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Abstract

Language models demonstrate surprisingly
strong zero-shot multi-hop question-answering
(MHQA) capabilities; however, most prompt-
ing schemes for zero-shot MHQA suffer in
performance either due to a lack of ability to
backtrack on wrong retrieval decisions or mod-
ify the plan for decomposing the multi-hop
question given new information. In response,
we introduce RAG-DOLL, a zero-shot LLM
MHQA formulation that uses a Markov deci-
sion process (MDP) to simultaneously plans
over both selecting a good strategy to decom-
pose the MHQA query and selecting the right
documents to be retrieved given that strategy.
We solve this formulation with Monte-Carlo
Tree Search (MCTS) and demonstrate state-
of-the-art exact match performance on Hot-
Pot QA Fullwiki. We find also that even a
simple, weighted stochastic policy leveraging
our action space outperforms chain-of-thought
prompting. Our method thus sets a new, com-
petitive baseline for zero-shot prompts on hard,
multi-step reasoning challenges, paving the
way to better leverage test-time inference for
retrieval-heavy tasks.

1 Introduction

Large Language models (LLM) can store and com-
press an immense wealth of information (Petroni
et al., 2019) as well as perform reasoning with nat-
ural language at scale (Kaplan et al., 2020). Yet,
despite these advancements, recent work highlights
that there are still significant gaps in multi-step in-
formation retrieval (Chen et al., 2024; Wu et al.,
2024).

In order to enable accurate information retrieval
with language models with minimal hallucina-
tion, Lewis et al. (2021) proposes Retrieval Aug-
mented Generation (RAG), an information retrieval
pipeline external to a language model that fulfills
user queries by using a sequential process that first

encodes the user query to match against true docu-
ments in a corpus, and then conditions an answer
generator (an LLM) against these matched docu-
ments to produce the final answer.

Though a breakthrough technique for truthful
LLMs, the success of these RAG systems is tem-
pered by the initial retrieval step. When informa-
tion needed to fulfill the user query is not fully
present in the user query, the query-once approach
given by RAG degrades in performance. This effect
can be observed particularly in datasets for which
the query explicitly requires sequential information
gathering steps to answer (Yang et al., 2018) or
in long-form retrieval tasks where the answer is
buried in context (Kocisky et al., 2017).

One set of techniques that have found success
in mitigating problems like this involves prompt-
ing the LLM to perform sequential reasoning that
breaks the large query down, essentially strate-
gizing the method of solution before solving the
problem. A very basic way to achieve this effect
is Chain-of-Thought (CoT) prompting (Wei et al.,
2022), which asks the language model to explain
its stepwise retrieval decisions. Each retrieval step
can even be augmented with retrieved knowledge
individually (Trivedi et al., 2023).

A limitation of CoT approaches involves the fact
that errors early on during reasoning will propagate
to later stages without backtracking, leading to er-
roneous answers. In response, tree-based search so-
lutions have emerged that plans over multiple possi-
ble sub-queries at each stage (Qi et al., 2021; Khat-
tab et al., 2022; Sarthi et al., 2024; Fan et al., 2024;
Bi et al., 2024; Jiapeng et al., 2024), sometimes
even leveraging Monte-Carlo tree search to trade
off efficiency of exploration and retrieval outcomes
(Lee et al., 2024; Ren et al., 2025). While signifi-
cantly improving multi-hop performance, planning
over sub-queries still means that the retriever still
commits to one fixed plan: it is simply searching
over the best queries to help fulfill it. Thus, espe-



cially for zero-shot approaches that do not incorpo-
rate carefully designed domain-specific heuristics
(Zhao et al., 2020; Qi et al., 2021), erroneous initial
query strategies can still propagate through to the
retrieval outcome.

