generated by Dec-Eval
and baselines with different backbones. We randomly sampled 100
questions from ScienceQA [21]. Then, 5 annotators were asked to
compared the model-generated rationales with the ground truth
rationales to determine whether the reasoning steps are accurate.
For each question, each annotator should select one from two op-
tions: (1) Accurate (no missing or incorrect reasoning steps), (2)
Inaccurate (having missing or incorrect reasoning steps). After all
annotators had made their selections, we employed a majority vote
method to determine whether the rationales are “accurate”. We
count the number of questions (N) with correct generated reason-
ing steps, and evaluate the Reasoning Step ACC (N/100). The results
are shown in Figure 5. We can get the following observations. First,
the reasoning step ACC of Dec-Eval is higher than all baseline meth-
ods, proving that Dec-Eval can generate more complete reasoning
steps. Besides, the performance improvements on T5(Base & Large)
are greater than improvements on BART(Base & Large), showing
that the Dec-Eval enhances larger model’s reasoning ability better.

4.2.4 Analysis of Rationale Evaluation Threshold. Here, we an-
alyze the influence of threshold 𝜀 of RSP in RG. We take 𝜀 ∈
{0, 0.2, 0.4, 0.6, 0.8, 1.0} and show the results in Figure 6. 𝜀 = 1
means the generated rationale at each step is not used in next
step, and 𝜀 = 0 means the generated rationale at each step must
be used in next step. We observe on ScienceQA that the ACC of
Dec-Eval shows an increasing trend when 𝜀 increases from 0 to
0.6, but declines immediately if 𝜀 continues to increase. We also

observe similar trends for F1 and EM on ComplexWebQuestions
and AppQA. This is probably because setting 𝜀 too high or too low
may have detrimental effects on Dec-Eval to retain an appropriate
part of relevant rationales for inference. Thus we set 𝜀 = 0.6 on
ScienceQA in our experiments, which is approximately the best
value for all backbone models. Similarly, we set 𝜀 = 0.4 and 𝜀 = 0.8
in ComplexWebQuestions and AppQA respectively according to
observation of the changes of F1 and EM.

4.2.5 Analysis about KIM Performance on Two Stages. We conduct
another study to further investigate the difference between employ-
ing KIM in the Step Decomposition (SD) stage and in the Rationale
Generation (RG) stage. We design another two variants of Dec-Eval:
“Dec-Eval-K1” and “Dec-Eval-K2”. “Dec-Eval-K1” only incorporates
𝐾 in SD stage while “Dec-Eval-K2” only incorporates 𝐾 in RG stage.
As shown in Table 3, Dec-Eval performs better than “Dec-Eval-K1”
and “Dec-Eval-K2” in all datasets, which indicates the necessity to
incorporate knowledge in both stages. Besides, in most cases, incor-
porating external knowledge on the RG (“Dec-Eval-K2”) results in
a more pronounced improvement, which demonstrates that it may
be more effective to incorporate knowledge in rationale generation
than in question decomposition.

4.2.6 Case Study. Finally, we conduct case studies to show the
complete and interpretable rationales generated by Dec-Eval.

First, we present one typical case from ScienceQA in Table 4
to show how Dec-Eval (with BART-Large backnone) corrects the
missing step in the rationales of CoT (with BART-Large backnone).
As shown in Table 4, CoT(BART-Large) overlooked the step of
analyzing “A piece of apple turning brown...”, thereby generating
an incomplete reasoning chain. However, Dec-Eval(BART-Large)
can generate the missing analysis step (“A piece of apple turning
brown is also a chemical change”), guided by Subq2 (“Is a piece
of apple turning brown a physical change...?”) in the decomposed
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Table 4: Case 1 of Dec-Eval in ScienceQA. Dec-Eval supple-
ments the missing steps in BART-Large (“A piece of apple
turning brown...”), guided by the generated Subq2 (“Is a piece
of apple turning brown...?”).

Question Context:What do these two changes have in common?
Compost rotting; A piece of apple turning brown. Options: (A)Both
are physical changes. (B)Both are chemical changes.(!)
CoT(BART-Large)’s Rationales: Compost rotting is a chemical change. As
the compost rots, it breaks down and turns into a different type of matter.
Both are chemical changes.
Dec-Eval (BART-Large)’s Rationales: Compost rotting is a chemical
change. As the compost rots, it breaks down and turns into a different
type of matter. A piece of apple turning brown is also a chemical change.
Both are chemical changes.
Dec-Eval Generated Sub-questions:
Subq1: Is Compost rotting a physical change or a chemical change?
Subq2: Is a piece of apple turning brown a physical change or a
chemical change?
Subq3: What do they have in common?

