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Abstract

Elucidating the reasoning process with struc-
tured explanations from question to answer is
crucial, as it significantly enhances the inter-
pretability, traceability, and trustworthiness of
question-answering (QA) systems. However,
structured explanations demand models to per-
form intricately structured reasoning, which
poses great challenges. Most existing meth-
ods focus on single-step reasoning through su-
pervised learning, ignoring logical dependen-
cies between steps. Moreover, existing rein-
forcement learning (RL) based methods over-
look the structured relationships, underutiliz-
ing the potential of RL in structured reason-
ing. In this paper, we propose SEER, a novel
method that maximizes a structure-based re-
turn to facilitate structured reasoning and ex-
planation. Our proposed structure-based re-
turn precisely describes the hierarchical and
branching structure inherent in structured rea-
soning, effectively capturing the intricate rela-
tionships between different reasoning steps. In
addition, we introduce a fine-grained reward
function to meticulously delineate diverse rea-
soning steps. Extensive experiments show that
SEER significantly outperforms state-of-the-
art methods, achieving an absolute improve-
ment of 6.9% over RL-based methods on En-
tailmentBank, a 4.4% average improvement
on STREET benchmark, and exhibiting out-
standing efficiency and cross-dataset general-
ization performance. Our code is available at
https://github.com/Chen-GX/SEER.

1 Introduction

Navigating machines to understand and articulate
the thought process from posing a question to ar-
riving at an answer has been a long-term pursuit
in the AI community (McCarthy, 1959; Yu et al.,
2023). Current QA explainable systems adeptly fur-
nish brief supporting evidence (Rajani et al., 2019;
DeYoung et al., 2020). However, they often fail to
clarify the reasoning process from prior knowledge

Q: Which natural material is best for making a table? o
A: sturdy wood g (1]
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Figure 1: An example of structured explanation. Given
a hypothesis h (a declarative sentence derived from a
question-answer pair) and a set of facts (or corpus), the
goal is to generate a structured explanation, which delin-
eates the reasoning process from facts to the hypothesis.

to the derived answer. By elucidating the reasoning
process of answers generation from the language
models, we can greatly improve interpretability,
trustworthiness, and debuggability (Dalvi et al.,
2021; Ribeiro et al., 2023). As illustrated in Fig-
ure 1, when generating answers for the question
"Which natural material is best for making a ta-
ble?", the reasoning process with structured expla-
nations, such as entailment trees (Dalvi et al., 2021)
or reasoning graphs (Ribeiro et al., 2023), explains
why "sturdy wood" is the best answer.

Deriving such complex structured explanations
poses a great challenge. Previous methods (Dalvi
et al., 2021; Tafjord et al., 2021) consider struc-
tured explanations as linearized sequences and
generate the entire reasoning process in one go.
However, these methods lack controllability and
may hallucinate unreliable reasoning steps. To ad-
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Method  Training Emphasis ~ Runtime  Return
RLET  multi-step reasoning 9.34s chained
FAME single-step reasoning  30.77s /
Ours structured reasoning 391s  structured

Table 1: Comparative analysis of different methods:
RL-based method, RLET (Liu et al., 2022), supervised
method, FAME (Hong et al., 2023), and our approach.

dress these concerns, recent studies (Hong et al.,
2022; Neves Ribeiro et al., 2022; Yang et al.,
2022) decompose structured explanations and fo-
cus on single-step reasoning via supervised learn-
ing. Nevertheless, this kind of approach may not
always yield optimal results as they fail to con-
sider the interdependencies between different steps.
FAME (Hong et al., 2023) attempts to compensate
for these shortcomings by leveraging Monte-Carlo
planning (Kocsis and Szepesvari, 2006), which
significantly increases the running time and inad-
vertently explores numerous ineffective steps (as
shown in Table 1). Furthermore, FAME still con-
centrates on isolated single-step reasoning, which
lacks support for structured reasoning. As a gen-
eral framework for solving sequential decision-
making problems, reinforcement learning (RL) is
employed in RLET (Liu et al., 2022) to enhance
multi-step reasoning. However, RLET defines the
return (a.k.a. cumulative reward) using the stan-
dard chain structure, thus lacking the ability to rep-
resent the tree (Dalvi et al., 2021) or graph (Ribeiro
et al., 2023) logical structures inherent in struc-
tured reasoning. As a result, the potential of RL for
structured reasoning is not fully exploited.

To address the above issues, we propose SEER, a
novel method that facilitates Structured rEasoning
and Explanation via Reinforcement learning. In
structured reasoning, we observe that the logical
dependencies between different steps no longer fol-
low a chained trajectory but instead adhere to the
inherent tree or graph structure. Therefore, we
propose the structure-based return to precisely de-
scribe a tree or graph logical structure, effectively
capturing the complex interdependencies between
different steps. Additionally, we refine the reward
function to meticulously delineate diverse reason-
ing steps, specifically targeting redundant ones that
do not contribute to the final structured explana-
tions. Through experiments in Sec. 5.4, we find
that redundant steps represent the exploration in
the environment, and appropriate penalization con-
tributes to improved reasoning performance.

Our contributions are summarized as follows:

e We propose SEER, a novel RL-based method that
facilitates structured reasoning and explanation. To
our knowledge, SEER is the first general frame-
work that accommodates scenarios of chained, tree-
based, and graph-based structured reasoning.

e We propose the structure-based return to address
the intricate interdependencies among different rea-
soning steps, effectively stimulating the potential
of RL in structured reasoning.

e We conduct extensive experiments to demonstrate
the superiority of SEER over state-of-the-art meth-
ods. Our method facilitates the effectiveness and
efficiency of structured reasoning and exhibits out-
standing cross-dataset generalization performance.

2 Related Work

2.1 Explanation for Question Answering

Extensive research has delved into various forms of
interpretability in QA systems (Thayaparan et al.,
2020; Wiegreffe and Marasovic, 2021; Lamm et al.,
2021; Chen et al., 2023). Different from the free-
form texts susceptible to hallucinations (Rajani
et al., 2019; Wei et al., 2022) or the rationales
that only provide supporting evidence (DeYoung
et al., 2020; Valentino et al., 2021), the structured
explanations, such as the entailment trees (Dalvi
et al., 2021) and reasoning graphs (Ribeiro et al.,
2023), offer a novel way to generate explanations.
These structured methods utilize tree or graph for-
mats to clearly outline what information is used
and how it is combined to reach the answer. De-
spite the remarkable interpretability, the intricately
structured reasoning also poses significant chal-
lenges (Yu et al., 2023; Xu et al., 2023).

2.2 Natural Language Reasoning

Natural language reasoning, a process that inte-
grates multiple knowledge to derive new conclu-
sions, has attracted significant attention (Saha et al.,
2020; Tafjord et al., 2021; Sanyal et al., 2022; Chen
et al., 2024). Among these, the entailment trees and
reasoning graphs, which involve structured reason-
ing and reasoning path generation tasks, present
considerable challenges (Yu et al., 2023). Dalvi
et al. (2021) attempt to transform structured rea-
soning into a linearized sequence to fit generative
models, which may generate hallucinations and in-
valid reasoning. To alleviate this issue, recent stud-
ies (Neves Ribeiro et al., 2022; Hong et al., 2022;
Neves Ribeiro et al., 2022; Hong et al., 2023) per-
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form premises selection and reasoning in a step-by-
step manner. Nevertheless, these methods decom-
pose structured reasoning and solely leverage iso-
lated single-step supervision to train models. This
kind of approach neglects the interdependencies be-
tween different steps, which may not always yield
optimal results. Therefore, in light of the advance-
ments of RL in various reasoning tasks (Poesia
et al., 2021; Le et al., 2022), RLET (Liu et al.,
2022) attempts to incorporate RL into the entail-
ment trees. However, it has to enumerate all poten-
tial actions, which is unacceptable for practical sce-
narios. Furthermore, RLET still defines returns in
chained trajectories to facilitate multi-step reason-
ing, which is not suitable for tree/graph-based struc-
tured reasoning. In contrast, our SEER showcases
superior adaptability to chained, tree-based, and
graph-based structured reasoning via the structure-
based return, which significantly enhances both the
reasoning performance and efficiency.