In response, we introduce RAG-DOLL, a zero-
shot planning-based approach for solving multi-
hop retrieval that simultaneously plans over sub-
query choices as well as query decomposition
plans. In particular, RAG-DOLL leverages the
efficient exploration of Monte-Carlo Tree Search
(MCTYS) (Silver and Veness, 2010) and the effective
heuristic given by zero-shot LLMs to simultane-
ously choose both the plan for solving a particular
complex query as well as the actual documents to
be explored. We do this by incorporating the se-
quential query plan into the state space of MCTS
exploration, and choosing actions that either exe-
cute or revise each step of the plan. To prevent the
action space from being intractable, we limit our
actions to be local to the step of the plan we are
executing (i.e., to revise the previous step of the
plan, we must take two actions to first move up the
plan being executed and then to revise it).

We implement this planning strategy using DSPy
(Khattab et al., 2024), and demonstrate state-of-the-
art performance on multi-hop question-answering
datasets compared to other zero-shot prompting
methods. Our work thus introduces three main
contributions:

1. We propose a way to simultaneously formu-
late multi-hop retrieval plans and the actual
documents to explore as a single planning
problem by composing local actions on two
writable context tapes.

2. We introduce a language-model weighted
Q-function initialization scheme for Monte-
Carlo tree search that prioritizes exploring
valuable actions during planning, drastically
speeding convergence.

3. We show how these two methods can be inte-
grated together to form a LLM based multi-
hop QA solver, and demonstrate state-of-the-
art zero-shot performance on HotPotQA Full-
wiki (Yang et al., 2018).

We hope this system provides both insights into
the design of adaptive language model retrieving
pipelines, and can serve as a useful baseline for
multi-hop retrieval.

2 Related Work

Multi-Hop Information Retrieval Our project
primarily contributes to the study of multi-hop re-
trieval. CoQA (Reddy et al., 2019), HotPotQA
(Yang et al., 2018), and BeerQA (Qi et al., 2021)
offer strong baselines and benchmarks for this
area, extended by decomposition datasets such as
MuSiQue (Trivedi et al., 2022). Approaches used
to tackle such problems include methods that use
explicit summarization on the document level (syn-
thesizing multiple documents in one relevant one)
either recurrently (Khattab et al., 2022), by decom-
posing the retrieval action via chain-of-thought
(Trivedi et al., 2023), via a tree (Khattab et al.,
2022; Bi et al., 2024), or even with explicit beam
search (Zhang et al., 2024); to efficiently leverage
tree-like approaches, MCTS have also been previ-
ously proposed (Lee et al., 2024; Ren et al., 2025)
as a well to sequence exploring different sub-query
plans. Finally, to ensure generation stability, meth-
ods have employed verifiers of the retrieved content
(Fan et al., 2024; Bi et al., 2024).

Zero-Shot Prompting Strategies Our solution
to the sequential retrieval problem involves lever-
aging an effective zero-shot prompting method.
Work in this area began through the discovery that
Chain-of-Thought prompting (Wei et al., 2022) sig-
nificantly improves LLM performance, and was
subsequently extended by methods that leverage
input feedback such as ReAct (Yao et al., 2023)
and MRKL (Karpas et al., 2022). More recently,
search-inspired prompting methods such as tree of
thoughts (Yao et al.) and graph of thoughts (Besta
et al., 2024) have also emerged that further im-
proves the efficacy of zero-shot prompts. Packages
such as DSPy (Khattab et al., 2024), along with a
family of “prompt optimizers” (Opsahl-Ong et al.,
2024) have emerged to bootstrap zero-shot prompts
into few-shot systems.

POMDP Solution Methods Modeling complex
sequential decision problems as a Partially Observ-
able Markov Decision Process has shown to be
successful in many domains such as aircraft safety
(Kochenderfer et al., 2012) and robotics (Lauri
et al., 2022); for language models in particular, suc-
cessful POMDPs have been formulated for web lan-
guage agents (Yao et al., 2022; Putta et al., 2024) to
sequence complex multi-step interactions. Solving
a POMDP exactly is intractable (Spaan and Vlas-
sis, 2005) but online solvers that use tree search



(Silver and Veness, 2010; Somani et al., 2013; Sun-
berg and Kochenderfer, 2018) have excelled in per-
formance. Most recently, deep hybrid planning
methods (Zhang and Yu, 2020; Moss et al., 2024)
remove the dependence of prior methods on selec-
tion heuristics and instead learns a solution through
neural networks.

