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Abstract

Large language models (LLMs) have demon-
strated impressive capabilities and are receiving
increasing attention to enhance their reasoning
through scaling test-time compute. However,
their application in open-ended, knowledge-
intensive, complex reasoning scenarios is still
limited. Reasoning-oriented methods struggle
to generalize to open-ended scenarios due to
implicit assumptions of complete world knowl-
edge. Meanwhile, knowledge-augmented rea-
soning (KAR) methods fail to address two core
challenges: 1) error propagation, where er-
rors in early steps cascade through the chain,
and 2) verification bottleneck, where the ex-
plore–exploit trade-off arises in multi-branch
decision processes. To overcome these limi-
tations, we introduce ARISE, a novel frame-
work that integrates risk assessment of interme-
diate reasoning states with dynamic retrieval-
augmented generation (RAG) within a Monte
Carlo tree search paradigm. This approach en-
ables effective construction and optimization of
reasoning plans across multiple maintained hy-
pothesis branches. Experimental results show
that ARISE significantly outperforms the state-
of-the-art KAR methods by up to 23.10%, and
the latest RAG-equipped large reasoning mod-
els by up to 25.37%. Our project page is at
https://opencausalab.github.io/ARise.

1 Introduction

Large language models (LLMs) have demonstrated
impressive capabilities across a wide range of
tasks (OpenAI, 2023; Zhao et al., 2023b; Bubeck
et al., 2023). Despite their great success, LLMs
still face fundamental challenges in complex rea-
soning scenarios, hindering their reliable applica-
tion in real-world domains such as science, finance,
and healthcare (Taylor et al., 2022; Li et al., 2023;

*Equal contribution.
†Work done during an internship at SenseTime.
‡Corresponding author.

Figure 1: Error propagation and verification bottle-
neck. Prior knowledge-augmented reasoning works fail
to address two core challenges: 1) error propagation,
where errors in early steps cascade through the chain,
and 2) verification bottleneck, where the explore–exploit
trade-off arises in multi-branch decision processes.

Thirunavukarasu et al., 2023). To address this gap,
recent research has increasingly focused on enhanc-
ing LLM reasoning by scaling test-time compute
to emulate System 2 slow thinking, moving be-
yond System 1 fast responses (Kahneman, 2011;
Snell et al., 2024). Extensive efforts have led to
various approaches, including prompt-based (Yu
et al., 2024a), search-based (Hao et al., 2023), and
learning-based (OpenAI, 2024; DeepSeek-AI et al.,
2025), showing great promise.

However, reasoning-oriented methods struggle
to generalize to open-ended scenarios (Valmeekam
et al., 2022; Amirizaniani et al., 2024), primarily
due to their implicit assumptions of complete world
knowledge. While these solutions like large rea-
soning models (LRMs) have achieved expert or
superhuman performance on tasks such as math
and code, their success relies heavily on clear stan-
dards for search algorithms or reinforcement learn-
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ing (Zhang et al., 2024a; Xu et al., 2025). Such
an exclusive focus on enhancing LLM reasoning
implicitly assumes that LLMs already possess all
the knowledge necessary for reasoning, which is
often lacking in open-ended or domain-specific
contexts. For example, legal defense requires spe-
cialized jurisprudence knowledge, or medical di-
agnosis demands up-to-date clinical guidelines. In
fact, reasoning is a dynamic process of integrating
multiple knowledge to draw conclusions (Yu et al.,
2024a; OpenAI, 2025), thus making knowledge
acquisition an essential part of reasoning.

Meanwhile, current knowledge-augmented rea-
soning (KAR) methods, as illustrated in Figure 1,
are hindered by error propagation and verification
bottleneck, which undermine reasoning reliabil-
ity. To acquire knowledge for reasoning, retrieval-
augmented generation (RAG) has been shown to
be an effective way of dynamically retrieving doc-
uments as intermediate results (Lewis et al., 2020;
Liu et al., 2024). Prompt-based methods further ex-
tend KAR through chain-of-thought (CoT) prompt-
ing, which decomposes complex reasoning into
sub-steps and iteratively retrieves relevant knowl-
edge as reasoning proceeds (Zhao et al., 2023a;
Yu et al., 2024b; Li et al., 2024). However, this
approach is plagued by error propagation, where
errors in early steps can cascade through the chain.
While search-based methods can mitigate error
propagation by maintaining multiple hypothesis
branches, verification bottleneck limits the effec-
tive explore–exploit trade-off in KAR. Existing ver-
ification solutions remain unsatisfactory as they
rely on error-prone self-verification (Stechly et al.,
2024; Wang et al., 2023b; Zhang et al., 2024b),
or on specific verifier training (Setlur et al., 2024;
Zhang et al., 2024a).

To overcome these limitations, we present a
novel framework, ARISE, towards knowledge-
Augmented Reasoning via rIsk-adaptive SEarch.
As shown in Figure 2, ARISE consists of three
components: reasoning state generation, Monte
Carlo tree search (MCTS), and risk assess-
ment. Specifically, ARISE iteratively refines rea-
soning steps through decomposition, retrieval-then-
reasoning to provide fine-grained knowledge for
LLMs (§ 2.1). MCTS treats each step as a node
in the search tree, expanding linear reasoning to
mitigate error propagation by enabling focused ex-
ploration of promising reasoning states and allow-
ing backtracking when necessary (§ 2.2). Risk as-
sessment leverages Bayesian risk minimization to

evaluate the uncertainty of each state, dynamically
balancing explore–exploit trade-off to guide the
search towards both reliable and novel reasoning
directions (§ 2.3). In this way, ARISE enables ro-
bust and efficient complex reasoning by combining
structured decomposition, knowledge retrieval, and
risk-adaptive exploration in a unified framework.