3 Method

3.1 Task Formulation

As illustrated in Figure 1, the input of the task com-
prises a set of facts X = {x1,x9,...,2,} and a
hypothesis h. The output of the task is the reason-
ing steps in a structured form, such as an entailment
tree T or a reasoning graph'. The entailment tree
T consists of tree-structured reasoning, whose leaf
nodes are selected from the relevant facts (x.) and
intermediate nodes represent the derived interme-
diate conclusions (7). We represent the annotated
ground-truth entailment tree as T4, with its leaf
nodes signifying X 4/4.

3.2 Overview

We model the structured reasoning as a reinforce-
ment learning (RL) task, the goal of which is to
learn the optimal reasoning policy. Figure 2 il-
lustrates the overall framework of SEER, which
mainly includes trajectory rollout and policy opti-
mization. For trajectory rollout, we generate tra-
jectories based on the current policy, and each tra-
jectory is produced iteratively until the stopping
criteria are satisfied (Appendix C.1). For policy
optimization, we assign rewards to the collected

! Although the reasoning graph (Ribeiro et al., 2023) is a
more general structure, to be consistent with the majority of
previous work, we use the entailment tree (Dalvi et al., 2021)
as an example to formalize the task and illustrate our method.
Our proposed method is also applicable to the task described
in the form of a reasoning graph.

trajectories and update both the policy and critic
using the structure-based return. Algorithm 1 (Ap-
pendix A) outlines our proposed method for further
reference.

3.3 Fine-grained Component of SEER

State At reasoning step ¢, we define the state
st = {h, P;,C}} as a combination of the hypoth-
esis h, existing reasoning steps P; and candidate
sentences Cy. P; contains the reasoning steps so far,
and C; is the set of sentences that can be selected
as premises. Each sentence in C} is either unused
facts or intermediate conclusions [; generated by
previous steps, i.e., C; = {X U I;\U,;}, where U;
is the set of used sentences. For the initial state,
§1 = {h,Pl =0,C = X}

Action Given the state s;, we consider two types
of actions a; € A(s¢): (1) "Reason: <premises>":
the entailment module is invoked to generate
a new intermediate conclusion ¢; based on the
given <premises>. Here, <premises> are selected
from C;. Then, the state is updated as follows:
P11 = P, U {<premises> — i;}, Upy1 = U U
{<premises>}, and I;+; = I; U {i;}. (2) "End":
This action signifies the end of the reasoning pro-
cess and returns the trajectory 7.

Policy The action type "Reason: <premises>" in-
duces a large action space, since premises can be
any combination of sentences from the candidate
set C'. To enumerate the probabilities of all poten-
tial actions and then sample an action to execute,
previous studies (Liu et al., 2022; Hong et al., 2022)
limit combinations to pairwise premises, such that
the action space is reduced to (72’), where 7 is the
size of the set C'. However, such a simplification
incurs some potential drawbacks. First, as the num-
ber of candidate sentences increases, the number
of potential actions grows exponentially. This ren-
ders them impractical for complex reasoning tasks
with limited computational resources. Second, by
restricting combinations to pairs only, the interde-
pendencies among multiple premises are ignored,
which may limit the effectiveness and richness of
the derived conclusions.

To address this issue, we adopt a generative
model to represent the policy 7, which can directly
sample from the action space A(s;). Using the
generative model essentially expands the action
space where the combinations of premises can be
arbitrary. This enables the policy to extensively
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Figure 2: Overall framework of SEER. For trajectory rollout, action generation (Policy) and conclusion generation
(entitlement) are performed alternately. The orange area details the reasoning process from s; to s;1. For policy
optimization, the reward module assigns rewards and updates the policy and critic based on tree or graph structures.

explore better actions during RL training, not lim-
ited to paired premises. Further, to speed up RL
training, we first generate the top-% actions using
policy 7:

al,a?, .. af ~ n(alsy),

a€ A(sy), (1)

where the input is a linearized state s; (i.e., the con-
catenation of h, P;, and Cy). Then, we proceed with
re-normalization to form an appropriate probabil-
ity distribution over the top-k actions, and sample
from it to select the action a; to be performed in
the current reasoning step, that is,

m(als:)

7 (af]se) = —pet®t)__
k )
S m(adls)

i=1,...k (2

ag ~ 71'I(a|st)7 a < {az}vaga --‘7az]‘,€}' (3)

Entailment Module If the action a; is "Reason:
<premises>", we invoke the entailment module to
derive the intermediate conclusion to obtain the
next state. The entailment module is also a genera-
tive model with its input being <premises>. Follow-
ing Hong et al. (2022); Liu et al. (2022), we fine-
tune the entailment model in a supervised manner
and freeze the parameters during the reinforcement
learning process, as shown in Figure 2.

Reward To evaluate the correctness of the entail-
ment tree, Dalvi et al. (2021) proposed an align-
ment algorithm based on Jaccard similarity to align
each intermediate node of the predicted tree Tpreq
with T01q. However, different from the fully super-
vised learning methods, we observe that during the
RL process, the policy explores different actions to

identify the optimal reasoning process, inevitably
attempting some redundant steps that do not con-
tribute to reaching the final hypothesis. Existing
RL-based work (Liu et al., 2022) simply treats re-
dundant steps with the same penalty as erroneous
steps. This simplification may negatively affect
the learning process which discourages necessary
exploration in the action space. Furthermore, it
lacks detailed feedback to guide the policy toward
optimal policy, as it fails to differentiate between
innocuous actions (redundant steps) and incorrect
actions (erroneous steps).

To this end, we propose a fine-grained reward
function that assigns different reward values for cor-
rect steps, erroneous steps, and redundant steps, as
shown in Equation 4. For a trajectory 7, we assume
that the last intermediate conclusion is our pre-
dicted hypothesis since the policy deems it should
End here. Then, we backtrack to construct the pre-
dicted entailment tree Tpeq (see Appendix C.6 for
more details). Note that there might be some steps
not participating in 7.4, which are regarded as
redundant steps. Then, as illustrated in Figure 5,
we consider steps that perfectly match via the align-
ment algorithm (Dalvi et al., 2021) as correct steps
and regard others as erroneous steps.

1, if perfectly match,
re = —0.5, if it & Tpred, 4)
-1, otherwise.

Critic To enhance training stability, we introduce
the critic to estimate the state-value function V'(s;).
The input of V(s;) is a linearized state, and its
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output is a scalar representing the return (i.e., cu-
mulative reward) when starting from state s;. In
the simplest case, the return is the chained sum of
the rewards. Accordingly, one-step temporal differ-
ence (TD) (Sutton, 1988) is often used to estimate
V' (s¢), which is updated by the TD-target:

Gy =71+ YV (st41), )

where 7 is the discount factor. However, in struc-
tured reasoning, reasoning steps typically adhere to
inherent tree (Dalvi et al., 2021) or graph (Ribeiro
et al., 2023) structures, with the chained structure
being merely a special case. Thus, Equation 5 just
describes the chained multi-step reasoning, which
may not effectively capture the intricate logical de-
pendencies between steps in structured reasoning.

Therefore, we propose the structure-based return,
where the TD-target is expressed in a more general
formulation:

A 1
Gt:mﬂW(St)sZ V(sj), (6)

where P(s;) represents the parent node of state
s¢ in the entailment tree Tpeq O reasoning graph.
When s; ¢ Tpred, P(5¢) = S¢+1. It can be seen that
our structure-based return (Equation 6) adapts to
structured reasoning involving chained, tree-based
and graph-based structured scenarios. Especially,
entailment tree is a special case of the reasoning
graph, in which each state typically has only one
parent node, and thus Equation 6 degenerates into
Gt = r¢ +~yV(P(s;)). Furthermore, as shown in
Figure 6 (Appendix E), for equivalent trajectories
S1 — S9 — S3 — sq4 and s — Ss1 — S3 — S4,
previous method (Liu et al., 2022) would assign
different returns for state s; and sz, even though
they represent the same tree in the end. Conversely,
our method, by precisely delineating the intricate
interdependencies between reasoning steps, consis-
tently allocates the same return to any equivalent
trajectories, thereby enhancing both stability and
effectiveness.