3 Methods

RAG-DOLL is a zero-shot prompting pipeline that
solves the multi-hop retrieval task when provided
access to a single tool that queries the underlying
knowledge base. We will now describe the
construction of this pipeline. First, we formulate
the retrieval task of planning over both retrieval
strategies and documents to read as a single
MDP. Second, we introduce a language-model
Q-weighted MCTS method in to solve the MDP
we propose to yield a performant multi-hop QA
pipeline. Finally, we describe the details of using
zero-shot language model programs to construct
each of our method’s constituent components.

3.1 Problem Formulation

A Markov-Decision Process (MDP) is a model
formulation in reinforcement learning to en-
able sequential decision making over observable
states. MDPs are characterized by the tuple
(S, A, T, R, so,7). Given the current state s € S
and action a € A to transition to a new state
s ~ T(-|s,a) with rewards R(s,a, s"). The goal
of an MDP is to maximize the expected sum of
future rewards.

The task of multi-hop retrieval is especially well-
suited for this formulation because the quality of
next decisions in what information to seek is heav-
ily dependent on the quality of previous informa-
tion already sought. Attempts have been made to
formulate retrieval as an MDP, but always with a
state space in terms of documents to be retrieved
(Lee et al., 2024; Ren et al., 2025; Bi et al., 2024,
Jiapeng et al., 2024).

Here, we provide a MDP formulation of retrieval
whose state simultaneously encodes the plan for
retrieval and the retrieved documents, enabling
the agent to take the information it gathered to
completely change the subgoals needed to solve a
problem.

3.1.1 State Representation

We construct our state by formulating it in terms
of two writable context “tapes”: one containing the

current retrieval results, and the other containing
the current plan. The current “state” of the machine
(i.e., which retrieval result it is considering and
which step of the plan it is considering) naturally
forms the state of our MDP.

Formally, our state forms a four tuple:

(C.G,g,d) €S ey

for the set of all documents in the corpus D, a
plan G for solving the current question the current
step of the plan g € G, the current context C' C D,
and the current document to explore d € D.

3.1.2 Actions and Transitions

Our MDP has four discrete actions, each of which
yields a distinct possible output distribution in tran-
sition. During transitions, we have access to a
retriever tool that yields d1, . ..d, ~ Retrieve(z)
for some query z and documents d; € D re-
turned in ordered rank (i.e., such that dy is the
most relevant document with respect to ), current
state s = (C, G, g4, dj;) written in conventions de-
scribed in section 3.1.1, and a planning-prompted
LLM used to modify the current plan given context
Replanner(C, G) described in section 3.4.

a;: next step We take the next step in the
plan and add the current document being consid-
ered into context, namely, we transition to s’ =
(CU{dr},G,gjt+1,d1 ~ Retrieve(gj+1))-

az: next document We swap the current docu-
ment being considered for the one with the next
highest relevance. s’ = (C,G, g;,dk+1). This
transition is thus entirely deterministic since the
retrieval output of Retrieve(g;) is always cached.

as: modify plan Given the current context C,
we come up with a new plan that extends the steps
already taken. This makes s’ = (C,{g1...g;—1}U
G’ ~ Replanner(C, G), ¢1,d1 ~ Retrieve(q))).
Note that we also retrieve a new context for the
current document given this new plan.

a4: answer The final action terminates the simu-
lation and answers the question using a language
model given the retrieved context C. This action
can be generated by sampling a variety of differ-
ent answers at a high temperature given the same
context.

