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SUMMARY

Recent advancements in large language models (LLMs) have significantly enhanced
their reasoning and planning capabilities, enabling them to serve effectively in complex,
real-world scenarios. Despite these improvements, achieving human-level performance
remains challenging, particularly for tasks requiring extensive multi-step reasoning and
sophisticated planning. Motivated by these limitations, my dissertation focuses on improv-
ing the reasoning and planning abilities of LLMs through reward shaping to guide LLM
decision-making by optimizing rewards for desired outcomes.

The core contributions of this thesis are organized around three key aspects of effective
and robust reasoning in LLLM agents:

Thrust 1: Formulating and Evaluating LLM-based Agents for External Tool Use. Ef-
fectively leveraging external tools is crucial for extending the practical utility of LLMs.
To systematically assess this capability, I developed ToolQA, a benchmark dataset cre-
ated through a scalable, automated three-phase process involving reference data collection,
human-guided question generation, and programmatic answer generation. This benchmark
rigorously evaluates whether LLMs truly utilize external tools rather than relying solely on
memorized information, highlighting key areas such as argument correctness, data source
accuracy, and tool composition complexity.

Thrust 2: Efficient Action Space Navigation in LLM Agents. The complexity of multi-
step planning tasks, involving numerous candidate actions, demands efficient exploration
strategies. Addressing this, I proposed ToolChain*, an innovative A* tree search-based al-
gorithm specifically designed for LLM-based agents. ToolChain* strategically expands po-
tential solution paths using cumulative and heuristic future cost functions to minimize error
propagation and effectively balance exploration and exploitation. Through comprehensive
empirical evaluation, ToolChain* demonstrates superior performance and efficiency across

diverse planning and reasoning benchmarks, notably improving upon existing open-loop,

XVi



closed-loop, and tree search-based methods.

Thrust 3: Lightweight Adaptation for Black-Box LLM Personalization. The practical
deployment of LLMs often involves adapting models to specific users without access to
internal model parameters. I developed Hydra, a lightweight, retrieval-augmented person-
alization framework for black-box LLMs. Hydra employs a retrieve-then-rerank strategy
coupled with a personalized adapter that aligns model outputs to individual user prefer-
ences. By decomposing the personalization process into shared and user-specific compo-
nents, Hydra effectively balances generalization and personalization, achieving robust per-
formance gains across multiple user-centric tasks in comprehensive personalization bench-
marks.

Together, these thrusts represent a cohesive, data-centric strategy for enhancing LLM
capabilities, systematically improving their ability to reason, plan, and adapt efficiently in

complex, real-world environments.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 Challenges

Large language models (LLMs), such as GPT [1, 2, 3, 4] and PaLM [5, 6], have exhib-
ited remarkable capabilities of reasoning and instruction-following across a wide range of
tasks [7]. Recently, instructing LLMs to utilize external tools for complex real-world prob-
lems has emerged as a topic of growing importance [8, 9, 10, 11, 12, 13]. Traditional
decision-making methodologies like Reinforcement Learning (RL) require extensive task-
specific training data and often lack the ability to generalize across tasks and environments.
In contrast, LLMs are pre-trained on massive and diverse textual data, which gives them
extensive world knowledge and the ability to reason over the knowledge. This makes them
highly versatile and able to handle complex, real-world scenarios that may involve multiple
steps of planning and decision-making.

In an LLM-powered autonomous agent system, LLM functions as the agent’s brain,
complemented by several key components, including reasoning, planning, tool-use, and
memory. For complicated tasks, LLM-based autonomous agents integrate LLLMs with vari-
ous external tools (APIs), generating solutions that involve intermediate reasoning steps [12,
13, 14, 15]. Given a problem description, an autonomous agent is expected to determine a
chain of API function calls that can be executed sequentially toward a valid solution. How-
ever, developing effective and robust agents for complex, real-world tasks poses several
challenges for existing LLMs:

Firstly, LLMs still fall short of human-level performance, particularly in tasks
requiring extensive planning and multi-hop reasoning. From the reasoning and planning

perspective, existing methods that utilize LLMs as autonomous agents can be categorized



into open-loop and closed-loop systems. Open-loop methods rely on pre-determined plans
without feedback adaptation, while closed-loop systems incorporate environment feedback
to monitor and refine plans accordingly. However, both approaches have drawbacks: open-
loop systems lack adaptability and can generate suboptimal plans, while most closed-loop
methods only update executing actions based on short-term feedback, potentially leading
to detrimental long-term implications.

Secondly, complex, real-world problems require multi-step solutions with numer-
ous candidate tools to consider at each step, further compounding the difficulty of
finding an optimal solution. From tool-use perspective, LLM-based autonomous agents
can interact with diverse tools and generate solution plans that execute a series of API
function calls in a step-by-step manner. The multitude of candidate API function calls sig-
nificantly expands the action space, amplifying the critical need for efficient action space
navigation. Given an action space of hundreds of candidate API functions, each comprised
of various function names and parameters available at every planning step, searching for a
globally optimal solution becomes highly challenging.

Thirdly, adapting black-box LLMs to personalized, domain-specific tasks is only
possible through API services, raising concerns about transparency, privacy, and cost.
Due to the opacity in their parameters, embeddings, and even output probabilities, exist-
ing fine-tuning adaptation methods are inapplicable. The fine-tuning process of LLMs
lacks transparency in crucial aspects like the extent of trainable layers and specific model
weights, limiting the ability to optimally customize the models beyond adjusting a re-
stricted set of hyperparameters. Uploading training data via APIs also introduces potential
risks of privacy breaches, limiting the use of LLMs in sensitive domains. Furthermore, the
cost associated with fine-tuning APIs is considerably higher compared to inference, making

the adaptation expensive.
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Figure 1.1: A comparison of existing methods that leverage LLMs for decision-making
from a searching space perspective. Most existing methods of (1) open-loop systems (e.g.,
Chain-of-Thought [16]), (2) greedy closed-loop systems (e.g., ReAct [17]), and (3) closed-
loop systems (e.g., Adaplanner [18]) only explore one possible direction. This often leads
to limited exploration of the entire action space. In contrast, (4) tree search-based methods
(e.g., Tree-of-Thoughts [19]) identify a valid solution path by extensively examining mul-
tiple decision space branches, covering almost every conceivable node.

1.2 LLMs for Planning and Reasoning

1.2.1 Open-Loop System

Open-loop Systems [16, 20] (Figure 1.1) generate pre-defined plans to explore over co-
herent intermediate steps toward problem-solving. Given the initial states sy, which are
usually the problem description z in the format of natural language, the systems generate
the entire T-step plans as the solution p(ay, as, - -+ ,ar|sg) : S — A(AT), where S is the
state space, .4 is the action space, and A(+) is probability simplex function. The final output
is obtained after executing the entire plan y ~ p(y|so, a1, as, -+ ,ar).

LLM:s for Open-Loop Planning. Trained on vast world knowledge and human examples,
LLMs have emerged with smart planning and decision-making capabilities. Leveraging
LLM:s as autonomous agents to accomplish decision-making tasks has gained attention and
shown potential. Earlier studies apply the open-loop framework to directly generate the
entire plan as the solution. One line of works, including Chain-of-Thought [16] and Zero-
Shot Planner [21], generate intermediate reasoning steps all at once to solve the problem.
Another line of works selects the opposite direction (e.g., least-to-most prompting [20])

that decomposes the complicated problems into relatively easier sub-problems. For more



complex tasks, methods like HuggingGPT [22] and Chameleon [13] incorporate a set of
functional tools and directly generate the plan of API calls in a sequence for execution.
However, all these aforementioned methods explore a predetermined single path in the

decision space, leaving the rest potential plans not considered when solving the problems.

1.2.2  Closed-Loop System

Closed-loop Systems follow a more step-by-step plan modification and execution man-
ner, interleaving intermediate observations with decisions over the action space. When
the agent interacts with the environment at the ¢-th step, the agent is aware of the current
observation o; € O from the environment and generates a trajectory-like context ¢; =
(S0,a1,01,as,--- ,0;). In tool-use scenarios, the intermediate observations are obtained
during the execution of the previous actions in the plan o; ~ 7(0|s¢, a1, 01, ,a;_1). Ac-
cording to the environment feedback o;, two levels of refinements can be applied: greedy
closed-loop methods [17, 23] only decide the next single step a; ~ p(a¢|so, ¢;;Z, D), while
the standard ones [24, 25] will modify the entire future plans m(a;11, @442, - - , ar, |50, ¢;Z, D).
LLMs for Closed-Loop Planning. Inspired by traditional reinforcement learning ap-
proaches that heavily rely on interaction with the environment (either simulator or real
world), researchers start to improve the plan via refinement according to the environment
feedback. Initially, ReAct [17] and Inner Monologue [26] allow LLM agents to refine a
single step greedily according to the environment feedback. Considering that solely mod-
ifying the immediate action being executed is easy to fall into local sub-optimal actions,
improvements like DEPS [24] and AdaPlanner [18] are proposed to recursively modify the
entire future plans according to the environment feedback. However, without a tracing-back
mechanism to check the already executed plans, these efforts in the closed-loop framework

still only explore a small proportion of decision space.



1.2.3  Tree Search-Based System

Tree Search-based System. Tree search methods frame a planning problem as a search

over a decision tree, where each node n represents an action a,,, accompanied by a state

s, € & indicating a valid path from the initial state to the current action. When explor-

ing the tree space, tree search approaches expand k potential child nodes ch(n) of the

current node n via sampling from the potential action set generated by LLMs agl)(n) ~

p(acnmy|sn: L, D), (j = 1,---,k) and add the new nodes to the tree state space S =

S U{(sn, a((i)(n)) k_,. With value functions for state evaluation, tree search-based methods

aim to identify a path from the root node s, to the leaf nodes with the highest value or

lowest cost.

LLMs for Tree-Search Planning. Tree search-based methods [19, 27] for leveraging mul-

tiple reasoning paths simultaneously and evaluating branches to decide the next course of
action. However, existing tree search-based algorithms, such as depth-first search (DFS) [19]
and Monte Carlo Tree Search (MCTS) [27], require exhaustive exploration of nearly all po-

tential actions within the entire decision space, resulting in inefficient searches for globally

optimal solutions.