3.4 Optimization

Our objective is to enhance the structured reason-
ing capabilities of the policy through RL. To allevi-
ate issues of training instability and sample ineffi-
ciency in RL (Zhou et al., 2023; Roit et al., 2023),
we employ the proximal policy optimization (PPO)
algorithm (Schulman et al., 2017) to train the policy

7 (parameterized by #), as follows:

!
mp(aglse) ~ .
————— A, cli
o (adds) e

my(a|st)

i 152)”

L; = E;[min (
™
L= 1+¢)) A+ BE(mp))

(N
where 7’ represents the probabilities normalized by
Equation 2, # and 6,4 are parameters of the new
and old policies, € is a hyperparameter defining the
clipping range, (3 is the entropy exploration coeffi-
cient, and £ is the entropy bonus, which encourages
sufficient exploration:

E(mp) = Bapmy [~ log my(aufsy)].  (8)

Futhermore, A, is the estimate of the advantage
function for state s;, defined as follows:

Ay =Gy —V(sy). 9)

To accurately evaluate return and guide the pol-
icy towards better updates, we train the critic by
minimizing the difference between its prediction
and the TD-target:

Ly =B [(V(s) - Gt)Q] . (10)

Supervised Warm-up Incorporating the super-
vised warm-up strategy before RL offers a rela-
tively stable initial policy, which facilitates faster
adaptation to the environment, particularly for com-
plex reasoning tasks (Ramamurthy et al., 2023; Wu
et al., 2023). Therefore, we convert the structured
reasoning into single-step supervised data to warm
up the policy as follows:

Ewarmup = _Zlogp(yi"gtay<i)' (11)

7

where y is the golden action at s;.

4 Experiments

4.1 Datasets

Tree-structured reasoning We conduct exper-
iments on EntailmentBank (Dalvi et al., 2021),
the first dataset that supports structured explana-
tion with entailment trees. Following (Hong et al.,
2023), we also conduct experiments on Entailment-
BankQA (Tafjord et al., 2022), whose objective is
to reach the answer based on the entailment tree.

Graph-structured reasoning We conduct ex-
periments on the STREET benchmark (Ribeiro
et al., 2023) to assess the performance of graph-
structured reasoning. Please refer to Appendix B
for more details about the dataset statistics.
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4.2 Baselines

For EntailmentBank, we compare with single-pass
methods, such as EntailmentWriter (Dalvi et al.,
2021), and step-by-step methods including MET-
GEN (Hong et al., 2022), IRGR (Neves Ribeiro
et al.,, 2022), RLET (Liu et al., 2022), NL-
Proofs (Yang et al., 2022) and FAME (Hong et al.,
2023). For EntailmentBankQA, we compare with
Selection-Inference (SI) (Creswell and Shanahan,
2022) and FAME (Hong et al., 2023). For the
STREET benchmark, we compare with the method
proposed in (Ribeiro et al., 2023). Furthermore, we
conduct comparisons with GPT-4 (OpenAl, 2023)
equipped with Chain-of-Thought (CoT) (Wei et al.,
2022), Tree of Thought (ToT) (Yao et al., 2023a)
and ReAct (Yao et al., 2023b).

4.3 Implementation Details

For a fair comparison?, the policy is built with a
T5-large model (Raffel et al., 2020), while the critic
is the encoder of T5-large combined with a MLP
(tanh as the activation function). For a supervised
warm-up, we set a learning rate of le-5, a batch size
of 16, and train the model for 20 epochs. For RL
training, we set learning rate 2e-6 for both policy
and critic, discounter factor v as 0.95, batch size
as 3, buffer size as 12, buffer training epochs Nx
as 2, e as 0.2, and 3 as le-4. More implementation
details can be found in Appendix C.

4.4 Evaluation Metrics

For EntailmentBank, we evaluate T},eq with the fol-
lowing dimensions: Leaves, Steps, Intermediates,
and Overall AllCorrect. For STREET benchmark,
we evaluate the reasoning graphs with two dimen-
sions: Answer Accuracy and Reasoning Graph Ac-
curacy. Note that Overall AllCorrect and Reason-
ing Graph Accuracy are extremely strict metrics,
where any deviations will result in a score of 0.
More metrics details can be found in Appendix D.

5 Result Analysis

5.1 Structured Reasoning

EntailmentBank As shown in Table 2, our SEER
outperforms all baseline methods on the most strict
metric, "Overall AllCorrect", across all three tasks.

Previous studies have consistently utilized T5-large as
the base model. Despite the existence of more advanced
generative models (Du et al., 2022; Touvron et al., 2023),
using T5-large enables us to maintain a fair comparison.

Specifically, our method achieves an absolute im-
provement of 1.7%/1.4%/1.0% in Task 1/2/3 com-
pared to the strongest baseline. The steps dimen-
sion, i.e., premises selection, is the core of En-
tailmentBank>, contributing to enhancing the ac-
curacy of both leaves and intermediates dimen-
sions, thereby improving the overall AllCorrect
metric. (1) Compared to SOTA supervised meth-
ods, such as NLProofs and FAME, our method ex-
hibits significant advantages in the steps dimension.
This demonstrates that focusing solely on isolated
single-step reasoning through supervised learning
may yield suboptimal solutions in intricate struc-
tured reasoning tasks, even though employing ad-
vanced planning algorithms, such as Monte-Carlo
planning in FAME. (2) Compared to the SOTA RL-
based method, our method outperforms RLET by
5.8%/9.0%/6.0% in Task 1/2/3. Our method em-
ploys a generative model as the policy to circum-
vent the issue of enumerating actions, facilitating
the policy’s understanding of structured reasoning
tasks (generating potential actions by itself). More-
over, our proposed structure-based return more ef-
fectively captures the tree-structured logical depen-
dencies between steps and can assign stable returns
for equivalent trajectories, which significantly im-
proves reasoning abilities. Subsequent ablation
studies will further demonstrate this. (3) Compared
to GPT-4 with CoT, ToT, and ReAct, our method
achieves an absolute improvement of 1.9% in Task
3. Although GPT-4 exhibits outstanding reasoning
capabilities surpassing many other baselines, its
performance relies on a vast number of parameters.
Details about the prompts of GPT-4 can be found
in Appendix F.

EntailmentBankQA Following Creswell and
Shanahan (2022), we introduce the halter module
to generate answers based on Tj.q and substitute
hypothesis with question and option during the
reasoning process. As illustrated in Table 3, our
method surpasses FAME by an absolute margin
of 1.2%/7.4% in Task 1/2. While both FAME and
SI are supervised methods, FAME significantly
outperforms SI by enhancing the model’s reason-
ing and exploration capabilities through Monte-
Carlo planning. However, our method enhances
the structured reasoning capabilities of the policy
rather than focusing solely on single-step reason-
ing, which can significantly improve the quality of
the entailment tree to aid in answering, especially

3A comprehensive error analysis is detailed in Appendix G.
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Leaves Steps Intermediates Overall
Task Method F1 AllCorrect F1 AllCorrect F1 AllCorrect  AllCorrect
EntailmentWriter ~ 98.7 84.1 50.0 38.5 67.6 35.9 34.4
METGEN 100.0 100.0 57.9 42.1 713 39.2 37.0

Task]  IRGR 97.6 89.4 50.2 36.8 62.1 31.8 32.4
as RLET 100.0 100.0 54.6 40.7 66.9 36.3 34.8
NLProofS 97.8 90.1 55.6 423 72.4 40.6 38.9