We conducted comprehensive experiments with
multiple LLMs on three challenging multi-hop
question answering (QA) benchmarks that re-
quire complex reasoning and knowledge inte-
gration. Experimental results demonstrate that
ARISE significantly outperforms the state-of-the-
art (SOTA) KAR methods, with an average of
23.10% and 15.52% improvement in accuracy and
F1. In addition, when compared to the latest
LRMs (DeepSeek-AI et al., 2025) equipped with
RAG, ARISE also improve the average accuracy
and F1 of 4.04% and 25.37%. These results ver-
ify the effectiveness of ARISE for open-ended,
knowledge-intensive, complex reasoning tasks.

To summarize, our contributions are as follows:
• We propose a knowledge-augmented frame-

work for open-ended complex reasoning and
design a risk-adaptive MCTS algorithm to bal-
ance explore-exploit trade-off for reasoning.

• We conduct comprehensive experiments to ver-
ify the effectiveness of ARISE and to demon-
strate that it outperforms the SOTA KAR meth-
ods and the latest LRMs equipped with RAG.

• We provide empirical insights that 1) search-
based wide reasoning can explore more solu-
tions than learning-based deep reasoning, and
2) ARISE progressively approaches optimal
performance through model size scaling.

2 The ARISE Method

Our method, ARISE, utilizes risk-adaptive tree
search to provide the model with more external
knowledge, thereby effectively enhancing its rea-
soning capabilities. Our pipeline is illustrated in
Figure 2 and comprises the following three parts:

• Reasoning State Generation: The single
step of the policy model1 consists of an action pair:
decomposition and retrieval-then-reasoning. Each
step serves as a node, encoding an intermediate
reasoning state.

• Monte Carlo Tree Search: MCTS trans-
forms a sequence of interconnected nodes into a

1We use “policy models” to refer to the LLMs employed
during the inference phase.
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Original Question:

When was the last time Peter Till's sports team 

beat the winner of the 1894-95 FA Cup in SC?

Sub-Question:

What was the sports 

team of Peter Till?

...Peter Till started his career 

with the Birmingham…

Documents:

Sub-Question:

Who was the 
winner of FA Cup?

…the copy of the trophy was 
from Aston Villa’s former…

Documents:

Sub-Question:

When was the last 
time PT’s team in SC?

...PT was loaned to Villa 
Park, against Aston Villa…

Documents:

Intermediate Result:

Peter Till’s sports team 
is Birming-ham City.

Intermediate Result:

The winner of the 1894-
95 FA Cup is Aston Villa.

Intermediate Result:

Peter Till played for 
Villa Park in SC in 2015.

Decomposition

Given the reasoning state, the 

original question might be 

Low Risk

Move forward

Low Risk
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Figure 2: Pipeline of ARISE. ARISE iteratively refines reasoning steps through decomposition, retrieval-then-
reasoning, providing fine-grained knowledge for LLMs (§ 2.1). MCTS treats each step as a node in the search tree,
expanding linear reasoning to mitigate error propagation by enabling exploration of reasoning paths and allowing
backtracking when necessary (§ 2.2). Risk assessment leverages Bayesian risk minimization to evaluate the quality
of each state, dynamically optimizing action strategies to guide the search towards promising directions (§ 2.3).

tree structure. Each node can undergo a simulated
rollout under guidance. The local value incorporat-
ing future reward can be updated without incurring
the cost of taking an actual forward step.

• Risk Assessment: We designed the Risk-
Value function to assess the risks of the interme-
diate reasoning states at each node. The policy
model is capable of dynamically formulating and
adjusting action strategies based on the actual risk
associated with each branch.

2.1 Reasoning State Generation

To define steps more clearly and granularly, we
prompt LLMs to perform problem decomposition
and retrieval-then-reasoning in an interleaved man-
ner. These two consecutive actions together con-
stitute a single step. Intermediate results at each
step are continuously appended to the entire rea-
soning state and serve as new inputs for subse-
quent steps, progressively approaching the final
solution to complex tasks. This approach, where
intermediate subtasks and their labels are concate-
nated to the original task’s input to form a new
input sequence, is widely applied in compounded
tasks (Wies et al., 2023; Rajani et al., 2019; Cobbe
et al., 2021). Specifically, at the ith step2, the in-
put comprises the original problem q and the in-
termediate results r1, r2, . . ., ri−1 from previous
steps, with the latter forming the reasoning state

2We use the bold notation for vectors and non-bold nota-
tion for scalars.

si−1 = r1 ⊕ r2 ⊕ . . . ⊕ ri−1. The policy model
then decomposes the problem into a subproblem
di, following the policy π(di | q, si−1). Based
on the subproblem di and the retrieved documents,
the intermediate result ri is then generated and ap-
pended to the reasoning state repeatedly. Each step
encodes an (si−1,ai) pair, where si−1 represents
the state, and ai is a set {di, ri} that implicitly
reflects the step’s two actions, with di being the
outcome corresponding to the decomposition and
ri to the retrieval-then-reasoning. A sequence of
coherent steps, extending until the endpoint, collec-
tively forms a complete trajectory.