1.3 LLM Adaptation

1.3.1 White-Box LLM Fine-Tuning

To fully leverage the capabilities of LLMs in language comprehension and enhance their
performance, many users still need to customize them for specific tasks and domains [28].
A straightforward approach involves fine-tuning [29, 30] or continuous pre-training [31,
32] the LM on domain-specific data (Figure 1.2). However, these methods require ex-
tensive computational resources and memory, which becomes increasingly challenging as
model sizes grow exponentially. To mitigate the computational and memory burdens for

LLM fine-tuning, parameter-efficient fine-tuning methods [33, 34, 35, 36] have been pro-
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Figure 1.2: Illustration of white-box, grey-box, and black-box LLM adaptation. White-box
adaptation has complete access to both model parameters and output probabilities, grey-
box adaptation has access only to output probabilities, and black-box adaptation has access
to neither model parameters nor output probabilities.

posed that focus on training only a small subset of parameters rather than the entire model.
Examples of such techniques include adapters [34], prefix tuning [37, 36], and low-rank
adaptation [33]. Unfortunately, these techniques require direct access to the internal pa-
rameters of the original model and complete backward passes, making them incompatible

with black-box models.

1.3.2  Grey-Box LLM Adaptation

For grey-box LLM adaptation, existing approaches make different assumptions about the
transparency of the LLM. One line of research assumes that only the gradient information
is unavailable, while the high-dimensional input and output sequences are accessible. For
example, LMaaS [38] trains a small, derivative-free optimizer for discrete prompt tuning
to enhance the probabilities of ground-truth tokens from the target domain. Another line
of research assumes that only output token probabilities from black-box LLMs are avail-
able. kKNN-Adapter [39] augments a black-box LLM with KNN retrieval from an external,
domain-specific datastore. It adaptively interpolates LM outputs with retrieval results from
the target domain. CombLLM [40] employs fine-tuning on a smaller white-box model to
align the output token probabilities of a black-box LLM with the target distribution. Sim-

ilarly, proxy-tuning [41] fine-tunes a smaller LM as an ‘expert’ while its untuned version



serves as an ‘anti-expert’. The method involves adjusting the black-box LLM outputs by
adding the logit offsets from their token-level predictions for adaptation. CaMeLS [42]
meta-trains a compact, autoregressive model to dynamically adjust the language modeling
loss for each token during online fine-tuning. However, these methods are inapplicable to
the latest state-of-the-art black-box LLMs, such as GPT-4 [4] and PaLM?2 [6], due to the

inaccessibility of token probabilities.

1.3.3 Black-Box LLM Adaptation

Due to the black-box nature, users are unable to access (1) internal model parameters, (2)
high-dimensional representations of input sequences or output generations, and (3) output
token probabilities for their specific use cases in black-box adaptation. Notably, existing
methods all fail to support black-box LLLM adaptations, where neither model parameters
nor output probabilities can be accessed in most recent LLMs like GPT-3.5 [43] and Gem-

ini [44].



CHAPTER 2
ON FORMULATING AND EVALUATING LLM-BASED AGENTS FOR
EXTERNAL TOOL USE

This chapter focuses on developing a scalable, automated process for dataset curation to
faithfully evaluate LLMs’ ability to use external tools for question answering. The content

is mainly based on the following publications:

* Yuchen Zhuang, Yue Yu, Kuan Wang, Haotian Sun, and Chao Zhang. “Toolga: A
dataset for Ilm question answering with external tools.” In The Thirty-seventh Annual

Conference on Neural Information Processing Systems (2023). [10]

2.1 Overview

LLMs have demonstrated superior performance in a myriad of NLP tasks [3, 5, 43, 45, 46,
47]. These models have captured vast amounts of knowledge from enormous and diverse
corpora during pre-training. After instruction fine-tuning [28, 48, 49], they have demon-
strated impressive capabilities in information-seeking question answering [16, 50]. Despite
their remarkable performance, LLMs face several challenges. For example, they are sus-
ceptible to hallucinations—generating plausible yet ungrounded information—which can
mislead users and affect content integrity [51, 52, 53]. Additionally, they exhibit weak-
nesses in numerical reasoning, an essential skill in numerous real-life applications [54, 55,
56, 57, 58, 59]. These limitations highlight the need for techniques that can enhance LLMs’
question-answering abilities.

Recent research has shown that these issues can be mitigated by augmenting LLMs
with external tools, such as retrieval augmentation [60, 61], math tools [12, 17, 13], and

code interpreters [59, 62]. For example, a Wolfram math plugin can enhance numerical
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Figure 2.1: Pre-trained on vast range of corpus, LLMs possess extensive knowledge, which
may overlap with evaluation data. This overlap poses a significant challenge to current
evaluation methods, as it becomes difficult to discern whether the model is merely recalling
pre-trained information or genuinely employing external tools for problem-solving.

reasoning [63], and a verified database can mitigate hallucinations by providing up-to-
date fact-checked knowledge [64]. However, existing evaluation methodologies struggle to
distinguish whether the model is simply recalling pre-trained information or truly utilizing
external tools for problem-solving [65]. This challenge arises, in part, because the external
data used for evaluation may have already been exposed to LLMs during the pre-training
phase [66]. This exposure can lead to a biased evaluation of LLMs’ tool-use abilities, as
the models could just use their ingrained knowledge and their reasoning abilities, bypassing
the use of external tools. As a result, these evaluations cannot accurately reflect the true
competency of the models. We need a fair and explicit way to check if LLMs are really
good at problem-solving with tools or if they are just using their memorized information.
To fill this gap, we introduce ToolQA, a question answering (QA) benchmark to evalu-
ate LLLMs’ ability in using external tools for answering questions. ToolQA comprises data
from 8 domains and defines 13 types of tools to acquire information from external reference
corpora. Each instance in ToolQA consists of a question, an answer, reference corpora, and
a list of available tools. ToolQA is unique in that all its questions can be answered only by
using appropriate tools to obtain information from the reference corpus. This minimizes
the possibility of LLMs answering questions by merely recalling their internal knowledge,

and allows for faithfully evaluating LLLMs’ abilities in using tools.



ToolQA is curated with an automated three-phase process: (1) The first phase, Refer-
ence Data Collection, involves gathering various types of public corpora including text,
tables, and graphs from different domains. These corpora have no overlap with the LLM
pre-training data and will serve as reference corpora for tool-based question answering.
(2) The second phase is Human-guided Question Generation with LLMs. In this phase, we
generate questions that can only be answered by using tools over the reference corpora. Our
approach is a template-based question generation process, which includes human-guided
template generation, template validation, and question instantiation with tool attributes. (3)
The third phase is Programmatic Answer Generation. This phase produces accurate an-
swers for the generated questions. To ensure answer correctness, we implement operators
corresponding to the tools and obtain answers from the reference corpora programmat-
ically. Our three-phase procedure ensures that we generate questions that can only be
answered using external knowledge, along with their precise answers. Additionally, the
process is highly efficient and requires minimal human labeling efforts.

We conducted experiments using both standard LLMs and tool-augmented LLMs to
answer questions in ToolQA. Our findings indicate that ChatGPT and Chain-of-thoughts
prompting [16], which rely solely on their internal knowledge, have low success rates of ap-
proximately 5% for easy questions and 2% for hard questions. In contrast, tool-augmented
LLMs such as Chameleon [13] and ReAct [17] perform better by leveraging external tools.
For easy questions, the best performance achieved by tool-augmented LLMs is 43.15%,
while for hard questions, the best performance drops to 8.2%. Our results and error analy-
sis demonstrate that ToolQA is a challenging benchmark for existing tool-augmented LLM
methods, especially for its hard questions that require more complex reasoning about tool

composition.
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2.2 Related Work

2.2.1 Knowledge-Augmented LLMs

Several prior works aim to enhance LLMs with explicit external knowledge. Specifically,
one line of research focus on retrieval-augmented language models [60, 67, 61, 68, 69, 70,
71, 72], where they use sparse [73] or dense retrieval [74, 75] to extract relevant knowledge
from the corpus. These works mainly focus on leveraging free text, without considering
multiple types of tools for task solving. On the other hand, Program-of-Thought [76],
PAL [59], MathPrompt [77], and Code4Struct [62] apply code-based tools to enhance
LLMs’ abilities in question answering with a focus on tabular and math-related tasks. Sev-
eral additional works [12, 13, 22] expand the scope of tool utilization by incorporating
different types of basic tools (e.g. calculator, calendar, machine translation) to solve com-
plex reasoning tasks. To synergize different functional tools together for problem-solving,
LLMs must have advanced planning and memory capabilities. In terms of planning, current
methods either enable LLMs to autonomously break down complex tasks into intermedi-
ate reasoning steps [78, 79, 80, 81, 16, 19, 82, 17], or encourage LLMs to self-reflect the
previous decisions with environmental feedback [83, 17, 84, 85]. Memory capabilities, on
the other hand, provide LLMs with opportunities to learn and adapt based on past expe-
riences, whether successes or failures [86]. In addition, several works have extended this
line of learning paradigm to other modalities [87, 88] and other domains [89]. Concur-
rent to our work, there are also several studies [90, 65] that investigate the parametric and

nonparametric knowledge from LLMs.

2.2.2 Benchmarks on Tool-Augmented LLMs

Earlier tool-augmented LLMs primarily assess single tool usage based on downstream task
performance across existing benchmarks. For example, there are works that study how

text retrievers augment LLMs’ performance on open-domain question-answering [91, 92],
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fact-checking [93], and timely information benchmarks [94, 95, 96, 97]. Besides, the math-
ematical reasoning abilities of external calculators and Python interpreters are evaluated
using computation-intensive QA datasets [98, 99]. However, these evaluation benchmarks
may not faithfully reflect the extent to which models leverage external tools, as some ques-
tions could still be correctly answered solely using the internal knowledge of the LLMs.
ToolQA attempts to mitigate these issues by selecting data from out-of-scope sources that
have not been memorized by LLMs. Concurrent with our work, there are several recent
benchmarks for evaluating LLMs’ ability in using multiple tools for solving challenging
tasks, including API-Bank [100], APIBench [14], and ToolBench [101, 102]. They mainly
focus on constructing high-quality tool chains for LLM fine-tuning and evaluating API call
trace accuracy against a fixed ground truth trace. In contrast, ToolQA is unique in that it fo-
cuses on the open-ended use of tools for question-answering, rather than benchmarking the
intermediate process of tool use. Specifically, ToolQA creates tool-based question-answer
pairs and assesses whether LLLMs can arrive at the correct answer, regardless of the tool

chains used.