SEER (Ours) 100.0 100.0 67.6 52.6 70.3 42.6 40.6
EntailmentWriter ~ 83.2 35.0 39.5 247 62.2 282 232
METGEN 83.7 48.6 417 30.4 62.7 327 28.0
Tasko  IRGR 69.9 23.8 30.5 223 477 26.5 21.8
as RLET 81.0 39.0 38.5 28.4 56.3 28.6 25.7
NLProofS 90.3 58.8 472 34.4 70.2 37.8 33.3

SEER (Ours) 86.4 53.5 56.8 39.7 66.3 38.3 34.7
EntailmentWriter ~ 35.7 2.9 6.1 2.4 33.4 7.7 2.4
METGEN 34.8 8.7 9.8 8.6 36.7 20.4 8.6
IRGR 45.6 11.8 16.1 11.4 38.8 20.9 11.5
RLET 38.3 9.1 11.5 7.1 342 12.1 6.9
Tasks  NLProofS 432 8.2 11.2 6.9 42.9 17.3 6.9
as FAME 43.4 13.8 16.6 12.4 40.6 19.9 11.9
GPT4-CoT 44.1 12.1 15.4 10.8 43.1 20.6 10.8
GPT4-ToT 433 12.0 15.8 11.0 43.9 20.0 11.0
GPT4-ReAct 45.8 12.9 14.1 10.5 435 21.5 10.5

SEER (Ours) 47.1 13.8 17.4 12.9 45.1 18.8 12.9

Table 2: Experiment results on EntailmentBank. Bold and underlined texts highlight the best method and the
runner-up. RLET is based on DeBERTa-large (He et al., 2023), while all other methods are based on T5-large. All
baseline results come from published papers. We use the gpt-4-1106-preview version for GPT-4.

Method Task 1 Task 2
SI+Halter 72.4 559
SI+Halter+Search ~ 83.2 72.9
FAME 91.5 78.2
SEER (Ours) 92.7 85.6

Table 3: Experiment results on the EntailmentBankQA.
SIis based on Chinchilla-7B (Hoffmann et al., 2022).

in complex reasoning environments.

STREET As shown in Table 4, compared to
GPT-4, our method has achieved absolute improve-
ments of 4.8%/3.4%/4.1%/5.2% across various
datasets, although the Reasoning Graph Accuracy
is a very strict metric (Ribeiro et al., 2023). While
GPT-4 excels at answering questions (far surpass-
ing other methods), its parameter is thousands of
times greater than other methods. Moreover, dur-
ing the reasoning process, GPT-4 is prone to hal-
lucinations (Rawte et al., 2023), resulting in poor
performance in structured reasoning, particularly
evident in the "Reasoning Graph Accuracy" met-
ric. Since SCONE contains sufficient data as well

Method SCONE GSMS8K AQUA-RAT AR-LSAT
Answer Accuracy
STREET 69.6 104 28.7 28.0
GPT4 ¥ 66.0 94.0 78.0 32.0
SEER (Ours) 724 214 37.6 335
Reasoning Graph Accuracy
STREET 60.0 0.7 0.0 0.0
GPT4 32.0 10.0 4.0 2.0
SEER (Ours) 64.8 134 8.1 7.2

Table 4: Experiment results on STREET benchmark.
1 indicates we recorded the best results in CoT, ToT, and
ReAct for brevity.

as similar QA and reasoning patterns, we observe
that the STREET method would outperform GPT-
4 on SCONE. However, by obtaining high-quality
reasoning graphs, our method achieves absolute im-
provements of 2.8%/11.0%/8.9%/5.5% compared
to the STREET method, significantly improving
answer accuracy and trustworthiness. In reason-
ing graphs, a state may have multiple parent nodes.
Our structure-based return (Equation 6) still pre-
cisely describes the cumulative reward for each
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eQASC cOBQA

Method P@l NDCG P@I NDCG
EntailmentWriter 5248 73.14 69.07 89.05
EntailmentWriter-Iter 52.56 73.28 72.15 90.19
METGEN 55.81 74.19 74.89 90.50
FAME 53.36  79.64 73.09 89.32
GPT-4 5400 88.82 8536 91.19
SEER (Ours) 60.33 89.76 77.50 94.62

Table 5: Cross-dataset performance on the eQASC and
eOBQA.

Method Leaves Steps Intermediates Overall
SEER (Ours) 13.8 129 18.8 129
w/o redundant 13.2 12.6 18.5 12.3
w/o structure-based return 12.9 11.7 18.5 11.1
w/o RL 10.2 9.4 171 9.1

Table 6: Ablation study of each component.

state, thereby facilitating reasoning performance in
graph-structured reasoning.

5.2 Cross-dataset Performance

To evaluate the generalization performance, we
conduct cross-dataset experiments on eQASC and
eOBQA* (Jhamtani and Clark, 2020). We apply
the policy of Task 2 for selection without training
on eQASC or eOBQA. As illustrated in Table 5,
our method exhibits significant superiority in cross-
dataset generalization. Compared to supervised
methods, our SEER, following the inherent struc-
tural nature of entailment trees, can better capture
the logical dependencies between reasoning steps,
which can effectively promote the generalization
ability of the policy. The experimental results fur-
ther validate the effectiveness of our method.

5.3 Ablation Studies

To evaluate the contribution of each component,
we conduct extensive ablation studies. As shown
in Table 6, we investigate three different variations
of SEER in Task 3 of EntailmentBank: (1) w/o
redundant neglects redundant steps by assigning
a reward of -1. (2) w/o structure-based return
removes the structure-based return and calculates
it using the chained sum of rewards (Equation 5).
(3) w/o RL removes the RL phase, relying solely
on supervised warm-up. We discover that over-
looking redundant steps may potentially inhibit the
exploration of policy, leading to a performance de-
cline. In addition, the results shown in Table 6 also

*More details about the setting of e€QASC and eOBQA can
be found in Appendix B.
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Figure 3: Parameter sensitivity analysis.

demonstrate that removing the structure-based re-
turn severely affects the performance. It not only
adequately addresses the equivalent trajectory prob-
lems, but also elegantly captures the logical rela-
tionships inherent in entailment trees, which is cru-
cial for structured reasoning. Furthermore, it can
be seen that removing the RL phase reduces perfor-
mance by 3.8% of Overall Allcorrect, which is a
significant impact for this strict metric. This indi-
cates that relying solely on supervised learning may
overlook the logical relationships in structured rea-
soning, thereby falling into suboptimal solutions.

5.4 Parameter Sensitivity Analysis

As illustrated in Figure 3, we further investigate
the impact of 7"redqundant and 5 on the performance in
Task 3. We observe that compared to treating redun-
dant and erroneous steps equally (7redundant = —1),
not penalizing ("requndant = 0) may have more detri-
mental effects, which allows for unrestricted explo-
ration. Moreover, a suitable 3 (the coefficient of
entropy bonus) is crucial for performance enhance-
ment, as it encourages the policy to break away
from the "stereotypes" of supervised warm-up.