Table 5: Case 2 of Dec-Eval(with GPT3.5 backbone) in Com-
plexWebQuestions. Dec-Eval successfully avoided generating
rationales that contain factual errors (highlighted in red).

Question Context:Which tourist attractions in Sydney, Australia opened
after 1950? Options: (A) Sydney Opera (!) (B) Melbourne Skydeck ...
CoT(GPT3.5)’s Rationales: ...Sydney Opera opened in 1932
and Melbourne Skydeck is a popular tourist attraction situated in Sydney,
Australia opened in 1950...
CoT(GPT3.5)’s Choice:Melbourne Skydeck(%)
Dec-Eval(GPT3.5)’s Rationales: ......Sydney Opera House opened
in 1973, which is one of the most iconic landmarks in Sydney, the
Sydney Opera House is renowned for its unique architecture and hosts
various performing arts events......
Dec-Eval(GPT3.5)’s Choice: Sydney Opera(!)

sub-questions. Although both methods reach the correct conclu-
sion (“Both are chemical changes”), our Dec-Eval enhances the
completeness of inference.

Then we conduct another case study to verify Dec-Eval can ef-
fectively avoid factual errors when generating rationales. In Table 5,
we compare the rationales generated by Dec-Eval(T5-Large) and
those generated by CoT(T5-Large), and we also present the final
answers that they predicted. As we can see in Table 5, the CoT
(GPT3.5)’s rationales contain certain factual inaccuracies, which
are highlighted in red, for example, stating that “Sydney Opera
opened in 1932” and “Melbourne Skydeck is a popular tourist at-
traction situated in Sydney”. These errors mislead the model into
selecting the wrong answer, “Melbourne Skydeck”. Conversely, the
rationales generated by Dec-Eval (GPT3.5)(highlighted in blue), are
factually accurate (“Sydney Opera House opened in 1973...”). Using
the correct rationales in the answer inference, Dec-Eval’s method
generates the correct answer “Sydney Opera”.

4.3 Verification of Dec-Eval on LLMs
To verify that our Dec-Eval is also effective on large language
models (LLMs), we take two open-source LLMs: LLaMA-7B [39]

Table 6: Comparison between CoT and Dec-Eval with three
LLMs(LLaMA-7B, ChatGLM-6B, GPT-3.5). (∗ : 𝑝 ≤ 0.05). (CWQ
= ComplexWebQuestions). Dec-Eval outperforms CoT with
different LLMs as backbones.

Model ScienceQA(ACC) CWQ(F1)
LLaMA-7B + CoT 0.712 0.874
LLaMA-7B + Dec-Eval 0.745* 0.877*
ChatGLM-6B + CoT 0.668 0.868
ChatGLM-6B + Dec-Eval 0.705* 0.872*
GPT3.5 + CoT 0.792 0.871
GPT3.5 + Dec-Eval 0.823* 0.882*

and ChatGLM-6B [3], and one API-based LLM GPT-3.5 as back-
bones. Our experiments compared the performance of the tradi-
tional Chain-of-Thoughts (CoT) method [41] with our Dec-Eval
approach on two benchmark datasets: ScienceQA and ComplexWe-
bQuestions. The results, as detailed in Table 6, demonstrate that
Dec-Eval significantly enhances the accuracies and F1 scores across
all tested LLMs when compared to CoT. These improvements are
statistically significant (𝑝 ≤ 0.05, marked with ∗) and highlight the
effectiveness of our framework.

These results further underscore the adaptability of Dec-Eval
to different underlying models, showing that it not only enhances
performance but also maintains robustness across diverse LLM
architectures. The consistent improvement also suggests that Dec-
Eval may be a valuable addition to the current methodologies used
to augment the reasoning capabilities of LLMs.

5 Conclusion
In this paper, we proposed a two-stage Decomposition-Evaluation
(Dec-Eval) framework for generating more complete and inter-
pretable rationales in answering multi-step questions. Dec-Eval is
a general framework for enhancing backnone models’ reasoning
ability. In the Step Decomposition (SD) stage, we proposed a novel
SubGen module, which can decompose the original question into
multiple sub-questions by capturing and utilizing logically “key
clues”. This stage can effectively allieviate the step missing issue
in multi-step reasoning. Then in the Rationale Generation (RG)
stage, the framework generated rationales based on the decom-
posed sub-questions and used a relevance evaluation strategy to
enhance the quality of the rationales. Moreover, we proposed a
knowledge injection mechanism (KIM) that extracted and incorpo-
rated external knowledge to guide both Step Decomposition stage
and Rationale Generation stage. Extensive experiments on three
challenging multi-step question answering datasets demonstrated
that, with both small models and LLMs as backbones, our frame-
work Dec-Eval can generate more logical and explainable rationales,
achieving superior performances over all baselines.
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