In particular, notice that transitions between
states are only non-deterministic with respect to
the output of the retriever and planner. This dra-
matically cuts down on uncertainty, and allows the



user to trade-off the speed of convergence with re-
trieval performance by simply fixing some or all
transitions to be deterministic via caching.

Observe also that these choices of action natu-
rally decomposes the task of planning the retrieval
and selecting the documents into one unified MDP.

Both the Retrieve and Replanner tools are de-
scribed in further detail in section 3.4.

3.1.3 Reward

Unlike previous works that incorporate hand-
crafted process-level supervision, we use a very
simple heuristic as our reward. We simply prompt
a language model Correct(s,q,a) € [r,y] € RT
for some positive range [z, y] to output an integer
within a fixed range for question ¢, answer a, and
state s to judge whether the context supports the
answer.

For process-level reward assignments, we
prompt another language model Relevant(C, q) €
[z,y] € RT for some positive range to judge
whether the context is relevant to the question.

Thus, for scaling factors «; and as, we can
write:

Ris.a,s) = a [%Correct(s, g,a)], ifa :' a4
az[sRelevant(s, g)], otherwise
(2)
We describe the design of the LLM driven
Correct and Relavent functions in section 3.4.

3.2 Monte-Carlo Tree Search (MCTS)

In order to actually determine the sequence of ac-
tions in our MDP that leads us to obtaining a good
final answer, we perform Monte-Carlo Tree Search
(MCTS)(Coulom, 2006; Silver and Veness, 2010).
All variants of Monte-Carlo tree search executes
four basic steps—selection, expansion, simulation,
and backup—for which our implementation is de-
scribed below:

Selection In the selection stage, we select an
action a € {a1,as,as,as} from a given context
(state, s) within the tree; we do so by trying to bal-
ance exploration of possible actions and exploita-
tion of useful ones. A particularly good heuris-
tic for this is the Upper-Confidence Bound (UCB)
(Kocsis and Szepesvari, 2006), whereby at a given
state we select the action a; as follows:

log 33— N (s, ar)

N(s,a;) 3)

arg max Q(s, a;j) + C\/
J

where (s, a) is the Q-value estimate of the
state-action pair s,a and N(s,a) is the number
of visits that our tree has made to this pair.

Expansion Second, in the expansion stage, we
take our selected action a; from the previous step
and execute it to obtain s’ ~ T'(- | s, a). In particu-
lar, we take the appropriate state modifications and
transitions outlined in section 3.1.2, giving us the
next state of our tree s'.

Simulation Next, for the simulation step, we fol-
low AlphaZero (Zhang and Yu, 2020) and BetaZero
(Moss et al., 2024) in using a heuristic—and in this
case a language model—to determine the value of
a leaf state s. After performing selection and ex-
pansion up to a finite depth, we estimate the leaf
value by forcing action a4 (i.e., to answer the ques-
tion immediately given current state), and using
the resulting reward as the value at leaf. This is
appropriate because all multi-hop datasets have a
finite (and usually small, between 1 and 5) number
of hops, a well-trained tree at a reasonable depth
should have enough information in the state to ap-
propriately answer the question.

Backup Finally, for the backup step, the dis-
counted cumulative values obtained at the root
node, along with intermediate process-level re-
wards collected at each step, is propagated along
the entire path of the tree. In particular, we update
our () values at each node by computing:

qg=R(s,a,s)+7Q(s,d) 4)

for the s,a and s’ we obtained in selection and
expansion process. We then perform a running
average to update the stored () values, meaning we
increment our visit counts N (s,a) := N(s,a) + 1
and then set:

L q— Q(5> a)
Qs,a) = N(s,a)

)
Tree Policy and Data Collection After construc-
tion, for a given query, the MCTS tree root node
contains a collection of expanded actions (sub-
queries), each of which has a weighting based on
visit counts and Q-values.