2.3 ToolQA Dataset

2.3.1 Dataset Details

We curate the ToolQA benchmark to evaluate LLMs’ capability in leveraging external tools
for question answering. ToolQA consists of data from 8 distinct domains, each instance
being a tuple — (question, answer, reference corpora, and tools). The reference corpora
are external knowledge sources that can be queried, which can be a text corpus, a tabular
database, or a graph. To enable obtaining information from the reference corpora, we have
developed 13 tools for text retrieval, database operations, code interpretation, mathematical
computations, and more. The questions are designed to simulate real-world information-
seeking inquiries. However, they cannot be answered directly with LLMs’ internal knowl-

edge, but instead require LL.Ms to obtain information from the reference corpora via tool
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Figure 2.2: ToolQA, aiming to faithfully evaluate LLMs’ abilities to use external tools, cu-

rates data through three phases: (a) Reference Data Collection; (b) Human-Guided Ques-
tion Generation; and (c) Programmatic Answer Generation.

use. Table 2.1 shows the detailed statistics of ToolQA.

To reduce human efforts in generating faithful question-answer pairs to evaluate LLMs’
tool-use capabilities, we propose an automatic three-phase process (Figure 2.2): (1) We
first select data from public sources that are unmemorized by LLMs during Reference Data
Collection; (2) We adopt Human-Guided Question Generation to steer LLMs to generate
valid questions according to pre-defined templates; (3) We produce accurate answers for
the generated questions with Programmatic Answer Generation. We detail the three-phase

generation process in the following.

2.3.2 Reference Data and Tools

To evaluate LLMs’ ability in using external tools for question answering, it is crucial to
ensure that they cannot directly answer the questions with their internal knowledge. To this
end, we collect reference corpora that meet the following criteria (Figure 2.2(a)): 1) The

reference corpora should ideally not overlap with the LLM’s pre-training data; 2) The ref-
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Table 2.1: Dataset Statistics of ToolQA.

Context Topic External Knowledge Easy Hard
Format Size  # Templates # Questions # Templates # Questions
Temporal Flight ~ Tabular Database 4078318 10 100 10 100
empora Coffee ~ Tabular Database 5746 8 100 13 130
Spatial Yelp Tabular Database 150346 11 100 10 100
P Airbnb  Tabular Database 102599 10 100 10 100
Mathematical GSMS8K Professional Ability - - 100

Social DBLP Graph 553320 10 100 10 100
Scientific ~ SciREX  Pure-Text Corpus 438 1 100 4 100
Personal Agenda  Pure-Text Corpus 10000 5 100 5 100
SUM - - - 55 800 62 730

erence corpora should contain context-sensitive facts for generating questions that cannot
be directly answered solely based on LLMs’ internal knowledge and reasoning abilities; 3)
LLM:s should be able to obtain all the necessary information from the reference corpora to
correctly answer the questions.

Based on these criteria, we define 6 contextual dimensions: temporal, spatial, social,
scientific, mathematical, and personal. We collect reference corpora that can yield context-
specific questions along one or more of the 6 dimensions. Specifically: 1) Along the tem-
poral dimension, we collect the F1ights and Cof fee corpora, which contain the latest
information that is out of the temporal scope of the LLM’s pre-training data. 2) Along the
spatial dimension, we collect Yelp and Airbnb, which are two non-text corpora that can
yield questions with spatial contexts. 3) Along the mathematical dimension, we collect the
questions from GSM8K that ChatGPT cannot answer correctly with its own mathematical
reasoning ability; 4) SciREX emphasizes detailed model performances from the scientific
domain [103], where GPT family models can easily hallucinate [45]. 5) To incorporate
personal data and avoid privacy issues, we synthesize the personal Agenda corpus with
ChatGPT with virtual names and events. 6) In addition, we also select data from the most
recent DBLP database and create graphs between authors and papers, where social rela-

tional knowledge cannot be understood by LLMs currently.
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To obtain information from these reference corpora, we design 13 tools that are avail-

able to the LLLMs (Table 2.2). These tools are designed as follows:

» Text: AgendaRetriever and SciREXRetreiver are text retrieval tools. They can re-
trieve relevant information to a given query from the (synthesized) personal agenda

corpus and scientific corpus.

e Database: Database Loader loads data from the local tabular Database. Data Filter
can filter the database according to a set of conditions, each of which is composed of a
column name, a relation, and a pre-determined value (e.g., “Date=2022-10-15").

Get Value returns all the values under a certain column in the database.

e Math: Calculator is a mathematical tool that treats the input string as a formula
and calculates the corresponding result. We use the WolframAlpha API portal as
the calculator !, which can perform both simple computations (e.g., add, subtrac-
tion, multiplication) and complicated operations (e.g., averaging, finding maximum

values).

» Graph: Graph Loader loads the graph from local files for future operations. Neigh-
bour Checker lists all the neighbors of the query node in the graph. Node Checker
and Edge Checker return the detailed attribute information of the query node and

edge, respectively.

* Code: The SQL Interpreter and the Python Interpreter are responsible for interpret-
ing and executing SQL commands and Python code, respectively. They can receive
and transform data from other tools, serving as bridges between different tools and

the LLM.

» System: Finish parses the feedback from execution and returns the answer to finish

the task.

Thttps://products.wolframalpha.com/api
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Table 2.2: Different tools in ToolQA.

Tool Types # Tools Tools

Text Tools 2 Agenda Retriever, SCIREX Retriever

Database Tools 3 Database Loader, Data Filter, Get Value

Math Tools 1 WolframAlpha Calculator

Graph Tools 4 Graph Loader, Neighbour Checker, Node Checker, Edge Checker
Code Tools 2 Python Interpreter, SQL Interpreter

System Tools 1 Finish

2.3.3 Human-Guided Question Generation

The question generation phase aims to generate questions that can be answered by using the
available tools over the reference corpora. There are two straightforward strategies to gen-
erate questions: 1) letting human experts come up with questions about reference corpora,
or 2) relying solely on LLLMs to generate questions about the reference corpora. However,
both strategies have their drawbacks. While human experts can produce high-quality ques-
tions, the entire process is labor-intensive, time-consuming, and hard to scale. Depending
solely on LLMs may generate unanswerable questions or hallucinate information that does
not exist in the reference data. Besides, some of the LLM-generated questions are too easy
and can be directly answered with only LLMs’ internal knowledge.

To address these challenges, we propose a human-guided LLM generation approach
that uses question templates to bridge human guidance and automatic LLLM generation [104,
105]. We first ask ChatGPT to generate candidate question templates from reference data,
using prompts such as “Generate diverse and challenging template questions that users
may have based on the given information.”. To obtain diverse questions, we generate
around 50 template questions for each external data source. We then perform manual vali-
dation to select the templates that cannot be answered with LLMs’ internal knowledge but
become answerable with the reference corpora. We go through all question templates and
eliminate those that meet either of the following conditions: (1) Template questions that
vanilla ChatGPT can answer based on its internal knowledge with a success rate of over

50% (e.g., “What is the distance between LAX and SFO?”, where distance information
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can be memorized by ChatGPT); (2) Template questions posing queries about informa-
tion not present in the external data (e.g., “What is the average price from LAX to SFO?”,
where price information is missing from the flight data). After examining all the templates,
we selected 117 most representative and diverse question templates for the entire ToolQA
dataset.

After the high-quality question templates are manually selected, we sample values from
the reference data to automatically fill into the templates to generate concrete questions.
For example, given the template “Did the flight from {Origin} to {Dest} on {Date} get
canceled or diverted?”, we can sample the values “LAX”, “MDW”, “01/09/22” from the
reference Flight tabular data and fill into the template to form a question: “Did the flight
from LAX to MDW on 01/09/22 get canceled or diverted?”

Depending on the difficulty of the questions, we classify them into two classes — easy
and hard. Easy questions primarily focus on extracting a single piece of information from
external knowledge, thus requiring fewer tools to involve in the solution. Conversely, hard
questions require complex operations (e.g., average) and reasoning (e.g., comparison) over
multiple information pieces drawn from the reference corpora, requiring more tools and

complex reasoning among them.

2.3.4 Programmatic Answer Generation

Our final step is to create accurate answers for the generated questions. To guarantee the
validity of these responses, we implement 1) operators, which are functions corresponding
to the predefined tools; and 2) tool chains, which are schemas for composing different op-
erators for different question templates. For each question, as we know the true arguments
filled into the question template, we can run the tool chains with the corresponding argu-
ments to programmatically extract answers from the reference data. This process enables
automatic generation correct answers to questions, even for those questions that involve

multi-step reasoning. Figure 2.2(c) demonstrates this generation process. When answering
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a generated question with sampled values “Did the flight from LAX to MDWon 01/09/22
get canceled or diverted?”, we write Python codes to implement the operators over the
reference data, including database loader, data filter, and get-value function. Then, the
programmatic pipeline runs a tool chain of these operators to automatically generate the

correct answer.

2.4 Experiments

2.4.1 Baselines

We evaluate the performance of the following methods on ToolQA, covering both standard
LLMs and tool-augmented LLMs: (1) LLaMA-2 [47] and Falcon [106] are state-of-the-art
open-sourced large language models. We directly feed the questions into two versions (13B
and 70B) of LLaMA-2 and Falcon (40B) to obtain the predictions; (2) ChatGPT [43]: We
directly feed the questions into OpenAl’s ChatGPT model (gpt -3 .5-turbo) and obtain
its response as the final answer. (3) CoT [16, 50]: We use chain-of-thoughts prompting
for ChatGPT, adding the prompt ’Let’s think step by step:” after the question to leverage
LLMs’ reasoning ability for question answering. (4) Chameleon [13] is a recent method
that uses LLMs as a controller to use multiple tools for solving subtasks and has shown
promising results in reasoning and QA tasks. When running Chameleon on ToolQA, we
set the tool pool to our defined tools in Section subsection 2.3.1. (5) ReAct [17] integrates
reasoning with tool use by prompting LLLMs to generate interleaved verbal reasoning traces
and tool calls. This integration has been shown effective in enhancing LLMs’ problem-
solving capabilities. We instantiate two versions of ReAct using gpt-3.5-turbo and
text-davinci-003.