6 Conclusions

We propose SEER, a novel approach that facili-
tates structured reasoning and explanation via RL.
To our knowledge, SEER is the first general frame-
work capable of enhancing chained, tree-based, and
graph-based structured reasoning. Our structure-
based return precisely delineates the hierarchical
and branching structure inherent in structured rea-
soning, effectively facilitating reasoning ability.
Furthermore, SEER employs a generative model to
represent the policy and refines the reward function,
ingeniously circumventing the limitations of exist-
ing works. Comprehensive experimental results
demonstrate that SEER significantly outperforms
state-of-the-art methods and exhibits outstanding
cross-dataset generalization performance.
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Limitations

Although our method has achieved excellent per-
formance in structured reasoning and explanation,
there remains one issue that deserves further explo-
ration for future work: how to perform structured
reasoning in the context of multimodal data. This
includes combining content from images, tables, or
audio data, a form of multimodal structured reason-
ing that is increasingly prevalent and demanding
in real-world scenarios. In future work, we plan
to extend our SEER to accommodate multimodal
scenarios.
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A Algorithm Details

Algorithm 1: The training process of SEER

Input: Structured reasoning dataset D;
Training epochs Nyarmup, IV and
N batch size byarmup and bmini;
Output: The optimal parameter of policy
/* (1) Supervised Warm-up phase */
1 Initialise policy parameters g
2 Convert D into single-step data Dy,
3 for epoch = 1 to N,yupmyp do
4 for i = 1 t0 |Dstepl /byarmup do
5 sample minibatch from Dgep
6 update parameters my by Eq. 11
/* (2) RL phase */
7 Initialize the critic parameters V'
8 for epoch =11to N do

9 Initialise training buffer B + &
// Filling the replay buffer

10 while B not full do

11 sample {h, X, Tyola} from D

12 collect trajectory 7 via my

13 assign a reward for each step in 7

14 fill buffer B with {s;, a;, r;} from 7
// Performing k-epoch updates

per buffer

15 for epoch;, = 1 to Nk do

16 sample {(s¢, at,r¢)}p,. . from B

17 compute &(7y) and A, by Egs. 8,9

18 update policy 7y by Eq. 7

19 update critic V' by Eq. 10

Algorithm 1 describes the overall training pro-
cess of our proposed SEER in detail, which primar-
ily consists of two phases: supervised warm-up
and reinforcement learning (RL). In the supervised
warm-up phase, the structured reasoning is first de-
composed into single-step reasoning data (Line 2).
Then, we employs supervised learning to guide the
policy my to quickly adapt to the complex reason-
ing environments (Lines 3-6). This is particularly
beneficial when the number of parameters in the
policy is relatively small (Akyurek et al., 2023; Liu
et al., 2023). In the RL phase, we initially populate
the replay buffer B through the policy my (Lines
9-13). Then, we update the parameters of the pol-
icy and the critic using the buffer data. To improve
sample efficiency, N updates are performed for
each replay buffer (Lines 14-18).

For the inference process, we only need to use
the policy (without the critic) for structured rea-
soning. Specifically, as illustrated in the trajectory
rollout of Figure 2, we update the state by the pol-
icy and the entailment module. Then, we end the
reasoning process until the stopping criteria are sat-
isfied. Finally, we backtrack to construct the entire
structured explanation, taking the last intermediate
conclusion as the hypothesis for entailment tree (or
the answer for the STREET benchmark).

B Datasets Details

Datasets of Structured Reasoning Table 7 de-
scribes the statistics of datasets in detail. In the
answer types, “K-Way MC” stands for multiple
choice answer with K options.

EntailmentBank (Dalvi et al., 2021) comprises
1,840 expert-annotated entailment trees with an av-
erage of 7.6 nodes spanning across 3.2 entailment
steps. The facts are derived from the WorldTree V2
corpus (Xie et al., 2020). Based on different facts
X, there are three progressively more challenging
tasks: Taskl (no-distractor), Task2 (distractor)
and Task3 (full-corpus). For GPT-4, we employ
all the data in Task 3 from EntailmentBank to evalu-
ate its performance. EntailmentBank was originally
designed for post-hoc tree reconstruction tasks in-
stead of QA, Tafjord et al. (2022) converted it into
EntailmentBankQA where the task is to choose the
correct answer given multiple choice options rather
than deriving hypothesis h.

To construct the STREET benchmark, Ribeiro
et al. (2023) standardized many QA datasets, such
as ARC (Clark et al., 2018), SCONE (Long et al.,
2016), GSM8K (Cobbe et al., 2021), AQUA-
RAT (Ling et al., 2017) and AR-LSAT (Zhong
et al., 2021), in the graph-structured explanation
format, where the tasks are converted into answer-
ing the question based on the predicted reasoning
graphs. Please note that ARC in STREET is con-
gruent with Task 1 of EntailmentBankQA (Ribeiro
et al., 2023), hence, we do not repeat the experi-
ment for this task in Table 4. Due to the high cost
of GPT-4, we randomly sample 50 instances from
each dataset in the STREET benchmark to evaluate
GPT-4’s performance.

Datasets of Cross-dataset Experiments To eval-
uate the generalization performance of our method,
following Hong et al. (2022), we conduct cross-
dataset experiments on e€QASC and eOBQA (Jham-
tani and Clark, 2020), which collect one-step entail-
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Task Name Task Domain # Questions # Reasoning Steps Reasoning Type Answer Type
EntailmentBank Science 1,840 5,881 Tree-structured /
EntailmentBankQA (ARC) Science 1,840 5,881 Tree-structured 4-Way MC
SCONE Processes 14,574 130,482 Graph-structured ~ State Pred.
GSMS8K Math 1,030 4,666 Graph-structured Number
AQUA-RAT Math 1,152 7,179 Graph-structured ~ 5-Way MC
AR-LSAT Logic 500 2,885 Graph-structured ~ 5-Way MC

Table 7: Datasets Statistics of Structured Reasoning.

ment trees for questions from QASC (Khot et al.,
2020) and OpenBookQA (Mihaylov et al., 2018),
respectively. The goal of this task is to select valid
one-step trees from the candidate set and evaluate
the results with P@1 and NDCG metrics (Hong
et al., 2022). Questions with no valid tree are fil-
tered. The candidate sets for c€QASC and eOBQA
are composed of 10 and 3 sentences respectively.

C Implementation Details

C.1 Stopping criteria

For a fair comparison, we use the T5-large model
to represent the policy. However, we observe that
T5-large tends to perform "Reason" actions more
frequently, which is caused by the smaller number
of model parameters and the issue of having only a
few "End" instances. Moreover, unlike GPT-4, T5-
large is less able to recognize when a hypothesis
has been inferred and when to stop. Therefore, we
attach two extra stopping criteria in addition to the
"End" action: (1) The semantic similarity between
the intermediate conclusion and the hypothesis ex-
ceeds a predefined threshold, i.e., BLEURT(i,, h)
> 1. (2) Exceeding the maximum number of rea-
soning steps (set to 20 in this paper).

C.2 Alignment algorithm

Following (Dalvi et al., 2021), we evaluate the inter-
mediate steps based on Jaccard similarity. Specifi-
cally, the intermediate nodes ¢, in Tpeq are aligned
with the intermediate nodes in T4 that have the
maximum Jaccard similarity. If the Jaccard simi-
larity between the intermediate node in Tpeq and
all intermediate nodes in Tyq 18 zero, it is aligned
with "NULL". Note that only the intermediate node
that is perfectly matched with a node in Tgoq, i.€.,
the Jaccard similarity is 1, is considered as a cor-
rect step. Figure 5 provides a detailed illustration
of this process. The alignment process is similar in
the reasoning graphs (Ribeiro et al., 2023).

C.3 Retriever for Task 3

In Task 3 of EntailmentBank, first, it is necessary to
retrieve relevant sentences from the corpus (Dalvi
et al., 2021). The research focus of this paper is
to enhance the structured reasoning ability of the
policy. Therefore, we directly adopt the retriever
and its associated parameters proposed in previous
work (Hong et al., 2023), which is based on the
all-mpnet-base-v2 model (Reimers and Gurevych,
2019). For a fair comparison, we retrieve the top
25 most relevant sentences as X for Task 3.

C.4 Entailment Module

The entailment module is also based on the T5-
large model, taking premises as input and generat-
ing intermediate conclusions. Our primary focus is
to enhance the structured reasoning ability of the
policy through RL, therefore, we directly employ
the entailment module that has already been trained
in previous work (Hong et al., 2023), which also
aids in a fair comparison.

C.5 Halter Module

In EntailmentBankQA, we employ the Halter mod-
ule (Creswell and Shanahan, 2022) to answer ques-
tions based on the predicted entailment trees. In
this paper, the Halter module is built upon the T5-
large model. The module is trained with a learning
rate of le-5 and a batch size of 16.