2.2 Monte Carlo Tree Search

The MCTS algorithm expands a single trajectory
into a search tree structure. The whole process
begins with the original problem as the root node,
followed by iterative searches consisting of selec-
tion, expansion, simulation, and backpropagation.
The four phases are detailed as follows:
Selection. Starting from the root node and travers-
ing the existing tree structure, the algorithm se-
lects the optimal child node in preparation for the
next expansion phase. To balance exploration and
exploitation, the well-known Upper Confidence
Bounds (UCT) (Kocsis and Szepesvári, 2006) is
used in the selection process, formulated as:

UCT(s,a) = Q(s,a) + w

√
lnN(Pa(s))

N(s,a)
,
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where N(s,a) and N(Pa(s)) represent the visit
counts of the current node and its parent node in
previous searches, respectively. The initial value
of Q(s,a) is calculated by the Risk-Value func-
tion (detailed in § 2.3) and is subsequently updated
during the backpropagation phase.
Expansion. The model decomposes the original
problem based on the reasoning state from different
perspectives to generate new subproblems. Each
subproblem and its corresponding result form a
distinct child node, which is then appended to the
selected node, thereby expanding the tree in both
width and depth.
Simulation. The model initiates an imagined roll-
out from the selected node, proceeding until it
reaches a leaf node. This phase assists in assigning
the current node a more farsighted value that in-
corporates future rewards by completing the imag-
ined reasoning trajectory without altering the tree
structure. Within a single rollout, the model can
still sample multiple times and greedily advance
towards the leaf nodes.
Backpropagation. The backpropagation phase
updates the values of all nodes along the selected
reasoning branch. This process follows a bottom-
up manner, where the parent node’s value is deter-
mined by the values and visit counts of its child
nodes. The mathematical formulation is as follows:

Q(s,a) =

∑
c∈C(s,a)Q(c) ·N(c)
∑

c∈C(s,a)N(c)
,

where C(s,a) denotes all child nodes of (s,a).
After reaching the predetermined number of

search iterations, the tree structure and node values
stabilize. Ultimately, the model selects the optimal
path by maximizing value at each step, following
the greedy policy.

2.3 Risk Assessment
In this section, we delve into the Risk-Value func-
tion, which assesses the risks of reasoning states
to guide the tree-search process. To begin with,
for a composite problem q, we treat its decom-
position and retrieval-then-reasoning as a statisti-
cal decision of a probabilistic process (Zhai and
Lafferty, 2006; Lafferty and Zhai, 2001). Specif-
ically, given a set of decomposed subproblems
D = {d1,d2, . . .,dk} and the corresponding set
of intermediate results R = {r1, r2, . . ., rk}3, the

3In this notation, the subscript of the symbol denotes the
sequence number of the reasoning step, while the superscript
indicates the identifier for different reasoning perspectives.

quality of a node state can be evaluated using a
relevance score p(r | q), r ∈ R (Sachan et al.,
2022). We substitute the “problem generation like-
lihood” (Zhai and Lafferty, 2001; Ponte and Croft,
1998) as an alternative to the relevance score after
applying the Bayes’ rule:

log p(r | q) = log p(q | r) + log p(r) + c,

where p(r) is the prior belief that r is relevant to
any problem and is assumed to be uniform in this
case. We can also drop c since it is the intermediate
result-independent constant. The formula is then
reduced to:

log p(r | q) ∝ log p(q | r), ∀r ∈ R,

where p(q | r) captures how well the intermediate
results r fit the particular problem q. We utilize the
policy model to compute the average log-likelihood
of generating the original problem tokens in order
to estimate log p(q | r) (Sachan et al., 2022; Yuan
et al., 2024), and define the expected risk of a node
(s,a) pointing to r as follows:

Risk((s,a) → r | q) = − 1
|q|

∑
t
log p(qt | q<t, r; Θ),

where |q| denotes the length of the original prob-
lem, qt represents the tth token in q, and q<t refers
to the sequence of tokens preceding the tth token
in q. Θ denotes the parameters of the policy model.
Finally, the risk is scaled to the range (0, 1) through
a sigmoid function in the opposite direction, serv-
ing as the node value:

Q(s,a) = 1− 1

1 + eα·(Risk−β)
,

where α, β are the translation and scaling factors.

3 Experiments

3.1 Setup

Datasets. We use HotpotQA (Yang et al.,
2018), 2WikiMultihopQA (Ho et al., 2020), and
MusiQue (Trivedi et al., 2022) as test sets. These
datasets span a wide range of topics, necessitating
the retrieval and reasoning over multiple supporting
documents. To balance computational efficiency
and evaluation robustness, we conduct experiments
on a subset of 200 randomly selected questions
(Jiang et al., 2024; Feng et al., 2025). More details
are available in § B.1.
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Method HotpotQA 2Wiki MusiQue Average

EM F1 EM F1 EM F1 EM F1

Qwen2.5-14B-Instruct
Vanilla 59.50 63.63 37.00 50.33 14.50 47.07 37.00 53.68

Prompt-based
Query2Doc (Wang et al., 2023a) 61.00 67.65 38.00 53.40 22.00 55.79 40.33 58.95

Self-Ask (Press et al., 2023) 58.50 64.74 38.50 53.45 25.00 58.59 40.67 58.93
Verify-and-Edit (Zhao et al., 2023a) 62.50 70.16 38.50 57.68 22.00 55.30 41.00 61.05

Auto-RAG (Yu et al., 2024b) 68.00 66.64 53.00 55.13 35.50 59.05 52.17 60.27
Search-based

CoT-SC (Wang et al., 2023b) 63.00 71.39 37.50 54.41 16.00 57.46 38.83 61.09
RATT (Zhang et al., 2024b) 64.50 73.91 43.00 57.48 24.00 63.76 43.83 65.05

ARISE (ours) 73.50 75.39 56.50 62.61 40.50 65.87 56.83 67.96

Qwen2.5-7B-Instruct
Vanilla 54.50 63.63 36.50 50.33 11.00 47.07 34.00 53.68

Prompt-based
Query2Doc (Wang et al., 2023a) 60.00 67.31 37.00 53.78 14.50 54.59 37.17 58.56

Self-Ask (Press et al., 2023) 44.00 61.43 27.50 48.86 22.00 57.48 31.17 55.92
Verify-and-Edit (Zhao et al., 2023a) 67.00 69.87 39.00 53.91 21.50 54.75 42.50 59.51

Auto-RAG (Yu et al., 2024b) 66.50 66.33 44.50 54.00 29.50 57.19 46.83 59.17
Search-based

CoT-SC (Wang et al., 2023b) 60.50 70.66 38.00 54.01 15.00 56.72 37.83 60.46
RATT (Zhang et al., 2024b) 58.50 68.88 36.50 53.91 18.00 56.58 37.67 59.79