Different from the existing works that mainly provide task-level few-shot exemplars,
we provide tool-level demonstrations. We used 8 demonstrations about how to use tools
for QA, ensuring that each tool in the pool is covered at least once by the demonstrations.

Such tool-level demonstrations provide a concise tutorial to the LLMs for tool use, covering
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Table 2.3: Success rates on easy questions.

LLM Category Models Flight Coffee Agenda Yelp DBLP SciREX GSMS8K Airbnb Average
LLaMA-2 (13B) 0.0 2.0 0.0 5.0 1.0 0.0 9.0 1.0 2.3
Open-Sourced LLMs Falcon (40B) 1.0 1.0 2.0 8.0 1.0 0.0 8.0 5.0 3.3
LLaMA-2 (70B) 2.0 6.0 5.0 150 0.0 0.0 9.0 4.0 5.1
ChatGPT 2.0 0.0 0.0 150 0.0 2.0 26.0 0.0 5.6
Closed-Sourced LLMs (17 1.0 10 00 90 00 00 300 00 5.1
Chameleon 30.0 9.0 4.0 8.0 3.0 0.0 27.0 4.0 10.6
Tool-Augmented LLMs ReAct (GPT-3)  61.0 90.0 29.0 77.0 28.0 3.0 32.0 25.0 43.1
ReAct (GPT-3.5) 48.0 81.0 240 640 230 2.0 23.0 29.0 36.8

all tool uses with the LLM context limit. To assess the performance of methods on the
ToolQA benchmark, we normalize both the ground-truth answers and the model predictions
to ensure uniformity in format. Success rates are then computed based on the exact match
between these normalized answers. We use a series of rules for normalization: (1) We
normalize different time string formats, (e.g., converting “18:06” and “1806.0” to “18067.);
(2) For price-related questions, we normalize the units by removing price units (e.g., USD,
$); (3) We remove all the punctuations from both the model predictions and ground-truth
answers; (4) We normalize the article usage (e.g., a, an, the) via removing all articles from
both the model predictions and ground-truth answers; (5) We normalize the white spaces
by trimming multiple spaces into single space. As most of the predictions and answers are
numerical values or entities, these normalization rules address most of the false negative
cases during matching. We evaluate the model’s ability against the generated question-
answer pairs in an open-ended manner, focusing on whether the model can arrive at the

correct answer, regardless of the used tool chains.

2.4.2 Results

Internal Knowledge vs. External Knowledge. From the results in Table 2.3 and Ta-
ble 2.4, the vanilla open-sourced LLMs and ChatGPT underperform their tool-augmented
counterparts on both easy and hard questions. This is expected, as vanilla LLMs lack ac-

cess to external information for question answering. Additionally, the vanilla LLMs show
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Table 2.4: Success rate on hard questions.

LLM Category Models Flight Coffee Agenda Yelp Airbnb DBLP SciREX Average
LLaMA-2 (13B) 1.0 0.0 0.0 4.0 1.0 5.0 1.0 1.7
Open-Sourced LLMs Falcon (40B) 1.0 0.0 0.0 4.0 1.0 6.0 1.0 1.9
LLaMA-2 (70B) 1.0 0.0 0.0 4.0 1.0 4.0 3.0 1.9
ChatGPT 2.0 2.3 1.0 0.0 2.0 4.0 3.0 2.0
Closed-Sourced LLMs 1. 00 08 00 10 00 30 50 14
Chameleon 3.0 2.3 0.0 0.0 0.0 8.0 0.0 1.9
Tool-Augmented LLMs ReAct (GPT-3) 3.0 10.8 0.0 3.0 0.0 19.0 0.0 5.1
ReAct (GPT-3.5) 5.0 17.7 7.0 8.0 7.0 5.0 8.0 8.2

near-zero performance on different tasks, indicating that there is little overlap between the
benchmark data and the LLMs’ internal knowledge.

Comparing Different Tool-Use LLLMs. Table 2.3 and Table 2.4 show the results of
different methods on the easy and hard questions. ChatGPT and CoT achieve very poor
success rates (< 10) on both easy and hard questions across different tasks. This is expected
as the questions in ToolQA cannot be answered solely based on LLMs’ internal knowledge
and reasoning. Chameleon achieves slightly better performance, with 10.6% and 1.9%
success rates on easy and hard questions, respectively. This is because Chameleon incor-
porates tool descriptions and integrates human-induced orderings of these tools in its con-
text, enabling it to comprehend and compose different tools for QA. However, Chameleon
cannot take feedback from the execution trace, thus often suffering from infeasible actions
or omitted arguments in its generated plans. ReAct is the best-performing model. It can
use observations in the execution trace to generate its next action, allowing it to iteratively
refine its tool use chain and obtain better success rates.

Easy vs. Hard Questions. Comparing Table 2.3 and Table 2.4, we observe that all the
baselines perform much worse on hard questions. The best method achieves an average
success rate of 43.13% on easy questions, while that number drops to 8.24% on hard ques-
tions. As mentioned in Section section 2.3, the hard questions in ToolQA require more tool
calls and more complicated compositions. Current tool-augmented LLMs struggle with an-

swering such hard questions, which requires further development of techniques to improve
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their ability to reason about the task and generate plans for tool use.

GPT-3 vs. GPT3.5. > Comparing the different versions of ReAct, we observe that the
ReAct (GPT-3) outperforms ReAct (GPT-3.5) on easy questions, yet it shows inferior per-
formance on hard questions. Our hypothesis is that for easy questions, it is more important
to learn and follow the format of the tool calls in the context, which GPT-3 is stronger at.
For hard questions, the better reasoning and code understanding abilities of GPT-3.5 en-
ables it to come up with “innovative” solutions that never appear in the context, leading to

higher success rates. An example can be referred to in Section subsection 2.5.3.

2.5 Result Analysis and Discussion

We analyze the drawbacks and possible improvements of existing tool-augmented LLMs,
taking the best-performed ReAct (GPT-3.5) on the hard questions of ToolQA as an exam-

ple.

2.5.1 Main Error Type I: Argument Errors

By performing comprehensive error analysis, we found that the most common error type
when asking LLMs to use tools for QA is argument error — LLMs calling the tools with
wrong arguments. For ReAct, this error type makes 44.56% and 48.23% out of the 377
and 436 error cases on easy and hard questions respectively, as shown in Figure 2.4a. In-
terestingly, ReAct shows different argument error patterns on easy and hard questions.
On easy questions, it tends to make more mistakes on database-related tools. For ex-
ample, the model commits a total of 120 errors when calling LoadDB, FilterDB, and
GetValue tools for easy questions, while this number reduces to 95 for hard questions.
On the other hand, when dealing with code-related tools (e.g., SQLInterpreter and
PythonInterpreter), ReAct makes nearly 10x more errors for hard questions than

for easy ones. This phenomenon is likely because the solution logic for hard questions is

2GPT-4 was not included in the evaluation as we have no access to its APL
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often more complex and cannot be fully inferred from the context alone. Consequently,
the LLMs tend to rely on their understanding of code and programming concepts to tackle
these intricate questions. In contrast, for easy questions, the LLMs tend to follow the pat-
terns provided in the context, attempting to combine different database operations to arrive

at a solution.

2.5.2 Main Error Type II: Incorrect Data Source

We have conducted an investigation into the data sources preferred by LLMs when answer-
ing questions. We found that LLMs also have difficulties in identifying the proper reference
corpora answer the questions. This behavior is graphically represented as a confusion ma-
trix in Figure 2.4b. Upon examining the figure, it is apparent that for target reference
corpora like Flight, Coffee, Airbnb, and Yelp that contain temporal information, LLMs are
more likely to query the Agenda corpus for answering questions. Similarly, given that the
SciREX knowledge corpora and DBLP graph are both in the scientific domain, LLMs tend

to be confused about which source to query when answering scientific questions.

2.5.3 Main Error Type III: Innovation and Hallucination

For in-context tool-augmented LLMs, it is typical to include descriptions and use-case ex-
amples of each tool in the prompt. However, as the problem complexity increases with
the number of tools, it becomes challenging to encompass all possible instances of com-
positional tool use as few-shot exemplars. Consequently, it is vital for LLMs to uncover
logical relationships among different tools, which have never been encompassed in the
human-provided exemplars, to solve challenging tasks — a process we refer to as ’inno-
vation.” However, these innovative behaviors are a double-edged sword as they are often
accompanied by hallucinations. Figure 2.3 illustrates this phenomenon with a case study,
where LLMs answer hard questions with reference Co f fee data. Given the context length

constraint, the few-shot exemplar only showcases the basic usage of database operations
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Coffee-Hard

Question: What was the average coffee
price from 2019-10-31 to 2021-07-23?
Correct Answer: 120.9

ReAct (GPT-3)

Thought 1: This is a question related
to coffee. We need to load the coffee
database.

Action 1: LoadDB[coffee]

Observation 1: We have successfully
loaded the coffee database...

Thought 2: We need to filter the
information related to the query.

ReAct (GPT-3.5)

Thought 3: We need to calculate the
average coffee price from the
filtered data.

Action 3: Calculate[AVG(Close)]
Observation 3: (data not available)

Thought 4: We need to retrieve the
result of the previous calculation.
Action 4: GetValue[AVG(Close)]
Observation 4: The value you are
querying does not exist. Please
modify it.

Thought 5: Oops, I made a mistake in

Coffee-Hard

Question: How much did the coffee price
change from 2006-11-27 to 2016-06-037?
Correct Answer: 10.5

ReAct (GPT-3.5)

Thought 6: We need to modify the
filtering query to the correct format by
adding quotes around the date.

Action 6: FilterDB[Date='2016-06-03"]
Observation 6: The filtering query
Date='2016-06-03"' is incorrect. Please
modify the condition.