To actually sample the retrieval actions we take
at each stage, we then instantiate a “tree policy”
Twee, Which is a weighting of the actions at our
given state s, following:
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with hyperparameters that weights Q-maximizing
counts z, and multiple visit (“robust”) counts 2,
as well as the temperature 7. This follows insights
from recent work that trades exploration of less
visited actions with highly-valuable actions (Moss
et al., 2024).

Triree (S, @) o< ( (

3.3 Language-Model Q-Weighted MCTS

Although the method described in section 3.2
serves as a sufficient baseline for multi-hop QA,
it can require many tree expansion cycles before
converging to a reasonable policy.

One reason why convergence may be slow is that
some actions are almost certainly more valuable
than others (e.g., answering directly without any
context will definitely be bad), but a naive tree
policy will need to spend exploration cycles trying
those actions.

To improve the rate of convergence, we initialize
our () values with a language model’s judgment
of the best action to take at every given state. We
create a language model prompt Recommend(s) :
S — [1,5]* which provides a numerical score for
each of the four actions given each state in terms
of how useful the language model thinks the action
may be given context. We describe the design of
this prompt further in section 3.4. We thus initialize
our () values before any tree search occurs with:

Recommend(s)
S+ | Recommend(sy),

by normalizing the value scores of each action pro-
vided by the recommendation prompt.

(N

Qinit(Sk, aj) =

3.4 Design of Zero-Shot LLLM Functions

Throughout the methods above, we call a number
of LLM driven functions to perform various tasks.
We will now describe each of them in detail.

All of the tools described here, as well as the
entire retrieval pipeline, is constructed with DSPy
(Khattab et al., 2024). In particular, each tool is
instantiated as a single DSPy Program, which lever-
ages the JSON-filling interface available for most
major hosted LLMs to provide a structured input
and output schema.

Retrieve The most important tool for multi-hop
QA is naturally the one-hot retriever on which it
is based. Retrieve : G — 2P is a function that
maps a subgoal g to a set of documents relevant to
achieving this goal d; . ..d, € D. We implement
this following a classic two-phase, document-order
RAG pipeline (Laitenberger et al., 2025). We first
use an initial prompt (appendix A.1) to generate a
proposal for some keywords kq, . .., k,, as well as
a sub-question ¢ from our goal g. Then, we per-
form a rough Okapi BM25 retrieval (Jones et al.,
2000) via k1 . . . k., to obtain the top O (m X 102)
most relevant documents. Then, following Lait-
enberger et al. (2025) and other similar baselines,
we then perform a local dense reranking using a
small embedding language model by ordering the
resulting documents’ embedding vectors via their
cosine similarity with that of ¢. Finally, we return
the top n most relevant documents as dj . . . dy,.

Replanner In order to draft a new plan, we use
a single chain-of-thought (CoT) prompt that asks
the language model to reflect on the flaws of the
current plan given context, and formulate a new,
revised plan. This prompt is given in appendix A.2.

Answer Answer is again a very simple CoT
prompt that takes the context and the full multi-
hop query, and asks the language model to answer
the question. Its exact construction is given in ap-
pendix A.3.

Relavent and Correct We use two prompts that
each score a context along with an optional answer
for their context relevance—thus forming our re-
ward function. With scoring-based prompts, care
must be taken to constrain the language model to
only output numbers in the range that we expect;
thus, we instantiate the values as a categorical clas-
sification task 5 choices from worst to best (i.e., in-
stead of asking the LLM to choose a number). The
details of these prompts are given in appendix A.4.

Recommend Lastly, we use a prompt to generate
the initial () values evaluating each state. To do this,
we ask the language model to use CoT to reflect
upon the value of taking each action given the goals
being considered, the context, and the current sub-
goal. Each action is then assigned a positive integer,
which is then normalized to initialize the final @)
values. This prompt is given in appendix A.5.



4 [Experiments

4.1 Model Selection

Our primary experiments are conducted using
gpt-40-mini, a state-of-the-art, API level lan-
guage model. We choose this model for
two primary reasons: that evaluation is fast
and cheap, and that many other comparable
methods on the same dataset uses the same
model. To perform sparse retrieval, we use
sqlite-fst5'; to obtain document-query embed-
dings for dense retrieval, we use a small language
model snowflake-arctic-embed-m-v1.5%.