ARISE (ours) 66.50 73.87 47.50 61.37 29.00 62.26 47.67 65.83

Llama3.1-8B-Instruct
Vanilla 55.50 63.63 31.50 50.33 14.00 47.07 33.67 53.68

Prompt-based
Query2Doc (Wang et al., 2023a) 57.50 63.52 32.50 49.78 19.00 49.91 36.33 54.40

Self-Ask (Press et al., 2023) 57.00 62.10 40.00 51.26 20.50 52.14 39.17 55.17
Verify-and-Edit (Zhao et al., 2023a) 50.50 65.07 29.00 51.91 13.50 49.77 31.00 55.58

Auto-RAG (Yu et al., 2024b) 51.00 53.37 35.00 48.81 21.50 52.61 35.83 51.60
Search-based

CoT-SC (Wang et al., 2023b) 64.50 71.40 45.00 58.02 22.00 59.43 43.83 62.96
RATT (Zhang et al., 2024b) 58.50 71.18 46.00 56.18 29.50 63.66 44.67 63.67

ARISE (ours) 63.00 74.78 34.50 63.19 24.50 66.38 40.67 68.12

Table 1: Comparison of ARISE with a wide range of baselines.

Baselines and Metrics. All baselines are incor-
porated with RAG. For prompt-based baselines,
we compare ARISE with Query2Doc (Wang et al.,
2023a), Self-Ask (Press et al., 2023), Verify-and-
Edit (Zhao et al., 2023a) and Auto-RAG (Yu
et al., 2024b). For search-based baselines, we use
Self-Consistency (SC) (Wang et al., 2023b) and
Retrieval-augmented-thought-tree (RATT) (Zhang
et al., 2024b). We choose EM accuracy and F1
score as our evaluation metrics. The prediction is
correct if the ground truth answer is exactly con-
tained (Jiang et al., 2024; Feng et al., 2025). More
details are available in § B.2.

Implementation Details. In the main experi-
ments, we configure the number of iterations to 200,

the exploration weight factor w in UCT to 1.4, and
the temperature to 0.7. For the retrieval process,
we employ BM25 as our retriever. Prompts for
forward reasoning directly describe the task with
zero-shot instructions. For verification prompts, we
provide few-shot demonstrations. Further details
and specific prompts are available in § B.4.

3.2 Main Results

Finding 1: ARISE demonstrates superior per-
formance. Table 1 presents the comprehensive
experimental results on ARISE and various base-
lines. Specifically, on the Qwen2.5-14B-Instruct
model, ARISE outperforms across all benchmarks,
achieving an absolute improvement of 19.83% in
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EM over the vanilla RAG method, 13.29% over
prompt-based baselines, and 15.5% over search-
based baselines. ARISE maintains robust perfor-
mance on the Qwen2.5-7B-Instruct model with an
absolute improvement of 13.67% in EM over the
vanilla RAG method and overall surpasses vari-
ous baselines. We observed that ARISE performs
slightly worse on Llama models. To further analyze
this, we identify another interesting phenomenon:
Auto-RAG, which adopts the same interleaved de-
composition and retrieval paradigm as ARISE, also
exhibits a decline on Llama. This phenomenon sug-
gests that the Llama model may not be well-suited
for iterative problem decompositions. In contrast,
continuous-step reasoning methods such as CoT
and tree-of-thoughts show better results. Neverthe-
less, ARISE still maintains a notable F1 advantage
on Llama, indicating its effectiveness in selecting
more promising paths.

Finding 2: ARISE demonstrates substantial po-
tential on more challenging tasks. We are ex-
cited to show that ARISE demonstrates superior
performance on more challenging datasets. Based
on average performance, the difficulty level in-
creases progressively from HotpotQA to 2Wiki-
MultihopQA, and then to MusiQue. In particular,
on the 14B model, ARISE achieves a relative im-
provement of 23.53% in EM over the vanilla RAG
method on HotpotQA, which surges to 52.70% and
179.31% on 2WikiMultihopQA and MusiQue, re-
spectively. In contrast, a wide range of baselines
show only average performance improvements of
5.74%, 11.94%, and 66.09%, respectively. The
F1 score reflects the same trend, with a relative
improvement of 18.48%, 24.40%, and 39.94%, cor-
responding to the three benchmarks.

3.3 Comparison to Learning-based LRMs

Finding 3: Learning-based LRMs have not yet
approached the point where they can effectively
match or even replace search-based reasoning as
ARISE. Our empirical comparison between base
models with ARISE and the DeepSeek-R1 distilled
models reveals key insights into the effectiveness
of test-time search. These learning-based LRMs ex-
tract similar reasoning patterns from DeepSeek-R1.
As shown in Figure 3, ARISE exhibits a perfor-
mance advantage over the LRMs, especially on
the Qwen model series. While ARISE slightly un-
derperforms in comparison to DeepSeek-R1-style
reasoning pattern on Llama, it consistently outper-
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Figure 3: Search-based reasoning vs. learning-based
LRMs. Learning-based LRMs like DeepSeek-R1 dis-
tilled models have not yet approached the point where
they can effectively match or even replace search-based
reasoning methods in terms of performance.

forms it on the Qwen models. On average, ARISE

shows a relative improvement of 4.03%, emphasiz-
ing the benefit of our search-based method. These
results suggest that while learning-based LRMs
like DeepSeek-R1 distilled models provide valu-
able insights, they have not yet demonstrated the
same effectiveness as search-based reasoning.