Action 2: FilterDB[Date>=2019-10-31,
Date<=2021-07-23]

Observation 2: We have successfully
filtered the data (435 rows).

the SQL query. Let me correct it.
Action 5: SQLInterpreter [SELECT

AVG (Close) FROM coffee.coffee data
WHERE Date >= '2019-10-31' AND Date
<= '2021-07-23']

Observation 5: AVG (Close) :
120.94999999999989

the data (1 rows).
Action 7: GetValue[Close]
Observation 7: 118.0

Thought 3: We then obtain all the
Close values of filtered records.
Action 3: GetValue[Close]

Observation 3: 101.95, 104.0, 103.65,
., 193.65, 189.0 (435 values)

Thought 8: We need to subtract the price
of coffee on 2006-11-27 from the price
of coffee on 2016-06-03.

Action 8: Calculate[118.0-94.25

Thought 6: After calculation, we know
Observation 8: 23.75

that the average coffee price from
2019-10-31 to 2021-07-23 is 120.9.
Action 6: Finish[120.9]
Observation 6: Answer is CORRECT

Too Long Context, Aborted Thought 9: After calculation, we know

that the coffee price changed by 23.75.
Action 9: Finish[23.75]

I
1
1
1
|
|
|
|
I
I
I
I
1
1
|
|
|
! Thought 7: We have successfully filtered
I
I
I
I
1
1
1
|
|
|
I
I
I
I
1 Observation 9: Answer is INCORRECT
1
1

(a) Innovation (b) Hallucination

Figure 2.3: An example of innovation and hallucination when answering hard questions
on Coffee data. Actions and observations shrouded in pink are incorrect, whereas those in
green are correct. Terms highlighted in yellow signify hallucinations produced by ReAct
(GPT-3.5).

and the SQL interpreter. For the hard question in Figure 2.3(a), ReAct (GPT-3) strictly
follows the operations displayed in the context, leading to failure. On the contrary, ReAct
(GPT-3.5) innovatively identifies the SQL interpreter as a possible alternative to database
operations, especially when the latter fails repeatedly. However, such innovations can of-
tentimes lead to hallucinations. As shown in Figure 2.3(b), when answering another hard

question from the Coffee data, ReAct (GPT-3.5) opts to hallucinate certain observations

(highlighted in yellow) that are non-existent in the feedback from tool execution.

2.5.4 Other Error Types

We manually go through and count all the errors made by the ReAct (GPT-3.5) model
and show the errors on both easy and hard questions in Figure 2.5. In addition to the

aforementioned 3 main error types, there are 4 error types that frequently occur:

¢ Infeasible Actions: The execution of tool calls are infeasible in the environment,

often involving new tools that do not exist in the pre-defined tool pool.
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(a) Incorrect tool calls of ReAct on ToolQA. (b) Confusion matrix of questions
from different resources in ToolQA.

Figure 2.4: Analysis of incorrect tool calls and incorrect data sources made by ReAct on
ToolQA.

Il 48.23% Argument Error

Il 9.15% Infeasible Actions

[ 7.48% Hallucination

[E 7.48% Incorrect Data Source
[ 16.63% Too Long Context
[ 0.83% Mis-understanding
[ 10.19% Low-Quality Retrieval

Il 44.56% Argument Error

Il 9.02% Infeasible Actions
B 4.77% Hallucination

[ 18.04% Incorrect Data Sourt
[ 10.88% Too Long Context
[ 6.90% Mis-understanding
[ 5.84% Low-Quality Retrieval

(a) Easy questions. (b) Hard questions.

Figure 2.5: Error analysis of ReAct on ToolQA.

* Too Long Context: The encoding of interaction history, observations, and tool-use

plans exceed the length limitation of GPT family models, resulting in runtime errors;

* Mis-understanding: The LL.Ms cannot understand the observations obtained from

external interaction and fail to determine the next steps or generate answers;

* Low-Quality Retrieval: This error occurs when the retrieval model fails to extract
the relevant information from text corpora, indicating insufficient external knowledge

for LLMs to answer questions accurately.

Comparing these error types on easy and hard questions, we find that the overall dis-
tribution is similar, though there is a slightly higher rate of hallucination and long-context
errors when answering hard questions. This can be attributed to the complexity of hard

questions, which often require composing more tools for question answering.
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Table 2.5: Performance of tool-augmented open-sourced LLM.

Methods Coffee-Easy Coffee-Hard
LLaMA-2 (13B) 2.0 0.0
ReAct (LLaMA-2, 13B) 31.0 6.2
ReAct (GPT-3.5) 81.0 17.7

2.5.5 Potential Misuse of ToolQA

We summarize the potential misuse of the ToolQA and Tool-augmented LLMs as follows:

* If LLMs can be trained or prompted to use external tools, they could be prompted to
use tools that extract personal information, propagate malware, or provide misleading

information;

* There is potential for future LLMs to over-rely on these external tools, sacrificing
their intrinsic reasoning abilities. This can make them less versatile in situations

where tool use is not feasible;

* As LLMs are prompted to interact with more external systems, the security risks can
increase. Malicious actors might find ways to exploit the interactions between LLMs

and the external tools they leverage.

2.5.6  Comparing Open-Source LLMs with ChatGPT

Table 2.5 shows the comparison of vanilla LLaMA-2, tool-augmented LLaMA-2, and tool-
augmented ChatGPT. There is a significant performance gap between vanilla LLaMA-2
and tool-augmented LLLaMA-2, which is consistent with what we have observed on closed-
source LLMs in Section subsection 2.4.2. In terms of the ability to use external tools for
answering the questions, we found that LLaMA-2 is indeed lagging behind ChatGPT. The
prompts tailored for tool-augmented LLMs tend to be complicated and lengthy, containing
tool descriptions, few-shot examples, and interaction history with the environment. Such
long contexts make it difficult for LLaMA-2 to understand complex instructions hidden

inside.
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2.6 Conclusion and Recommendation

We have developed ToolQA, a dataset that assesses the ability of LLMs in using exter-
nal tools for solving complex problems. ToolQA is curated by an automated three-phase
process, including reference data collection, template-based question generation, and pro-
grammatic answer generation. This pipeline is general and can be expanded to incorpo-
rate external knowledge corpora in different domains. We tested both standard LLMs and
tool-augmented LLMs on ToolQA. Our experiments showed that even the strongest model
achieved limited performance on the hard questions of ToolQA. Our analysis found that
current tool-augmented LLMs tend to make errors such as incorrect tool calls and using
incorrect data sources. These issues could be potentially addressed by fine-tuning using a
collection of tool-use corpora with open-source LLMs. In the future, we plan to collect
high-quality tool-use sequences to fine-tune open-source LL.Ms, and subsequently evaluat-
ing their performance on ToolQA.

It is important to note that the reported performance of closed-source LLMs, such as
ChatGPT, is based on specific versions of these models. As these closed-source models un-
dergo further development and updates, the results may change accordingly. We advocate
two strategies to mitigate the issue: (1) We plan to continuously include the performance
of newly released models in our repository, with the collective efforts of both our team and
peer researchers of the community. We intend to integrate results from different versions of
such product APIs and document the identifiers of each version (e.g., 0314, 0613, etc.) to
promote reproducibility. (2) The reported performance of closed-source LLMs should be
regarded primarily as a reference, and making comparisons with them is optional. Instead,
we encourage the community to use the performance of open-source LLMs as the primary
baseline when employing the ToolQA benchmark. This will promote reproducibility and

consistency of the evaluation on ToolQA over time.
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CHAPTER 3
EFFICIENT ACTION SPACE NAVIGATION IN LLM AGENTS

This chapter focuses on efficient action space navigation in LLM agents with A* search.

The content is mainly based on the following publications:

* Yuchen Zhuang, Xiang Chen, Tong Yu, Saayan Mitra, Victor Bursztyn, Ryan A.
Rossi, Somdeb Sarkhel, and Chao Zhang. “ToolChain*: Efficient Action Space Nav-
igation in Large Language Models with A* Search.” In The Twelfth International

Conference on Learning Representations (2024). [107]

3.1 Overview

LLMs, such as GPT [1, 2, 3, 4] and PaLLM [5, 6], have exhibited remarkable capabilities of
reasoning and instruction-following across a wide range of tasks [7]. Recently, instructing
LLMs to utilize external tools for complex real-world problems has emerged as a topic of
growing importance [8, 9, 10, 11, 12, 13]. For complicated tasks, LLM-based autonomous
agents integrate LLMs with various external tools (APIs), generating solutions that involve
intermediate reasoning steps [12, 13, 14, 15]. Given a problem description, the goal of an
agent is to determine a chain of API function calls that can be executed sequentially toward
a valid solution. However, given an action space of hundreds of candidate API functions,
each comprised of various function names and parameters available at every planning step,
searching for a globally optimal solution becomes highly challenging.

Existing methods that leverage LLMs as autonomous agents for decision-making and
reasoning can be broadly classified into four categories: (1) open-loop methods [16, 20,
21, 22, 13] generate a complete plan for problem-solving without any adaptation during

the execution; (2) greedy closed-loop methods [17, 108, 26, 109, 110] leverage environ-
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mental feedback to greedily determine the next step in the plan; and (3) closed-loop meth-
ods [24, 18] incorporate environment feedback to continuously monitor system behaviors
and modify subsequent plans accordingly. However, such unidirectional navigation sys-
tems have two major limitations: error propagation, originating from a mistaken action
and leading to a faulty loop; limited exploration, despite being equipped with plan re-
finement strategies, most existing methods only explore a small portion of the large action
space, falling into locally optimal solutions. To this end, few studies initiate exploring
(4) tree search-based methods [19, 27] for leveraging multiple reasoning paths simulta-
neously and evaluating branches to decide the next course of action. However, existing
tree search-based algorithms, such as depth-first search (DFS) [19] and Monte Carlo Tree
Search (MCTS) [27], require exhaustive exploration of nearly all potential actions within
the entire decision space, resulting in inefficient searches for globally optimal solutions.