During evaluation, we allow MCTS to take at
most 6 actions; should no answer result within 6
steps, we terminate and consider the answer to be a
single empty string for evaluation (which will not
match ground truth in any token and yield both EM
and F1 scores of 0).

4.2 Evaluations

Corpora We evaluate our approach using the
standard Multi-Hop QA dataset HotpotQA (Yang
et al., 2018) in the full-wiki setting. We use the
Wikipedia corpus, consisting of 5,233, 329 docu-
ments, as our retrieval corpus.

Sampling Strategy To align with prior work, we
sample 130 dev-set samples for evaluation (Jiang
et al., 2025; Ren et al., 2025). To maintain etio-
logical validity due to the large variance in perfor-
mance, however, our results are reported in terms
of a bootstrapped average of 300 independently
drawn subsets of 130 samples. This allows us to re-
port a low standard error bound while maintaining
the same small sample size to match prior work.

Evaluation Metrics As is standard with other
Multi-Hop QA experiments, we report two primary
metrics: Exact Token-For-Token Match (EM), as
well as Token F1 (F1), whereby an mean F1 mea-
sure is computed between the list of tokens pro-
duced by our policy versus gold. When comparing
matches across both metrics, we disregard case
differences, punctuation, as well as stopwords as
detected by NLTK (Bird and Loper, 2004). Since
the evaluation is in English only, we use spaces as
a rough homogenization metric.

"https://sqlite.org/fts5.html
Zhttps://huggingface.co/Snowflake/snowflake-arctic-
embed-m-v1.5

4.3 Baselines

We experiment and report a variety of baselines
reported in both literature as well as ablations of our
own method. This allows us to uncover which parts
of our method contributes to the most performance
gains, as well as how our method compares against
the state of the art.

Baseline Zero-Shot Methods We report results
of our method against one-shot methods like
RAG (Karpukhin et al., 2020), standard Chain-
of-Thought (Wei et al., 2022), and adaptive meth-
ods including ReAct prompts (Yao et al., 2023),
Query2Doc (Wang et al., 2023), and Self-RAG
(Asai et al., 2024). We additionally baseline against
zero-shot MCTS-based methods, including HG-
MCTS (Ren et al., 2025), MZQA-BC (Lee et al.,
2024).

Baseline Ablations To further gain insights into
the performance of our method, we addition-
ally benchmark against a few ablative baselines.
We examine the performance of greedily taking
the highest-scoring action from the Recommend
prompt (section 3.4) linearly at every step (i.e., in-
stead of MCTS), sampling directly from the LM
recommendations and took the sampled action lin-
early, and taking entirely random actions.

We run and baselines via

gpt-4o0-mini.

report all

5 Results

Our method outperforms all baselines in both
exact match and tokenwise F1 metrics. As
highlighted in table 1, our method outperforms
all baselines, including ones that also use MCTS
as the solution method. In particular, we achieve
state-of-the-art zero shot results while using mod-
els at the same scale or smaller—as in the case of
MZQA-BC (Lee et al., 2024).

Prompting alone does not give good perfor-
mance. The results in table 2 highlights that the
prompting scheme alone, without searching over
optimal actions with MCTS, does not give perfor-
mant retrieval results. We believe this is due to
the fact that a linear search scheme with these sam-
pling methods will not provide the opportunity to
take information seeking steps and backtrack from
them, even despite the fact that our action space
searches over strategies and documents.