3.4 Model Scale

Finding 4: ARISE progressively approaches the
optimal performance upper bound as model
scale increases, unlocking the potential of
larger models. We conducted experiments on
the Qwen2.5 series models, spanning a range of
parameter scales from 0.5B to 32B, as illustrated
in Figure 4. To realistically and prominently reflect
the related trends, we selected two more challeng-
ing test sets: 2WikiMultihopQA and Musique. We
employ Pass@N as the metric to evaluate the upper
bound of the success rate, where a problem is con-
sidered solved as long as a single surviving node
in the tree leads to the correct answer. Pass@1,
on the other hand, represents the success rate of
the optimal path selected under the guidance of
ARISE. The results show that Pass@N and the
vanilla method exhibit similar trends as model pa-
rameters scale, but there is an average of 26.85%
significant room for improvement. This indicates
that appropriately scaling up inference computa-
tion offers substantial potential for enhancing per-
formance. We observed that after the model size
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Figure 4: Performance vs. model scales. Although
scaling up the model size shows diminishing returns for
vanilla approaches, ARISE better harnesses the potential
of larger models in solving complex tasks.

reaches 7B parameters, the performance of both the
upper bound and naive retrieval tends to saturate,
suggesting diminishing returns with further scaling
of model parameters. In contrast, ARISE demon-
strates consistent improvement as model scale in-
creases. The accuracy of the optimal path selection
gradually approaches the upper bound, with the
success rate gap between Pass@1 and Pass@N de-
creasing from 25.00% to 7.25%.

3.5 Computational Overhead

The computational overhead is measured in terms
of reasoning time (in minutes).

3.5.1 Overhead in Relation to Search Space.
Finding 5: Moderate search space expansion
boosts performance over minimal settings, but
returns diminish rapidly as overhead surge.
We conducted experiments on the HotpotQA
dataset using the Llama3.1-8B-Instruct model. The
results are under different search space configu-
rations—defined by search depth and width. As
shown in Figure 5, expanding the search space
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Figure 5: Computational overhead in relation to the
search space. As the search space expands in depth
and width, performance improves but with diminishing
returns and significantly increased reasoning time. The
(4,5) setting achieves a good trade-off and is adopted in
our main experiments.

leads to performance improvements (in EM and F1
scores), especially when increasing from a vanilla
setting (depth 1, width 1) to moderate configura-
tions. However, these improvements diminish as
the depth and width increase further, while the com-
putational overhead escalates rapidly. For instance,
increasing the depth from 3 to 4 and the width from
4 to 6 results in a reasoning time increase from 52
to 266 minutes, with only marginal performance
gain. Based on this observation, we adopted a con-
figuration of depth = 4 and width = 5 for our main
experiments, which strikes a practical balance be-
tween accuracy and computational cost. It is worth
noting that the optimal search space configuration
may vary across instances. Different questions de-
mand varying depths of reasoning and degrees of
knowledge integration, often corresponding to dif-
ferent numbers of reasoning hops. Thus, adaptively
determining the search space based on task com-
plexity remains an open research problem. Even
state-of-the-art reasoning models still face the chal-
lenge of choosing between wider and deeper rea-
soning paths. We discuss this further in § 5 and
identify it as a promising direction for future work.

3.5.2 Overhead Comparison with Baselines.
Finding 6: ARISE achieves the best perfor-
mance but incurs higher computational over-
head due to its search-based paradigm. We
further evaluate the computational overhead of our
method, ARISE, in comparison with a set of com-
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Method EM F1 Time (min)

Vanilla 14.50 47.07 10
Query2Doc 22.00 55.79 16

Self-Ask 25.00 58.59 18
Verify-and-Edit 22.00 55.30 21

Auto-RAG 35.50 59.05 26
CoT-SC 16.00 57.46 69
RATT 24.00 63.76 155

ARISE (ours) 40.50 65.87 160

Table 2: Computational overhead comparison with
baselines. ARISE achieves the best performance in
both EM and F1 scores but incurs higher reasoning time
due to its search-based multi-step reasoning. Practical
deployment should consider the trade-off between com-
putational resources and desired performance.

petitive baselines on the Musique dataset using the
Qwen2.5-14B-Instruct model. The results are sum-
marized in Table 2. As shown, ARISE achieves the
highest EM and F1 scores, demonstrating the ef-
fectiveness of our search-based reasoning strategy.
However, this comes at a higher computational
cost, primarily due to the enlarged search space
and multi-step reasoning process. In practical ap-
plications, the trade-off between performance and
reasoning time should be contextualized by the na-
ture of the task at hand. In high-stakes domains
such as finance, healthcare, and law, sacrificing ad-
ditional computational time for improved accuracy
is often a worthwhile investment.

3.6 Ablation Studies

3.6.1 Risk Assessment
Finding 7: The Risk-Value function effectively
risk-assess reasoning states to guide the tree
search process. We conducted ablation studies
to evaluate the effectiveness of the Risk-Value (R-
V) function in guiding Monte Carlo Tree Search
(MCTS). Table 3 present experimental results com-
pared to vanilla MCTS and MCTS with LLM-
as-Judge4 baselines. The incorporation of the R-
V function resulted in improvements across all
datasets. Specifically, it achieved an average rela-
tive performance gain of 10.71% over the vanilla
MCTS baseline. The function’s impact was even
more pronounced in more challenging tasks, with
improvements reaching up to 17.39% on MusiQue.
This demonstrates the function’s capacity to better
navigate and prioritize lower-risk paths, ensuring

4To ensure experimental fairness, we employed the same
LLM (policy models) for methods involving LLM-as-verifier.

more efficient exploration and exploitation within
the search space. In comparison, MCTS with LLM-
as-Verifier showed marginal improvements over the
vanilla approach. While pretrained LLMs can pro-
vide meaningful context during verification, they
are not specifically tuned for evaluating the quality
of reasoning states in a dynamic environment. This
suggests that pretrained LLMs are insufficient as
standalone verifiers in path planning, underscor-
ing the critical role of specialized functions like
Risk-Value in guiding the search process.