C.6 Entailment Tree Construction

To evaluate the correctness of each reasoning step,
we have to reconstruct the trajectory into an entail-
ment tree Tpreq and compare it with T01q. Figure 5
illustrates this reconstruction process. We consider
the last intermediate conclusion as the hypothesis
and then construct the predicted entailment tree
based on the reasoning relationship of each step.
The reconstruction process is similar in the reason-
ing graphs (Ribeiro et al., 2023).
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C.7 Running time

In our experimental setting, the average training
time per entailment tree in SEER is 6.98 seconds,
and the average inference time per entailment tree
in SEER is 3.91 seconds. As reported in their
papers, the inference time per entailment tree in
RLET (Liu et al., 2022) and FAME (Hong et al.,
2023) are 9.34 seconds and 30.77 seconds, respec-
tively. FAME leverages Monte-Carlo planning, ne-
cessitating the exploration of numerous nodes to
enhance the reasoning capability of the policy, thus
requiring considerable computational time. Our
proposed SEER significantly surpasses FAME in
terms of both efficiency and effectiveness.

C.8 Experiment Environments

All experiments were conducted on Ubuntu 22.04
equipped with NVIDIA A100 GPUs. Our code
mainly depends on python 3.105 and PyTorch
2.0.1%. The pre-trained language models are de-

rived from HuggingFace Transformers’.

C.9 Details of Reasoning Graphs

For the reasoning graphs in the STREET Bench-
mark, the implementation details are slightly dif-
ferent from the entailment trees. In the reasoning
graphs, reasoning steps may possess multiple par-
ent nodes, and a fact (x,) or intermediate conclu-
sion (24) may be utilized multiple times (Ribeiro
et al., 2023). Therefore, in the reasoning graph,
we refrain from incorporating previously used
premises into Uy, instead continually expanding the
candidate sentence set C; through newly derived
intermediate conclusions. In other words, the state
in the reasoning graphs is updated according to the
following rules: P,y = P, U {<premises> — i},
Ciy1 = {X U It+1}, and Iy = I, U {Zt}

C.10 Other Implementation Details

For GPT-4, we set the temperature to 0.7. For Tree
of Thought, we set b = 5 candidates at each step,
and then vote to select the optimal action. Details
regarding the prompts of CoT, ToT, and ReAct
can be found in Appendix F. For all baselines, we
obtain the optimal results based on experimental
results or hyperparameter settings derived from the
original papers. For our method, we initialize the
critic with the encoder of the warm-up policy to

5https ://www.python.org/
®https://pytorch.org/
7https ://huggingface.co/

expedite the convergence of the critic and facilitate
policy updates. The hidden layer dimension of the
MLP in the critic is set to 512.

D Metrics Details

For EntailmentBank, we follow (Dalvi et al., 2021)
and evaluate the entailment tree Tjeq using three
dimensions:

e Leaves: To evaluate the leaf nodes of Tjreq, We
compute F1 by comparing Xpreq with Xgoig.

e Steps: To evaluate the structural correctness of
each step, we compare all steps between Teq and
Tgoa and then compute F1. A predicted step is
considered structurally correct if its premises (e.g.,
T4, 1x) exactly match the gold premises.

o Intermediates: To evaluate the intermediate con-
clusions, we compare the aligned intermediate con-
clusions and then compute F1. A predicted interme-
diate conclusion is deemed correct if the BLEURT
score (Sellam et al., 2020) exceeds 0.28.

For each dimension, the AllCorrect score is 1 if
F1 is 1, otherwise 0. Given the above scores, we
employ the Overall AllCorrect metric to compre-
hensively evaluate T},req, Which takes a value of 1 if
and only if all leaves, steps, and intermediates are
correct. Note that this is an extremely strict metric,
where any deviations in T}eq Will result in a score
of 0.

For the STREET benchmark, we follow (Ribeiro
et al., 2023) and adopt two metrics, namely, the
answer to the question and the quality of the rea-
soning graphs, to evaluate different methods.

e Answer Accuracy: This metric measures the
ability to correctly answer questions. The answer
accuracy serves as an upper bound for other metrics,
as any reasoning graph generated with incorrect
answers is also labeled as incorrect.

e Reasoning Graph Accuracy: This metric com-
pares the predicted reasoning graph and the golden
reasoning graph from the aspects of the graph struc-
ture and the content of intermediate conclusions.
Please note that this is a stringent metric, with mi-
nor deviations from the golden reasoning graph
resulting in the prediction being incorrect.

E Illustrations and Case Study of SEER

Given a hypothesis h and initial facts X, we first
obtain the trajectory through the reasoning process,
as shown in Figure 4. The state update follows the
Markov decision process (Bellman, 1957), mean-
ing the current state only depends on the previous
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state. Figure 4 is an erroneous reasoning exam-
ple to better illustrate the following steps. Then,
we convert the trajectory 7 into an entailment tree
Tpreq and align it with Tyo1q to assign reward for
each intermediate conclusion (as presented in Fig-
ure 5). Furthermore, Figure 6 elucidates the issue
of equivalent trajectories, and previous work can
not accurately describe the logical relationship be-
tween different states in entailment trees.

F Prompts for GPT-4

Figures 7 and 8 show the Chain-of-Thought
(CoT) (Wei et al., 2022) and ReAct (Yao et al.,
2023b) prompts for GPT-4, and figures 9 and 10
show the prompts of thought generator and state
evaluator in Tree of Thought (ToT) (Yao et al.,
2023a), respectively. We provide a detailed intro-
duction to the task definition and guide the model
to respond in the required format. We randomly se-
lected three examples for in-context learning. For a
fair comparison, we use the same examples for
CoT and ReAct, attributing similar thoughts to
them. ReAct divides the dialogue into two rounds,
"Thought" and "Action", to query GPT-4. For ToT,
following (Yao et al., 2023a), we generate candi-
date actions using a thought generator and sub-
sequently select and execute the optimal action
through a state evaluator. Due to its exceptional
reasoning capabilities and self-evaluation strategy,
ToT achieves superior results compared to CoT and
ReAct, as shown in Table 2. However, ToT requires
higher costs in comparison to CoT and ReAct.

G Error Analysis

We conduct a comprehensive error analysis on
Task2 and Task3 of EntailmentBank.

G.1 Error Analysis of Task2

We randomly sample 50 entailment trees where
SEER made incorrect reasoning. We find the fol-
lowing four types of errors.

(1) Reasoning Step Error (62%). This is
the main source of errors and predominantly de-
pends on whether the policy can select the correct
premise. We observe that a small portion of the
errors (accounting for 12.9% of this error type) use
all the gold leaves, but have errors in the combi-
nation order. Compared to other reasoning step
errors, the policy identified the correct premise.
For example, the gold steps are "x24 & x5 — i1

i1 & x93 — h" and the error steps predicted by
SEER are "x93 & T5 — 11511 & To4 — 19",

(2) Early Termination Error (18%). We ob-
serve that the reasoning process may terminate pre-
maturely and the existing entailment steps are all
correct. On one hand, T5-large outputs “End” pre-
maturely, unlike GPT-4 which can accurately judge
when to stop. On the other hand, the entailment
module might erroneously infer a hypothesis, lead-
ing to premature termination.

(3) Intermediate Conclusion Error (10%).
This error type is different from the above error
(where the entailment module prematurely infers a
hypothesis). Intermediate conclusion error denotes
errors triggered by incorrect entailment in the inter-
mediate conclusions, despite having correct leaves
and steps. For a fair comparison, we used the en-
tailment module that has already been trained in
previous work (Hong et al., 2023). It is noted that
the reasoning part, which is the focus of our paper,
is completely correct in this type of error, and this
type of error can be mitigated by training a better
entailment module.