HotPot QA

Ans. Exact Match  Ans. Tokenwise F1

CoT (Wei et al., 2022) 26.47 32.35
RAG (Lewis et al., 2021) 41.18 52.94
ReAct (Yao et al., 2023) 35.88 42.35
Self-RAG (Asai et al., 2024) 38.82 47.65
IRCoT (Trivedi et al., 2023) 42.3 54.1
Query2doc (Wang et al., 2023) 44.71 54.71
HG-MCTS (Ren et al., 2025) 41.76 58.69
MZQA-BC (Lee et al., 2024) 47.0 59.6
Ours 48.8 59.6

Table 1: Performance of our method using gpt-40-mini compared to other zero-shot baselines. MZQA-BC uses
gpt-4o0 as the backbone, while all other baselines use gpt-40-mini. Measurements were conducted the HotPot
QA Fullwiki Dev set, using procedure as described in section 4. MZQA results were collected in Lee et al. (2024),
while all other baselines were measured by Ren et al. (2025) using the same model and same data subsets as in our

work. Sampling temperature is 0.8.

HotPot QA

Ans. Exact Match  Ans. Tokenwise F1

Greedy Sampling 4.2 5.1
Weighted Sampling 28.0 35.0
Random Sampling 24.2 30.0
Ours 48.8 59.6

Table 2: Performance of our method compared to baseline ablations leveraging the same prompts as in section 4.3
on gpt-40-mini using HotPot QA Fullwiki Dev set. In particular, we measure the performance of policies taking
our same action space by sampling actions greedily (i.e., using the LM’s most recommended action at each step);
sampling actions either uniformly or weighted by LM recommendations; as well as the actual MCTS policy that we
propose. In all weighted sampling tasks, including for LM token generation, we set sampling temperature is 0.8.

Even weighted stochastic sampling with our ac-
tion space outperforms Chain of Thought. Cu-
riously, table 2 indicates that sampling, whether us-
ing an LLM-guided heuristic or entirely randomly,
achieves a significant performance boost over tak-
ing the greedy action. In fact, the weighted sam-
pling version in our approach outperforms CoT
prompting on HotPot QA (table 1). We believe this
is the case because the structure of our action space
allows for taking smart, local steps such that any
walk along them will yield a reasonable retrieval
context.

6 Conclusion

We introduced RAG-DOLL, a zero-shot prompt-
ing framework that uses local actions on a writable
context to formulate multi-hop question answering
as a planning problem over both the strategy of

complex query decomposition as well as the ac-
tual selection of documents to place into context.
We then introduced a zero-shot, language-model
driven solution of our formulation using Monte-
Carlo Tree Search (MCTS), along with a novel
language-model weighted Q-function initialization
scheme.

We demonstrate state-of-the-art performance on
HotPot QA Fullwiki against zero-shot baselines,
even among approaches that used a larger backbone
model and with MCTS. We additionally highlight
that, by leveraging our action space design, even a
weighted stochastic policy can outperform chain-
of-thought. We hope that this zero-shot prompt-
ing scheme can be useful to decompose many
multi-hop tasks into simple, approachable steps—
enabling better leverage of test-time inference for
more capable language models.
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A Exact Prompts Used for Each LLM
Function

Here we give the exact DSPy signatures and mod-
ules used to obtain each language model based
function used throughout our work. Each of these
sections are referred above in the main text when-
ever each of these programs are used, and are not
separately described here since multiple programs
may be chained together to form one function de-
scried in the text.

A.1 Question Generation

class Subquestion(dspy.Signature):

existing knowledge and should only use the context given, and
instead should pose questions to exactly answer the current step
in the current goal."""

question: str = dspy.InputField()
context: list[Context] = dspy.InputField()
goals: list[str] = dspy.InputField()

current_goal: str = dspy.InputField()

titles_to_explore: list[str] = dspy.OutputField(
desc="Return a list of best wikipedia entities (a single
"noun phrase or article title) to explore which would "
"help answer the current goal. A good place to start "
"are entities mentioned in the goal. Do not use "
"parentheses or additional information or qualifiers.
"Be as extensive as possible and cover all of your bases.”)
query_to_explore: str = dspy.OutputField(desc="A single sub-question that
could re-rank the documents above
achieve the current goal”)