3.6.2 Iterations of MCTS
Finding 8: ARISE with dynamic risk assessment
achieves near-optimal solutions with a relatively
low inference cost. We conduct empirical exper-
iments on the trade-off between inference cost and
solution quality. Specifically, we examined the per-
formance of ARISE as the number of MCTS itera-
tions increased from 1 to 200. Figure 6 illustrates
the efficiency of ARISE in reaching near-optimal
solutions with a relatively low inference cost. As
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Figure 6: Ablation on iterations. We evaluate perfor-
mance using the average of EM accuracy and F1 score.

the number of MCTS iterations increases, the per-
formance improves, but the rate of improvement
diminishes with higher iteration counts. At the
initial stages of the search process (from 1 to 30
iterations), the performance shows rapid improve-
ments. The initial exploration of potential moves
encourages the model’s better understanding of the
search space. The subsequent increase in the num-
ber of additional paths during this phase contributes
meaningfully to the quality of the solution. Beyond
30 iterations, the improvements in performance be-
gin to level off. For instance, between 30 and 60
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Method HotpotQA 2Wiki MusiQue Average

EM F1 EM F1 EM F1 EM F1

MCTS (R-V function) 73.50 75.39 56.50 62.61 40.50 65.98 56.83 67.96
MCTS (vanilla) 71.00 73.58 48.50 60.47 34.50 63.34 51.33 65.80

MCTS (LLM-as-verifier) 69.00 73.85 53.50 60.98 34.00 64.30 52.17 66.38

Table 3: Ablation on the Risk-Value function. The incorporation of the Risk-Value function resulted in improve-
ments across all datasets. The Risk-Value function effectively assesses reasoning states, guiding the tree search
process; however, pretrained LLMs are not adequate as verifiers.

iterations, the performance increases slightly by a
relative 1.32%, whereas during the initial phase,
the increase was 5.76%. This suggests that further
exploration of the search space yields diminishing
returns as the algorithm begins to converge toward
the optimal decision. This phenomenon can be at-
tributed to that ARISE provides dynamic step-level
Risk-Value, without requiring the model to wait
for outcome verification to guide the next iteration.
The Risk-Value function efficiently narrows down
the promising branches at a rapid pace. The perfor-
mance stabilizes after approximately 100 iterations.
Further iterations may lead to incremental improve-
ments but are less impactful in a highly explored
search space.

4 Related Works

Test-Time Compute. Scaling test-time compute
has become a popular topic recently in many re-
search efforts (Brown et al., 2024; Snell et al.,
2024), aiming to shift the reasoning paradigm of
LLMs from the fast but error-prone system 1 think-
ing to the more deliberate system 2 thinking (Kah-
neman, 2011; Snell et al., 2024). Prior works
mainly include prompt-based (Yu et al., 2024a),
search-based (Hao et al., 2023), and learning-
based (OpenAI, 2024; DeepSeek-AI et al., 2025)
methods. Prompt-based reasoning utilize chain-
of-thought (CoT) (Wei et al., 2022) prompting
to break down complex reasoning into sub-steps,
gradually approaching a more accurate final an-
swer through the generation of additional inter-
mediate tokens (Zhao et al., 2023a; Yu et al.,
2024b; Li et al., 2024). Search-based reasoning
allows LLMs to improve performance by gener-
ating multiple samples, and tree-based methods
have further integrated planning and exploration
(Yao et al., 2023; Besta et al., 2024; Hao et al.,
2023). While the multiple and redundant rollouts
significantly burden the inference spend, verifiers
for solution-selection is essential for ensuring ef-

ficiency. Learning-based methods aim to inject
the deep reasoning patterns of large and compli-
cated models into smaller models through post-
training (OpenAI, 2024; DeepSeek-AI et al., 2025).

Retrieval-Augmented Generation. Retrieval-
Augmented Generation (RAG) merges the intrinsic
knowledge of LLMs with a vast, dynamic reposi-
tory of external databases, mitigating the issues of
language model hallucination and outdated knowl-
edge to some extent (Lewis et al., 2020; Gao et al.,
2023). Recent studies (Wang et al., 2023a; Press
et al., 2023; Yu et al., 2024b; Zhao et al., 2023a)
have proposed some prompting-based strategies
for LLMs to better harness the potential of RAG,
essentially integrating it into the intermediate rea-
soning process (e.g., chain-of-thought (CoT) (Wei
et al., 2022)). In these methods, the interaction
between LLMs and retrieval actions breaks down
the reasoning process into discontinuous smaller
steps, which helps produce more authentic interme-
diate results and reduces the instability inherent in
autoregressive token generation.

5 Conclusion

In this work, we introduce ARISE, a novel frame-
work that addresses the challenges of error propa-
gation and verification bottleneck in open-ended,
knowledge-intensive, and complex reasoning tasks.
By integrating Monte Carlo Tree Search with
risk-adaptive exploration, ARISE enables dynamic
and effective reasoning through iterative problem-
decomposition and retrieval-then-reasoning steps.
Our experiments demonstrate that ARISE outper-
forms a wide range of state-of-the-art methods,
and also surpasses the performance of the latest
learning-based large reasoning models (LRMs)
equipped with RAG. These results highlight the
strong potential of ARISE in advancing open-
ended, knowledge-intensive, and complex reason-
ing tasks across various real-world applications.
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Limitations