To address these limitations, we propose ToolChain*, an efficient A* tree search-based
planning method for LLM-based agents. We formulate the tool-use planning process as a
decision tree, where each node represents a potential API call for a given step. Aligned
with the traditional A* search algorithm, the proposed ToolChain* determines which paths
to extend based on both the cost of the current path and an estimated future cost required
for completing the current plan. With task-specific cost functions, erroneous actions will be
penalized and mitigated, as these actions cause additional costs when propagated along the
path, leading the path to be progressively de-prioritized and left unexpanded over iterations.
In addition, unlike the simulation stage in MCTS, which requires multiple steps to simu-
late until a terminal state during rollout, the future cost estimation in ToolChain* enables
expansion of only the next step. With efficient node expansion, ToolChain* effectively
searches for globally optimal solutions within a manageable number of steps.

Our main contributions are as follows: (1) We propose ToolChain*, a novel A*-like
tree search algorithm, to develop autonomous LLM-based agents for complex planning and

reasoning tasks; (2) ToolChain* formulates the action space as a decision tree, effectively
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mitigating error propagation and expanding search space; and (3) ToolChain* significantly
accelerates LLM-based agents in navigating expansive action tree spaces, striking a balance

between exploring unvisited actions and exploiting global optimal solutions.

3.2 Related Works

LLMs for Tool Use. Recent advances have leveraged LLMs as autonomous agents to
master tools and generate solution plans for complicated problems [111, 15, 112, 113].
Interacting with various tools, LLM agents can augment themselves with real-time factual
knowledge [114, 115], multi-modality understanding [22, 13, 87], computational abili-
ties [12, 116], code interpretabilities [59, 78], and domain-specific functionalities [117, 89].
However, many existing methods either concentrate on individual tool-use scenarios [12,
116] or simply inject human-made heuristic ordering rules for multi-tool utilization [22,
13]. With the increasing number of potential API functions at each step and the escalating
sequence of actions for complex problem solutions, the action space expands exponentially,
thereby diminishing their effectiveness. ToolChain* frames the planning challenge across
various tools as navigation through the action space to efficiently identify a valid solution
path.

LLMs with Search Algorithms. The majority of LLM-based agents with open- or
closed-loop systems rely on linear reasoning or planning structure. To explore multiple
branches in the action space, self-consistency [118] samples multiple chains of thoughts,
which can be considered as multiple i.i.d. solution paths in the decision space, selecting
the best answer through majority voting. Maieutic prompting [119] generates a tree of ex-
planations, enforcing logical consistency. [120] adopts beam search to decode and improve
Chain-of-Thoughts reasoning chain. CoRe [121] proposes to fine-tune both the reasoning
step generator and verifier to solve math word problems, incorporating MCTS for reason-
ing decoding. Tree-of-Thoughts [19] utilizes heuristic approaches, including depth- and

breadth-first search to identify better reasoning pathways. Additionally, RAP [27] com-
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bines a world model with rewards within an advanced MCTS search approach. However,
many search-guided planning approaches face the trade-off between efficient exploration
of an expansive action space against the effective exploitation of global optimal solutions.
To avoid exhaustive exploration like MCTS, we propose ToolChain* to combine efficient

A* search with the effective reasoning ability of LLMs.

3.3 Preliminaries

Problem Formulation. Leveraging LLMs as agents for problem solving can be conceptu-
alized as a planning process. For initialization, the LLM agent is augmented with access
to a pool of m candidate API functions, denoted as A = {APIy, APy, .-, API,,}, along
with a natural language task description g € G from the task space G. The objective of the
LLM agent is to translate the task description g into an ordered sequence of 7;, API function
calls p, = {ag,a1,--- ,ar,}. Specifically, considering the task description g as the initial
state 5o, we sample the plan p, by prompting the LLM agent with the API definitions Z and
demonstration samples D as: py ~ p(ag,a1,- - ,ar,|50;Z,D) : G x T x D — A(A™9),
where A(-) is a probability simplex function. The final output is derived after executing the
entire plan y ~ 7(y|so, a1, az, - - - , ar,), where 7(-) indicates a plan executor.

Tree Search-Based Systems. Tree search methods frame a planning problem as a search
over a decision tree, where each node n represents an action a,,, accompanied by a state
s, € & indicating a valid path from the initial state to the current action. When explor-
ing the tree space, tree search approaches expand k potential child nodes ch(n) of the

()

current node n via sampling from the potential action set generated by LLMs Cohn)

p(achmy|$n; Z,D),(j = 1,--- ,k) and add the new nodes to the tree state space S =
SU{(sn, agl)(n)) ;?:1. With value functions for state evaluation, tree search-based methods
aim to identify a path from the root node sy to the leaf nodes with the highest value or
lowest cost. Our proposed ToolChain* is a tree search-based method.

Monte Carlo Tree Search. MCTS, which employs heuristic exploration to construct
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its search tree, has achieved great success in decision-making tasks, such as GO [122]. Its
variant, UCT [123], has been adopted in [27] for the development of LLM-based agents.
Specifically, it initiates from the root node of the task description g and moves down the
tree by selecting optimal actions (child nodes) until the leaf node. Then, MCTS introduces
one or multiple child nodes based on available actions provided by LLMs and identifies the
most promising node n. From the newly expanded node n, MCTS requires LLM agents
to execute a simulated rollout until a terminal state is reached. Upon completing the sim-
ulation, a result is returned from n all the way back to the root node, accompanied by the
value function Q(n) to update all the scores on the selected path.

MCTS vs. A* Search. Despite the

performance gains attained by MCTS
Q(n) f(n)
in planning and reasoning tasks, its di-
rect application to LLM agents comes [ an) I j g(n)
¥

with significant execution costs. The

. o Monte Carlo Tree Search ToolChain*
rollout mechanism within MCTS re-

Figure 3.1: A comparison between MCTS and
quires multiple LLM calls to prompt the  A* search in ToolChain*. Unlike MCTS, A*
search only requires one-step expansion guided

next actions until a terminal state. Fur-
by cost.

thermore, unlike two-player zero-sum

games, the planning tasks essentially operate as one-player games, where value functions
estimated by random rollouts might exhibit significant inaccuracies. To mitigate the issue,
ToolChain* is proposed based on a more efficient A* search algorithm. A comparison be-
tween MCTS and our proposed ToolChain* is illustrated in Figure 3.1. Unlike MCTS, A*
search necessitates only a single LLM call for determining the next actions during expan-
sion according to two cost functions, g(n), quantifying the cost of the path from the root
node to n, and h(n), a heuristic function estimating the cost of the most promising path

from n to the goal.
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(a) Selection: (b) Expansion: (c) Update:

Pick a frontier node with the Expand the nodes with Update the value functions
lowest summation of cumulative potential next steps. of the newly added nodes in
cost and future cost the search tree.
-~
O
N

Figure 3.2: ToolChain* framework of three phases: (a) selection, (b) expansion, and (c)
update. The dark and grey circles indicate the explored actions and the potential but unex-
plored ones, respectively. The blue circles represent the selected next step.

3.4 ToolChain*: A Tree Search Perspective on External Tool Use

In this section, we introduce the ToolChain* that enables LLM-based agents to efficiently
navigate the action space to identify a valid solution path for problem-solving (Figure 3.2).
First, we outline the framework of ToolChain* (Section subsection 3.4.1), consisting of
three iterative stages: selecting the most promising path in the explored decision tree, ex-
panding the potential following actions along the selected path, and subsequently updating
the cost functions. Within ToolChain*, the cost function is composed of two components:
cumulative cost g(n) (Section subsection 3.4.2) and future score h(n) (Section subsec-

tion 3.4.3).

3.4.1 Overview

ToolChain* is a best-first search algorithm, efficiently guiding LLM agents in generating a
sequence of API function calls as a solution plan. We formulate the action space as a search
tree 7, where each node n represents an action a,,, accompanied by a state composed of
the initial task description sy and previous actions. This facilitates the translation of action
sequence planning into a navigation task originating from the root node of the decision
tree. ToolChain* starts the search tree 7 with a single root node, corresponding to the

input input problem description sy. At each step, it selects a node n from the frontiers of
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T (denoted as F (7)) according to the cost function. Then, it expands n with the LLM to
generate a set of k potential i.i.d. actions {ag)(n)}g?zl for the next step and grows 7 with
the generated actions. Finally, we update the actions into new nodes ng)(n) = (Sp, agl)(n))
and update their cost functions accordingly.

Selection. Given a search tree 7, we denote its nodes as V(7). The frontier (7)) C
V(T) contains all the leaf nodes in 7 that have yet to be explored. Given our objective to
minimize the total cost of the final solution, the optimal next node to expand would be the
most promising plan as part of the best solution. Assume we possess a cost function oracle
f(n), which provides the cost of the best plan incorporating n to address the problem s, un-
der 7. Then, we can select the next node with the lowest cost: npe, = arg min, ez f (n).
A proper design of the value function f(n) not only augments search efficiency but also
aids in identifying globally optimal solutions.

Expansion. Once the node n with the minimum cost estimation f(n) has been selected,
we expand the search tree with &k potential actions for the next step. These actions are
sampled from the potential action set generated by LLMs agl)(n) ~ p(aehmy|$n; Z, D), (j =
1,--- k), given the API definitions Z and demonstration examples D. For the generated

(4 1k

actions or reasoning steps {ach(n) J=1>

we establish their corresponding nodes under node
n. Contrasting with the approach in MCTS [27], which requires multiple calls to p until
a terminal state during rollout, our expansion only requires a single call to generate the
possible actions at the next step.

Update. Denote the search tree 7 after expansion of node n as 7. Given that new
nodes have been incorporated and the original tree structure has changed, we need to update
the frontier nodes as F (7). With the new frontier nodes n € F(7”), we can compute their
corresponding cost functions for the next selection-expansion-update iteration.

Cost Function. We draw inspiration from A* algorithm to design and update the cost

function f(n). Specifically, A* selects the path that minimizes f(n) = g(n) + h(n), where

n is the current node, g(n) represents the cost of the path from the start node to n, and h(n)
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is a heuristic function estimating the cost of the cheapest path from n to the goal.