"

"

subquestion = dspy.ChainOfThought(Subquestion)

A.2 Replanning

class Replanner(dspy.Signature):

"""You are trying to find the answer to a multi-hop retrieval task using
intermediate documents; you are presented with the question, and you
must come up with a plan to solve it. You will only have the summary
of around one Wikipedia article to answer each goal, so be sure to
break down your goals accordingly such that the information you seek
would be contained within some Wikipedia article. Break down your
questions accordingly. You are not allowed to use existing knowledge
and should only use the context given."""

question: str = dspy.InputField()
context: list[Context] = dspy.InputField()

goals: list[str] = dspy.InputField()
current_goal: str = dspy.InputField()
critique: str = dspy.OutputField(desc="Describe why the old goals may be bad, "
"and how you plan to fix it in the new
"goals. Reiterate that your goals will "
"not start from scratch, and instead will
"start from the step of the current goal
new_goals: list[str] = dspy.OutputField(desc="Break the query down into a sequ
"of sequential sub-questions tha
"lead into another. You will onl
"the summary of around one Wikip
"article to answer each goal, so
"sure to break down your goals a
" such that the information you
" be contained within some "
"Wikipedia article.")

"

replanner = dspy.ChainOfThought(Replanner)

A.3 Question Answering

class Answer(dspy.Signature):

"""Using solely informatino from the context, answer the question.”"”
question: str = dspy.InputField()
context: list[Context] = dspy.InputField()

answer: str = dspy.OutputField(
desc="the answer to the question, according to context. It
"should be short like \"Lincoln Tunnel\" or \"yes\"."
)
answerer = dspy.ChainOfThought (Answer)

A.4 Context Relevance

class Status(Enum):
zero = 0
one = 1
two = 2
three = 3
four = 4
class ScoreAction(dspy.Signature):
"""Given the question and the context, determine if the
context is helpful for answering the question”""

"""You are trying to find the answer to a multi-hop retrieval task question: str = dspy.InputField()

using intermediate documents; given a plan to solve the question context: list[Context] = dspy.InputField()

and the current step in the plan we want to tackle, generate a listrating: Status = dspy.OutputField(

of good titles to explore as well as query that could be useful to desc="rate how on track the context is to answering
answer the current step of the plan. You are not allowed to use the question; 0 means very far away, 2 means
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somewhat relavent or in a similar genre, 4 means
the context exactly answer the question fully with
no additional information needed.”

)

edge_utility = dspy.Predict(ScoreAction)

A.5 Action Relevance
class Action(dspy.Signature):

nnn
You are trying to find the answer to a multi-hop
retrieval task using intermediate documents; you
are given a plan to answer the question, the
retrieved context so far, and with four tools.
You have to give a score between 1 (least
useful) to 5 (most useful) in terms of how
useful each tool will be guven the context.

Tools:

- answer_subquestion: answer the current subquestion
in the plan using the context given,
and move on to the next subquestion

- answer_question: answer the full multi-hop query using the

context given
- next: read the next document that was retrieved to
answer the current subquestion
- replan: given the context, change the current step of the
plan and generate a new subquestion

nnn

question: str = dspy.InputField()
context: list[Context] = dspy.InputField()
goals: list[str] = dspy.InputField()

current_goal: str = dspy.InputField()
current_subquestion: str = dspy.InputField()

answer_subquestion_score: float = dspy.OutputField(

desc="Usefulness from 1 (least) to 5 (most) for”
"answer_subquestion tool”

)

answer_question_score: float = dspy.OutputField(
desc="Usefulness from 1 (least) to 5 (most) for answer_question tool”

)

next_score: float = dspy.OutputField(
desc="Usefulness from 1 (least) to 5 (most) for next tool”

)

replan_score: float = dspy.OutputField(
desc="Usefulness from 1 (least) to 5 (most) for replan tool”

)

action_weights = dspy.ChainOfThought(Action)
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