Although our method ARISE demonstrates strong
performance for knowledge-intensive, and complex
reasoning tasks, several limitations remain open for
improvement. Our experiments are currently con-
fined to multi-hop question-answering (QA) tasks.
The applicability of ARISE to other reasoning tasks,
such as mathematical problem-solving, code gen-
eration, or complex decision-making, remains to
be explored. Extending our method to a broader
range of reasoning tasks is an important direction
for future work. There is also a need for more
systematically designed prompts to ensure gener-
alization and robustness across diverse scenarios.
Moreover, existing search-based paradigms mainly
rely on post-trained reward models for verification.
These models are trained on specially annotated
data to learn how to score reasoning states. While
this approach has shown progress in mathematics
(a relatively closed domain) (Lightman et al., 2024;
Luo et al., 2024; Wang et al., 2024), static, post-
trained reward models struggle with open-ended,
knowledge-intensive tasks, where external knowl-
edge is dynamically involved. Such models cannot
accurately assess new knowledge unseen during
post-training, limiting their generalization. We ar-
gue that a generalizable design of rewards is crucial
for future developments. Our work presents an ini-
tial attempt in this direction, and we will further
explore this line of research. Last but not least, the
search space for specific questions is predefined,
lacking the ability to adapt efficiently to varying
reasoning complexity or knowledge density. This
points to an open challenge in the study of efficient
reasoning: how to achieve an effective trade-off
between broad and deep search, and how to reduce
redundancy in the reasoning process. We leave this
as an avenue for future work.
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A Impact of Retrieval System Quality

To evaluate how sensitive ARISE is to the quality
of the underlying retrieval system, we examine two
key factors: the type of retriever and the number of
retrieved documents.

Dataset BM25 EM BM25 F1 BGE EM BGE F1

Musique 40.50 65.87 44.50 70.47
HotpotQA 73.50 75.39 74.00 75.41
2Wiki 56.50 62.61 72.00 67.36

Table 4: Impact of Retriever Type. The dense retriever
(BGE) outperforms the sparse retriever (BM25) across
all datasets, with more notable gains on challenging
benchmarks.

Choice of Retriever. We compare the perfor-
mance of ARISE when paired with a sparse re-
triever (BM25) versus a dense retriever (BGE).
As summarized in Table 4, dense retrieval con-
sistently outperforms sparse retrieval across all
three datasets. On average, BGE improves EM
and F1 scores by 11.7%, with particularly substan-
tial gains observed on more challenging datasets
such as 2Wiki. This indicates that while ARISE

exhibits some robustness to retrieval quality on
simpler tasks (e.g., HotpotQA), it substantially ben-
efits from higher-quality evidence in more complex
scenarios. These results suggest that although the
verifier-guided reasoning in ARISE can partially
mitigate retrieval noise, it still relies on access to
relevant and precise information to perform effec-
tive multi-hop reasoning.

#Doc EM F1

1 28.50 44.14
2 40.50 65.87
3 37.00 63.97

Table 5: Effect of the Number of Retrieved Docu-
ments. Performance peaks at retrieving two documents,
suggesting a balance between sufficient evidence and
retrieval noise.

Number of Retrieved Documents. We further
assess the impact of varying the number of re-
trieved documents on the Musique dataset. As
shown in Table 5, retrieving two documents yields
the best performance. Adding a third document
does not lead to further improvements and may
even slightly degrade performance. This can be

attributed to two factors. First, the knowledge den-
sity of the task affects how much additional context
is beneficial. Second, due to ARISE’s step-by-step
reasoning design, the overall problem is decom-
posed into smaller, more manageable subproblems,
each requiring less contextual information. In a nut-
shell, ARISE is more sensitive to missing critical
information than to receiving redundant or noisy
evidence, exhibiting a degree of robustness to re-
trieval noise.

B Further Details

B.1 Further Details for Datasets

We use HotpotQA (Yang et al., 2018), 2WikiMul-
tihopQA (Ho et al., 2020), and MusiQue (Trivedi
et al., 2022) as the test set, which are three repre-
sentative benchmarks for open-ended, knowledge-
intensive, and complex reasoning tasks. The ques-
tions in these datasets require retrieving and reason-
ing over multiple supporting documents to answer,
and they cover a wide range of topics without be-
ing constrained by any existing knowledge base
or schema. We performed preprocessing on the
dataset. Specifically, considering the limitations
of computational resources, we randomly sampled
200 questions from each dataset as the final test set.
Each instance includes the original question and its
answer, along with possible reference documents
and necessary supporting documents. During the
testing phase, we treated the possible reference
documents for each question as its external knowl-
edge base and employed BM25 as our retriever,
with each retrieval returning the top two documents.
Based on the original dataset, the majority of ques-
tions involve complex reasoning with three or more
hops (over 80%) (Feng et al., 2025). Among them,
Musique has the highest reasoning difficulty, with
a notable higher proportion of multi-hop questions.
We fixed the search depth to four layers to align
with the number of sub-question decompositions
required for problem-solving, thereby reducing un-
necessary reasoning overhead. Additionally, we set
the initial maximum number of expandable child
nodes to 5 to cover hop counts comprehensively,
guaranteeing diversity in the model’s decomposi-
tion of questions. As the search depth increases, the
diversity of decomposition perspectives for original
questions gradually decreases. Therefore, we also
progressively reduced the number of expandable
child nodes, which ensures search efficiency.
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B.2 Further Details for Evaluations
We choose EM accuracy and F1 score as the evalu-
ation metrics. EM accuracy measures the success
rate of the results, while F1 score evaluates the re-
liability of the reasoning process. Specifically, for
EM, we adopt the covered EM calculation method.
We preprocess both the model’s predictions and
the ground truth answers by converting them to a
uniform case format. If the ground truth answer is
a substring of the predicted result, we consider the
prediction correct. This approach aims to genuinely
reflect the method’s performance. Additionally, we
employ concise response prompts to ensure the
model’s final output is not overly verbose, thereby
avoiding false-positive cases. For the calculation of
F1 score, we utilize the top two documents related
to the entire reasoning path and original question.
At the final step, we perform an additional retrieval
based on the complete reasoning state to ensure
the documents reflect the context of the entire path.
To prevent redundant retrievals from obscuring the
comparison of F1 scores, we limit each retrieval to
return only the top two documents.