(4) Imperfect Evaluation (10%). We discover
that some trees deemed as invalid are valid in fact,
indicating that current automated metrics underes-
timate the validity of the trees. The most common
reason is that there are multiple valid ways to con-
struct an entailment tree. For example, consider the
structure of a gold tree: "x1 & z2 & x3 — h" may
be predicted as: "z & xo — i1; 41 & 13 — i2".

G.2 Error Analysis of Task3

Task 3 requires retrieving an initial set of facts X
from the corpus. Therefore, in addition to the errors
in Task 2 described above, we found that Task 3
has its own unique set of errors.

(1) Missing Gold Leaves Error (58%). Miss-
ing gold leaves error refers to the case where the
gold leaves are not included in the facts X retrieved
from the corpus. This case will inevitably lead to
an error in the predicted entailment tree, regard-
less of how powerful the policy is. The bottleneck
of this error lies in the retrieval model. For a fair
comparison, we directly use the retrieval model
provided in previous work (Hong et al., 2023).

(2) Reasoning Errors (42%). The four error
types described in G.1 account for 42% in Task3.

We also discovered that the reasoning graph con-
tains similar error types as found in entailment
trees, as they both belong to structured reasoning.
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Question: Melinda learned that days in some seasons have more daylight hours than in other seasons. Which season receives the most hours of sunlight in the
Northern Hemisphere?
Answer: summer

Hypothesis h: northern hemisphere will have the most sunlight in summer

syt hy Pp=@; € ={

x1: when a hemisphere is tilted towards the sun, that hemisphere receives more  x;3: summer is when a hemisphere is tilted towards the sun

direct sunlight X14: the western hemisphere is a kind of hemisphere of earth
x,: if a place is in summer, then it will have the most sunlight X15: united states is located in the northern hemisphere

X3: summer has the most sunlight X16: north america is located in the northern hemisphere

x,: the northern hemisphere is a kind of hemisphere of earth X17: the north pole is located in the northern hemisphere

x5: the equator receives the most amount of direct sunlight throughout the year  x;g: sint eustatius (netherlands) is located in the northern hemisphere
Xg: the amount of daylight is greatest in the summer X19: china is located in the northern hemisphere

x7: when a hemisphere is tilted away from the sun, that hemisphere receives less  x,q: winter has the least sunlight

direct sunlight X1 the amount of daylight is least on the winter solstice

xg: the amount of daylight is greatest on the summer solstice X;,: the amount of daylight is least in the winter

Xq: the northern hemisphere is tilted toward the sun X,3: netherlands is located in the northern hemisphere

X10: june is during the summer in the northern hemisphere X4: the southern hemisphere is a kind of hemisphere of earth

x11: the poles receives the least amount of direct sunlight throughout the year X55: a hemisphere of earth is a kind of place}

X1: @ hemisphere is a part of earth

\_ J

a,: Reason: x4 & x5
Entailment Module: x, & x,5 — i;: the northern hemisphere is a kind of place.

r N
Szt by Py = {x4 & x5 > 11} G ={
iy: the northern hemisphere is a kind of place. X13: summer is when a hemisphere is tilted towards the sun
X19: june is during the summer in the northern hemisphere X74: the southern hemisphere is a kind of hemisphere of earth}
L J

a,: Reason: x;¢ & x;3

Entailment Module: x5 & X33 = i: june is when the northern hemisphere tilts toward the sun.

0§30 03 e

- N
St by Py = {x4 & X35 > Iy X10 & X33 > 55 X3 & X17 > iz}; €4 ={

i1: the northern hemisphere is a kind of place. X1,: @ hemisphere is a part of earth
i,: june is when the northern hemisphere tilts toward the sun. X14: the western hemisphere is a kind of hemisphere of earth
i3: the north pole experiences the most sunlight during summer. X15: united states is located in the northern hemisphere
3] p P! g g 15 P
x11: the poles receives the least amount of direct sunlight throughout the year X4 the southern hemisphere is a kind of hemisphere of earth}
| J

a,: Reason: i; & iy

Entailment Module: i; & i, — i,: the northern hemisphere tilts toward the sun in june.

S5i hy Ps = {xq & Xp5 = i35 X10 & X13 = U5 X3 & Xy7 = U35 Iy & iy = ig}; (5 ={
i3: the north pole experiences the most sunlight during summer. X1,: @ hemisphere is a part of earth

is: the northern hemisphere tilts toward the sun in june.

x11: the poles receives the least amount of direct sunlight throughout the year X34 the southern hemisphere is a kind of hemisphere of earth}

as: End
Output: trajectory sq(i;) = S,(i2) = s3(i3) = 54(i4)

Figure 4: An illustration of the reasoning process of SEER. Note that a; is a correct step, as and a4 are erroneous
steps, and a3 is a redundant step. We start from the initial state s; where existing entailment steps P; = & and
candidate sentences C; = X. In each step, we sample an action and update the state until the reasoning is done. For
the "Reason" action, we sent the premises to the entailment module. The new conclusion is added to the C, the
premises is removed from C' and the entailment step is added to the P. For the "End" action, we end the reasoning
process and output the trajectory. 5916
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Figure 5: An illustration of the reward and alignment process of SEER. Each reasoning step is a subtree (similarly,
each reasoning step is a subgraph in the reasoning graph (Ribeiro et al., 2023)). (1) We construct Tyq using the
last intermediate conclusion (i4 in this example) as the hypothesis. (2) We calculate the Jaccard similarity between
the intermediate node (¢.) in Treq and each golden intermediate node in Ty (31 and h in this example), and align
with the maximum Jaccard similarity. In this example, ¢; is aligned with i1 due toJ S(i1, %1) = 1. iy is aligned with
"NULL". i4 is aligned with 71 due to JS(i4,%;) = 0.5 and JS(i4, h) = 0.4. (3) We assign rewards based on the
alignment results. Note that 73 (s3) is a redundant step. ;1 = 1, 7o = —1, r3 = —0.5, and r4 = —1. The reward for
each state originates from the tree structure rather than the chained trajectory. Therefore, the return of each state
should also follow the tree structure (or graph structure in reasoning graphs) rather than the chained trajectory.
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Figure 6: An illustration of the equivalent trajectory and the definition of return. As the reasoning steps of s,
s, and s3 are mutually independent, the execution order among these steps can be arbitrary. Thus, 7 and 7/ are
equivalent trajectories because they can be converted to the same entailment tree (Dalvi et al., 2021). As shown in
blue box, previous work (Liu et al., 2022) defines the return (a.k.a cumulative reward) in a chained trajectory and
would assign different returns to s; and s, in these equivalent trajectories. In contrast, as shown in red box, our
structure-based return is defined based on the tree or graph structure inherent in structured reasoning, which is the
same source of rewards. Our structure-based return will consistently allocate stable returns to equivalent trajectories,
thereby promoting training stability and convergence. Furthermore, maintaining consistency between the sources of
rewards and returns can significantly enhance the effectiveness of the policy.
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As a quality assurance reasoning system, you first analyze how to perform the reasoning and then immediately give the results of the reasoning. I will give you a
hypothesis and a context. I want you to show a reasoning step that goes from some or all of the sentences in the context to the hypothesis. The inference step uses
two sentences in the context as premises and obtains a new conclusion. The conclusion should be a valid entailment of the premises. You don't have to choose all the

sentences in the context, just the ones you think are sufficient and necessary as premises for your reasoning.

Here are some examples:

Example 1:

Hypothesis: a line graph an be used to show the data of the growth of the vine over a period of time
Context:

x1: length is a measure of distance from one end of an object to the other end of that object

x2: 1 month is equal to 28-31 days
x25: a student wants to record the data of the growth of a vine over a period of a day

Your response should be in the following format.
From sentences x23 and x25, we can infer that the student wants to record the data of the growth of a vine over a period of time (labeled as i1). Then, we can conbine
this intermediate conclusion (il) with x5 to derive the hypothesis, due to the x5 describe the line graph is used for showing change.