3.4.2 Design of Cumulative Cost g(n)

During the planning process, we assess the cumulative cost of actions in the current plan
and guide the planning based on the assessment. For each node n in the searching tree,
we design a single-step value function g;(n) ranging from 0 to 1 and formulate the cost as
its complement 1 — g;(n). Thus, the cumulative cost of n can be computed by summing
up all the single-step costs of its ancestor nodes an(n): g(n) = >, 1 — 9:(2). More
specifically, we combine two different value functions, the task-specific heuristic func-
tion from reference data (long-term memory) g; 1 (n) and the self-consistency frequency by

LLM g, 2(n), to compute cumulative cost g(n):

gn)= D (1=ga(0)*- (1 - geali))'™, 3.1)
i€{an(n),n}
where « is a weight parameter for the geometric mean.

Task-Specific Heuristic Function ¢, ;(n). We can also maintain a long-term mem-
ory with successful experiences and compute a heuristic score accordingly. The long-term
memory starts from a seed set of demonstration examples provided in a specific dataset
and is iteratively extended with successful plans during evaluation. Each example within
the long-term memory is represented as a plan m; = (sj0,a;1,a52, - ,a;1;) € M.
The number of actions 7j in the plan varies case-by-case. To leverage the successful ex-
periences for evaluating the current plan, we compute the longest common sub-sequence

(LCS) score between the current generated plan s, and each plan m; in the long-term

LCS(sn,m;)

(LG Layy» Where L(-) indicates the length of the
n) J

memory LCS score(s,,m;) =
plan. Following this, we compute the cumulative functions as the highest LCS score
gi,1(n) = max,, ;e LCS_score(s,,, m;), measuring the proportion of success in the plan

relative to the experiences accumulated in the long-term memory.
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Self-consistency Frequency g; »(n). Self-consistency [118] is an ensemble approach
that samples £ i.i.d. actions at the next step {agi)l};?:l ~ p(ai1|x, ap, a1, -+ ,a;). We then
select the semantically different actions from the & generated samples as the set of poten-
tial next steps. For tool-use scenarios, as the actions are strict in format of API functions
and parameters, we directly construct the set with non-repeating actions. For reasoning
scenarios, however, actions represent intermediate thought processes articulated in natural
language. Inspired by [124], we apply a DeBERTa-large model [125] fine-tuned on natural
language inference (NLI) dataset MNLI [126] to determine whether the two generated ac-
tions entail each other semantically. This allows us to discard actions that are semantically
equivalent, only retaining those that offer distinct reasoning as potential next steps. Lastly,

we consider the frequencies of different actions in the set as their corresponding cumulative

score, given by g:2(n) = #{jla\), = n}/k.

3.4.3 Design of Future Cost h(n)

Similar to the formulation of cumulative cost g(n), we integrate two distinct reward func-
tions, the task-specific heuristic function h; ; (n) and the Imagination Score by LLM h; »(n),
to compute h(n):

h) = (1= hua(n))? - (1= hea(n)', (32)

where [ is the geometric mean weight for future cost.

Task-Specific Heuristic Function. Similar to the heuristic function in the cumulative
cost (Section subsection 3.4.2), we continue to leverage the long-term memory to compute
the future score. From the long-term memory, we can derive the average relative posi-
tion score of the action a appearing in the plans m;: h,1(a) = ij M ﬂ{aemj}’%]’_mj),
where pos(a,m;) indicates the relative position of action « in the plan m;. Note that the
action space can be infinite, and the long-term memory may not cover all potential ac-

tions relevant to unseen tasks. Thus, given an action node n, we compute its future score

as the heuristic score of the lexically closest action covered in the long-term memory:
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he1(n) = hyp(arg max, , LCS_score(n, a)).

Imagination Score by LLM. Directly querying LLMs for self-evaluation of the future
cost at the current step often yields over-confident scores [127]. To address this, we enable
LLM:s to imagine more concrete future steps until the target np. However, it is worth noting
that the imagined actions may not align with the real executed actions in future plans. To
this end, we compute the future score as the proportion of current steps present in the
imagined plan, i.e., the ratio of the number between the current node n ancestors to the
target node ny: hyo(n) = % A higher score suggests that the imagined plan closely

captures the path to the current step, indicating that fewer remaining steps are needed to

accomplish the task in the imagination of LLMs.

3.5 Experiments

In this section, we demonstrate the effectiveness and efficiency of ToolChain* through com-
prehensive experiments across a wide range of tool-use scenarios from ToolBench [102]
(Section subsection 3.5.2). In addition, we conduct extensive experiments on GSMS8K [98]
(Section subsection 3.5.3) to showcase the generalization of ToolChain* on pure reasoning

tasks without tool interaction.

3.5.1 Experimental Setup

Datasets. We evaluate ToolChain* on four tool-use environments in 7ool/Bench [102] and
one reasoning task in GSM8K [98]. For tool-use scenarios, we select environments with
both a vast action space comprising a large number of function tools, and a requirement
of a deep solution path with multiple API functions (i.e., complicated tasks), including
Home Search, Trip Booking, Google Sheets, and Virtual Home. Given that numerical
reasoning requires multi-step computations to calculate answers, we choose GSMS8K [98]
for evaluation on math reasoning.

Baselines. For environments from ToolBench, we compare ToolChain* with the state-
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Table 3.1: Main experiment results (success rate) on ToolBench, including tool use scenar-
ios of (1) Home Search, (2) Trip Booking, (3) Google Sheets, and (4) Virtual Home.

GPT-3.5-turbo GPT-4

Models Home  Trip  Google Virtual Average Home  Trip  Google Virtual Average

Search Booking Sheets Home £ Search Booking Sheets Home &
GPT [4] 80.0 85.8 51.4 18.9 59.2 97.0 96.7 62.9 235 70.0
ReAct [17] 83.0 86.7 47.1 20.5 59.3 94.0 97.5 64.3 22.7 69.6
AdaPlanner [18] 90.0 87.5 55.7 20.7 63.5 97.0 97.5 66.7 27.1 72.1
ToT-DFS [19] 82.0 81.7 534 21.0 59.5 95.0 96.7 62.9 24.8 69.9
ToT-BFS (T=5) [19] 83.0 83.3 48.6 21.8 59.9 92.0 94.2 64.3 26.6 69.3
MCTS [27] 85.0 86.7 62.9 24.4 64.8 96.0 94.2 66.7 31.3 72.1
ToolChain* 93.0 90.8 614 286 68.5 98.0 97.5 68.6 345 74.7

of-the-art LLM planning algorithms from three main categories, including open-loop sys-
tems (GPT [4]), closed-loop systems (ReAct [17] and Adaplanner [18]), and tree search-
based systems (Tree-of-Thoughts [19] and MCTS [27]). For mathematical reasoning
problems, we employ a similar set of baselines as in the tool-use tasks. However, we
exclude ReAct and AdaPlanner from mathematical reasoning evaluations. This is because
they heavily depend on high-quality environment feedback to adjust action plans, which
is unavailable in the GSMS8K dataset. Additionally, since the action steps in the tool-use
scenarios inherently form coherent sequences, we limit our comparison of ToolChain* to
Chain-of-Thought [16] and Self-Consistency [118] only for the math reasoning task, and

exclude it from the ToolBench evaluations.

3.5.2 Tool Use: ToolBench

We conduct experiments across four distinct planning tasks to assess the effectiveness and
efficiency of ToolChain* in tool usage. The objective is to generate a sequence of API
function calls to formulate a solution plan for each given task. For instance, these tasks
include questions or requirements from users, e.g., “Could you help me find train tickets
to Cape Coral?”. We present the main results, visualize the case study, analyze time-wise
efficiency, and discuss ablation studies within the tool-use scenarios as follows. We report

the success rate as the evaluation metric.
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Figure 3.3: Case study of ToolChain* and ReAct [17] on Virtual Home dataset. Compared
to ReAct with a unidirectional search (red), ToolChain* effectively enlarges search space
(blue) with tree structures.

Results. Table 3.1 presents the main experiment results on ToolBench. Our proposed
ToolChain* consistently outperforms across nearly all datasets, surpassing state-of-the-art
baselines by margins of 3.7% and 2.5% with the base LLMs GPT-3.5-turbo and GPT-4, re-
spectively. In comparison with the strongest closed-loop baseline AdaPlanner, ToolChain*
improves the average success rate by 3.8%. This improvement is because AdaPlanner re-
lies heavily on environmental feedback, which may not always be available in the tool-use
scenarios. Without such high-quality feedback, closed-loop methods tend to explore a re-
stricted trajectory within the action space, making them more susceptible to propagating
errors from previous actions to future plans.

Moreover, ToolChain* not only surpasses the strongest tree search-based method, MCTS,
but also shows the ability to exploit a better solution plan within the same exploration

budgets. This is because our proposed task-specific cost function allows ToolChain* to
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prioritize the expansion of the most promising branches.

Case Study. Figure 3.3 depicts an example of ToolChain* (GPT-4) and ReAct [17]
on a “take shower” task in Virtual Home dataset. According to the ground truth ( ,
“shower”), ToolChain* generates the correct action plan (blue, “shower’) with an expanded
search space, whereas the baseline searching method gets trapped in a locally optimal so-
lution (red, “soap”). This suggests that by formulating and expanding upon a tree-based
action space, ToolChain* is capable of effectively searching for the globally optimal solu-
tion in complex multi-step planning tasks.

Efficiency Evaluation. In terms of

) ) ) Table 3.2: Ablation studies on ToolBench.
efficiency, we evaluate the running time

of ToolChain* against all the baselines Home  Trip  Google Virtual A
verage

Search Booking Sheets Home

based on GPT-3.5-turbo, as depicted in

ToolChain*  93.0 90.8 61.4 28.6 68.5

Figure 3.4a. Remarkably, ToolChain* is
—g14(n) 910 883 600 226 655

37.2% faster than the most efficient tree —g2,+(n) 840 833 543 253 617
—hi4(n) 880 875 614 230 650

search-based method, Tree-of-Thoughts
—hat(n) 85.0 85.8 514 249  61.8

(BES). This efficiency gain may stem from
—g(n) 610 349 442 210 403

the proposed superior cost function, which ~h(n) 840 858 534 261 623

efficiently navigates the most promising
paths. Additionally, ToolChain* outpaces the best-performing tree search-based method,
MCTS, by an impressive 415.84%. This discrepancy arises because ToolChain* focuses
on expanding only the immediate next action during exploration. In contrast, MCTS goes
through a more exhaustive process, simulating the entire future plan step by step using a
rollout mechanism.