B.3 Further Details for LLMs
Throughout the experiments, we primarily utilized
the Qwen series (Team, 2024) and Llama series
models (Dubey et al., 2024). The Qwen series in-
cludes models with scales of 0.5B, 3B, 7B, 14B,
and 32B parameters, while the experiments with
Llama were mainly conducted on the 8B parameter
model. To ensure fairness in the experiments, for
any tasks involving risk assessment or state evalua-
tion, we consistently employed the corresponding
policy models. In addition, experiments also in-
volved DeepSeek-R1 distilled models (DeepSeek-
AI et al., 2025), including Qwen-7B, Qwen-14B,
Qwen-32B, and Llama-8B. The distilled small
model extracts reasoning patterns from DeepSeek-
R1 and demonstrates superior performance com-
pared to the inference patterns obtained through
reinforcement learning (DeepSeek-AI et al., 2025).

B.4 Further Details for Prompts
We list the full details of all prompts employed in
ARISE as follows. The prompts used for forward
inference follow a zero-shot instruction to directly
describe the task. We provide few-shot demonstra-
tions in the prompts for risk assessment.
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Problem Decomposition

Your task is to decompose the original question into one smaller sub-question based on the Intermediate
answer and Observation.
The decomposed process is encouraged to be done from multiple perspectives.
Output a thought to reason the original question, and output one sub-question that you think is
appropriate to solve next.
DO NOT REPEAT the question and DO NOT try to answer the question.
The output format is limited to:
Thought: ...
Sub-question: ...
Here, the "..." indicates omitted output information that you need to fill in.

Original question: {original question}
Intermediate answers: {reasoning state}
Observation: {retrieved documents}
Output:

Intermediate Answer Generation

Your task is to answer the following question using provided supporting facts.
The output answer should be a complete declarative sentence, rather than directly outputting phrases
or words.
DO NOT use pronouns in the sentence.
Specially, if no provided supporting facts, just output "No directly relevant facts found." and nothing
else.

Question: {sub-question}
Supporting facts: {retrieved documents}
Output:

Final Answer Generation

Your task is to answer the original question based on the intermediate answers.
Output the final answer directly and nothing else.

Original question: {original question}
Intermediate answers: {reasoning state}
Output:
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Risk Assessment

Given intermediate answer containing the facts about the original question, which is unknown, your
task is to infer what the original question might have been.
Output the most likely original question directly and nothing else.
Example 1:
Intermediate answer:
Muhammad Ali was 74 years old when he died.
Alan Turing was 41 years old when he died.
The original question might be:
Who lived longer, Muhammad Ali or Alan Turing?
Example 2:
Intermediate answer:
Craigslist was founded by Craig Newmark.
Craig Newmark was born on December 6, 1952.
The original question might be:
When was the founder of craigslist born?

Intermediate answers: {reasoning state}
The original question might be:

LLM-as-Verifier

Given a question, your task is to determine the consistency score of its decomposed sub-questions and
corresponding intermediate answers with the original question.
Directly output JUST A NUMBER between 0 and 10 to represent the consistency score.
DO NOT output anything else.

Original question: {original question}
Sub-questions: {sub-questions}
Intermediate answers: {reasoning state}
Output:
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ARISE Simple Case

STATE 1: depth: 1; action: decompose
original question: When was the last time Peter Till’s team beat winner of 1894-95 FA Cup in SC?
sub-questions: Who was the winner of FA Cup?
intermediate-answer:
reasoning state:
STATE 2: depth: 1; action: retrieve-then-reason
original question: When was the last time Peter Till’s team beat winner of 1894-95 FA Cup in SC?
sub-questions: Who was the winner of FA Cup?
– retrieve: {supporting facts}
intermediate-answer: The winner of the 1894- 95 FA Cup is Aston Villa.
reasoning state: The winner of the 1894- 95 FA Cup is Aston Villa.
STATE 3: depth: 2; action: decompose
original question: When was the last time Peter Till’s team beat winner of 1894-95 FA Cup in SC?
sub-questions: What was the sports team of Peter Till?
intermediate-answer:
reasoning state: The winner of the 1894- 95 FA Cup is Aston Villa.
STATE 4: depth: 2; action: retrieve-then-reason
original question: When was the last time Peter Till’s team beat winner of 1894-95 FA Cup in SC?
sub-questions: What was the sports team of Peter Till?
– retrieve: {supporting facts}
intermediate-answer: Peter Till’s sports team is Birming-ham City.
reasoning state: The winner of the 1894- 95 FA Cup is Aston Villa. Peter Till’s sports team is
Birming-ham City.
STATE 5: depth: 3; action: decompose
original question: When was the last time Peter Till’s team beat winner of 1894-95 FA Cup in SC?
sub-questions: When was the last time Birming-ham City beat Aston Villa in SC?
intermediate-answer:
reasoning state: The winner of the 1894- 95 FA Cup is Aston Villa. Peter Till’s sports team is
Birming-ham City.
STATE 6: depth: 3; action: retrieve-then-reason
original question: When was the last time Peter Till’s team beat winner of 1894-95 FA Cup in SC?
sub-questions: When was the last time Birming-ham City beat Aston Villa in SC?
– retrieve: {supporting facts}
intermediate-answer: The last time Birming-ham City beat Aston Villa was in March 2005.
reasoning state: The winner of the 1894- 95 FA Cup is Aston Villa. Peter Till’s sports team is
Birming-ham City. The last time Birming-ham City beat Aston Villa was in March 2005.
STATE 7: depth: 4; action: answer
original question: When was the last time Peter Till’s team beat winner of 1894-95 FA Cup in SC?
sub-questions:
intermediate-answer:
reasoning state: The winner of the 1894- 95 FA Cup is Aston Villa. Peter Till’s sports team is
Birming-ham City. The last time Birming-ham City beat Aston Villa was in March 2005.
final answer: March 2005

NOTE: Decomposition is based on original question, reasoning state, and retrieved documents.
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