Proof: x23 & x25 -> il: the student wants to record the data of the growth of a vine over a period of time; il & x5 -> hypothesis;

Example 2:

Hypothesis: the star cluster that captured by the space telescope is a galaxy

Context:

x1: if something is a part of something then that something can be found in that something

x2: distant means great in distance
x25: the properties of something can be used to identify / used to describe that something

Your response should be in the following format.
From sentences x8 and x16, we can infer that the star cluster captured by the space telescope, which contains billions of stars, is likely to be a galaxy (referred to as
il). The final hypothesis can be directly derived from this intermediate conclusion il.

Proof: x16 & x8 -> hypothesis;

Example 3:

Hypothesis:

the earth revolving around the sun causes leo to appear in different areas in the sky at different times of year
Context:

x1: leo is a kind of constellation

x2: to be found in means to be contained in

x25: the earth revolving around the sun causes stars to appear in different areas in the sky at different times of year

Your response should be in the following format.

From sentences x1 and x17, we know that Leo is a type of constellation and a constellation contains stars. This leads us to the intermediary conclusion (il) that Leo
contains stars. Combining this intermediate conclusion il with x25, which states that the earth revolving around the sun causes stars to appear in different areas in
the sky at different times of year, we can infer the hypothesis that the earth revolving around the sun causes Leo to appear in different areas in the sky at different
times of year.

Proof: x1 & x17 ->1il: leo is a constellation containing stars; il & x25 -> hypothesis;

(END OF EXAMPLES)

Please pay attention to the output format and take care that the reasoning process is as concise as possible without unnecessary steps.

Now reason about the following:

Figure 7: A Chain-of-Thought prompt for GPT-4.
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As a quality assurance reasoning system that solves sequential reasoning tasks through interleaving Thought, Action. I will give you a hypothesis and a context. I
want you to show a reasoning step that goes from some or all of the sentences in the context to the hypothesis. The inference step uses two sentences in the context
as premises and obtains a new conclusion. The conclusion should be a valid entailment of the premises. You don't have to choose all the sentences in the context,

just the ones you think are sufficient and necessary as premises for your reasoning.

Here are some examples:

Example 1:

Hypothesis: a line graph an be used to show the data of the growth of the vine over a period of time
Context:

x1: length is a measure of distance from one end of an object to the other end of that object

x2: 1 month is equal to 28-31 days

x3: days ( d ) are a metric unit used for measuring time generally used for values between 1 and 365
x25: a student wants to record the data of the growth of a vine over a period of a day

Thought: From sentences x23 and x25, we can infer that the student wants to record the data of the growth of a vine over a period of time (labeled as il). Then, we
can conbine this intermediate conclusion (il) with x5 to derive the hypothesis, due to the x5 describe the line graph is used for showing change.

Action: x23 & x25 -> il: the student wants to record the data of the growth of a vine over a period of time; il & x5 -> hypothesis;

Example 2:

Hypothesis: the star cluster that captured by the space telescope is a galaxy

Context:

x1: if something is a part of something then that something can be found in that something
x2: distant means great in distance

x3: discovering something usually requires seeing that something
x25: the properties of something can be used to identify / used to describe that something

Thought: From sentences x8 and x16, we can infer that the star cluster captured by the space telescope, which contains billions of stars, is likely to be a galaxy
(referred to as i1). The final hypothesis can be directly derived from this intermediate conclusion il.

Action: x16 & x8 -> hypothesis;

Example 3:

Hypothesis:

the earth revolving around the sun causes leo to appear in different areas in the sky at different times of year
Context:

x1: leo is a kind of constellation

x2: to be found in means to be contained in

x3: move around means revolve

x25: the earth revolving around the sun causes stars to appear in different areas in the sky at different times of year

Thought: From sentences x1 and x17, we know that Leo is a type of constellation and a constellation contains stars. This leads us to the intermediary conclusion
(i1) that Leo contains stars. Combining this intermediate conclusion i1 with x25, which states that the earth revolving around the sun causes stars to appear in different
areas in the sky at different times of year, we can infer the hypothesis that the earth revolving around the sun causes Leo to appear in different areas in the sky at
different times of year.

Action: x1 & x17 ->il: leo is a constellation containing stars; il & x25 -> hypothesis;

(END OF EXAMPLES)

Please pay attention to the output format and take care that the reasoning process is as concise as possible without unnecessary steps.

Now reason about the following:

Figure 8: A ReAct prompt for GPT-4. "Thought" and "Action" query GPT-4 in two rounds.
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The Prompt of Thought Generator:

As a quality-assured controller in a reasoning system, your primary task is to provide the most insightful action for each step of reasoning towards the hypothesis.
Instead of completing the entire reasoning process at once, we want to break it down into multiple steps.

Your candidate actions are:

1. reason: sentX & intX -> new conclusion

2. END

‘reason: sentX & intX -> new conclusion’ represents the selection of sentX and intX from the current context to derive a new conclusion. Note that only sentences
that exist in context can be used, and sentences in Used Premise cannot be used.

"END" indicates that the current hypothesis has been reasoned out and the reasoning can be terminated. Note that the reasoning should end when the conclusion
drawn is similar to the hypothesis.

Please give 5 candidate actions that are most likely to facilitate reasoning based on the context.

Note that we are reasoning step by step and only consider the current step, which is the five possible steps to answer the current optimal answer.

Here are some examples:

Example 1:

Hypothesis: the earth revolving around the sun causes leo to appear in different areas in the sky at different times of year
Used Premises:

sentl: leo is a kind of constellation

sentl7: a constellation contains stars

Current Proof:

sent]l & sentl7 -> intl: leo is a constellation containing stars

Context:

sent8: a motion is a kind of event / action

sent25: the earth revolving around the sun causes stars to appear in different areas in the sky at different times of year

intl: leo is a constellation containing stars

Candidate action:

reason: sentll & sent20 -> planets in the solar system, like earth, orbit the sun

reason: sent8 & sent10 -> motion is an event where an object moves to a direction

reason: sentl4 & intl -> how Leo appears is determined by how its stars look in the sky

reason: sent25 & intl -> the earth revolving around the sun causes leo to appear in different areas in the sky at different times of year
END

Example 2:

Example 3:
(END OF EXAMPLES)
Please pay attention to the output format and take care that the reasoning process is as concise as possible without unnecessary steps.

Now reason about the following:
Hypothesis: {hypothesis}

Used Premise:

{used_premise}

Current Proof:

{current_proof}

Context:

{context}

Candidate action:

Figure 9: A Tree of Thought prompt (Thought Generator) for GPT-4.
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The Prompt of State Evaluator:

Given an instruction and several choices, decide which choice is most promising. Analyze each choice in detail, then conclude in the last line "The best choice is
{{s}}", where s the integer id of the choice.

Be careful to follow the output format.

Here are some examples:

Example 1:

Hypothesis: the earth revolving around the sun causes leo to appear in different areas in the sky at different times of year
Used Premises:

sentl: leo is a kind of constellation

sent17: a constellation contains stars

Current Proof:

sentl & sentl7 -> intl: leo is a constellation containing stars

Context:

sent2: to be found in means to be contained in

sent25: the earth revolving around the sun causes stars to appear in different areas in the sky at different times of year
intl: leo is a constellation containing stars

Candidate action:

Choice 1:

reason: sentll & sent20 -> planets in the solar system, like earth, orbit the sun

Choice 2:

reason: sent8 & sent10 -> motion is an event where an object moves to a direction

Choice 3:

reason: sentl4 & intl -> how Leo appears is determined by how its stars look in the sky

Choice 4:

reason: sent25 & intl -> the earth revolving around the sun causes leo to appear in different areas in the sky at different times of year
Choice 5:

END

Vote: The best choice is 4
Example 2:

Example 3:

(END OF EXAMPLES)

Now vote about the following:
Hypothesis: {hypothesis}
Used Premise:
{used_premise}

Current Proof:
{current_proof}

Context:

{context}

Candidate action:

{candidate action}

Vote:

Figure 10: A Tree of Thought prompt (State Evaluator) for GPT-4.
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