Ablation Studies. We conduct ablation studies to evaluate the effectiveness (success
rate) of both the cumulative and future cost functions (Table 3.2). The results suggest that
each component of the cumulative and future cost functions contributes to the performance

of ToolChain*. This verifies the efficacy of our proposed cost functions in guiding the
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Figure 3.4: Time efficiency evaluation on (a) ToolBench and (b) GSM8K. We report the
average running time in seconds over all instances in the dataset. ToolChain* achieves
competitive efficiency to closed-loop systems without a tree structure and outpaces other
tree search-based algorithms.

Table 3.3: Main results on math reasoning task in GSM8K and its hard subset collected in
ToolQA.

Models GPT-3.5-turbo GPT-4
GSM8K ToolQA GSMSK ToolQA

GPT 67.3 26.0 86.6 66.0
CoT 70.1 30.0 87.5 75.0
Self-Consistency ~ 76.1 47.0 92.4 78.0
ToT-DFS 69.9 32.0 89.2 76.0
ToT-BFS 72.3 39.0 91.3 77.0
MCTS 74.7 27.0 91.0 74.0
ToolChain* 77.0 52.0 93.5 84.0

search through the decision tree. In addition, eliminating either the entire cumulative or
future cost results in a marked decline in the success rate. Relying exclusively on the
future cost results in a sharp performance drop of 28.2%, deteriorating ToolChain* to a
greedy strategy that favors the shortest solution plans with the least number of actions.
Conversely, if the search is guided only by the cumulative cost, ToolChain* essentially

mirrors the behavior of the BFS algorithm, yielding similar performance.

3.5.3 Math Reasoning: GSM8K

Beyond tool-use scenarios, we demonstrate the flexibility of ToolChain* by generalizing
its application to mathematical reasoning for solving math word problems. We conduct
experiments on the entire set of GSM8K and also a subset of hard questions from GSM8K

collected in ToolQA [10].
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Results. Table Table 3.3 presents the main experimental results (accuracy) for GSM8K
and its challenging subset from ToolQA. Similar to tool-use studies (Table Table 3.1),
ToolChain* consistently outperforms all baselines in both the original set and the chal-
lenging subset. These results demonstrate the flexibility and generalization capabilities of
ToolChain* in mathematical reasoning tasks. Notably, ToolChain* demonstrates greater
advantages over other baselines on ToolQA (hard questions) than on GSM8K, indicating
its superior capability in solving complicated tasks. This is because simpler questions are
composed of simple and static reasoning, eliminating the need for multiple branches. In
contrast, challenging questions often involve complex reasoning, numerous intermediate
steps, and multiple solution paths. The superior performance on hard subsets emphasizes
the capability of ToolChain* in solving complicated reasoning problems. Furthermore,
the efficiency analysis presented in Figure 3.4b indicates that ToolChain* ranks among the
most efficient tree-based search baselines and has a time efficiency comparable to closed-

loop systems without a tree structure.

3.5.4 Discussion: Empirical Analysis

From the comprehensive evaluations in planning and reasoning tasks presented in Sec-
tions subsection 3.5.2 and subsection 3.5.3, we validate that ToolChain* addresses the two
core limitations of open-/closed-loop LLM-based agents, error propagation in multi-step
solutions and constrained exploration in expansive action spaces. Meanwhile, we demon-
strate ToolChain* a more efficient searching strategy compared to existing tree search-
based agents. From the scaling-up analysis, alongside experimental results in Table 3.1
and efficiency metrics in Figure 3.4, we identify a crucial trade-off between effectiveness
and efficiency in the direct application of tree search-based reasoning methods to com-
plex tool use scenarios. To validate ToolChain* in solving these issues, we summarize key
findings from experiments as follows: (1) From the main experimental results shown in Ta-

ble 3.1 and Table 3.3, ToolChain* surpasses open-/closed-loop and tree search baselines in
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Figure 3.5: Scaling analysis of ToolChain*. (a) Performance and (b) running time on
ToolBench and GSM8K when scaling up step limitations 7.

complex multi-step planning and reasoning tasks, effectively mitigating error propaga-
tion. (2) From case studies in Figure 3.3, ToolChain* navigates the path toward an optimal
solution by formulating the action space as a decision tree, thereby extensively broaden-
ing the exploration space. (3) From Figure 3.4, ToolChain* significantly accelerates the
search process compared to other tree search-based methods, achieving time efficiency
even comparable to closed-loop systems without a tree structure. (4) From tool-use in
ToolBench to math problems in GSM8K, we show that ToolChain* is a plug-and-play
generalizable framework applicable to a wide range of planning and reasoning problems.
Notably, it exhibits exceptional proficiency in solving more challenging tasks, like ToolQA,
compared to baselines. (5) There is a trade-off between search depth (i.e., limitations on the
number of steps) and the quality of the solution path (Figure 3.5). ToolChain* efficiently
searches optimal solutions within limited steps, striking a balance between exploration

and exploitation.

3.6 Conclusion

In this chapter, we introduce ToolChain*, an A* tree search-based planning algorithm
to augment LL.Ms with external tools for complicated real-world planning and reasoning

tasks. Compared to existing open- or closed-loop LLM agents, ToolChain* formulates the
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action space as a decision tree, thereby effectively mitigating error propagation and exten-
sively expanding the search space. Furthermore, ToolChain* significantly accelerates the
search process compared to other tree search-based methods, enabling tree search in com-
plicated action space and striking a dynamic balance between exploration and exploita-
tion. By achieving significant improvements over state-of-the-art baselines, ToolChain*
showcases its potential as an efficient planning algorithm, navigating LLLM-based agents in

addressing complex real-world challenges.
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CHAPTER 4
LIGHTWEIGHT ADAPTATION FOR BLACK-BOX LLM PERSONALIZATION

This chapter focuses on model factorization framework for black-box LLM personaliza-

tion. The content is mainly based on the following publications:

* Yuchen Zhuang, Haotian Sun, Yue Yu, Rushi Qiang, Qifan Wang, Chao Zhang, and
Bo Dai. “HYDRA: Model Factorization Framework for Black-Box LLM Personal-
ization.” In The Thirty-eighth Annual Conference on Neural Information Processing

Systems (2024). [128]

4.1 Overview

Pre-trained LLMs [1, 2, 3, 4, 5, 43] have revolutionized various NLP tasks, ranging from
traditional recommendation systems [129, 130, 131, 132] to modern virtual assistants [133,
134, 135, 136, 113, 137, 25]. Despite their strong capabilities, LLMs require further cus-
tomization to consistently demonstrate desirable behaviors to each user and achieve optimal
performance in specific use cases [138, 139, 140, 141, 34, 33, 41, 142, 143, 144, 145, 146].
As aresult, LLM personalization has emerged as a rapidly evolving area of research [147],
with the goal of tailoring the emergent abilities of LLMs to meet the unique needs of indi-
vidual users.

Several existing studies have shown effectiveness in personalizing LL.Ms, including (1)
fine-tuning personalized LLMs for each user [148, 149] and (2) aligning LLMs to person-
alized preferences through Reinforcement Learning from Human Feedback (RLHF) [150,
151, 152]. However, both fine-tuning and RLHF-based methods require access to model
parameters, restricting their use to white-box LLMs only (e.g., LLaMA-2 [47]). These

models tend to be less capable than black-box LLMs (e.g., GPT-3.5 [43]) because they
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Figure 4.1: Personalization in white-box and black-box LLLMs. Existing methods prioritize
(a) fine-tuning user-specific models in white-box LLM personalization, while (b) design-
ing user-specific prompts for black-box LLM personalization. In Hydra, we present (c) a
learning-based model factorization solution to enhance the effectiveness of personalization
in black-box LLMs. ¢ indicates the trainable parameters, whereas '’ indicates the inac-
cessible fixed parameters.

have access to less training data and smaller model scales. Moreover, RLHF-based meth-
ods require more explicitly attributed characteristics (e.g., style) [150, 152] from implicit
user behavior history and necessitate excessive annotation efforts for capturing human pref-
erences.

Without access to modify the model parameters for black-box LLM personalization,
an alternative solution is to augment user-specific content and/or context into the prompt
template. One straightforward approach is to incorporate the user’s complete profile or
entire historical behavior into the prompt design [132, 153, 154, 155, 156, 157, 156].
However, integrating the entire profile may exceed the length limitations of LLMs and
lead to substantial costs, while randomly selected records cannot effectively capture rep-
resentative patterns. To address this dilemma, retrieval-augmented generation (RAG) ap-
proaches [158, 159, 160, 161] have been explored by extracting the most relevant informa-
tion from the user’s historical data to facilitate personalized generation. One limitation is
that a retrieval-augmented framework encodes different users independently in a personal-
ized prompt, making it challenging to capture the shared (global) patterns of the entire user
group [148]. Moreover, in comparison to fine-tuning the entire or partial model parameters
to create personalized language models for individual users [148, 150, 152], simply aug-
menting the input prompt through a centralized LLM without updating model parameters

may diminish the effectiveness of personalization (Figure 4.1).
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To address these challenges, we propose Hydra, a learning-based model factorization
framework that captures both user-specific and shared behavior patterns to enable effective
personalization within black-box LLMs. Hydra leverages a retrieval-augmented workflow,
where a retriever initially extracts relevant user behaviors from historical data for effective
user-specific preference identification. To achieve personalized generation, we focus on the
training process of two fundamental components: (1) a personalized reranker to prioritize
useful user information from the retrieved records, and (2) a personalized adapter to align
black-box LLLM outputs with user-specific preferences, without requiring access to internal
model parameters. Both the reranker and the adapter can be decomposed into a base model
with multiple personalized heads, similar to a Hydra. By employing model factorization,
we effectively integrate shared (global) knowledge, captured by the centralized base model,
with user-specific preferences, harnessed through multiple user-specific heads, to enhance
generalization across the entire user group.

We conduct extensive experiments on LaMP [158], a comprehensive language model
personalization benchmark, to evaluate the personalization capabilities of Hydra across
multiple dimensions, including three text classification tasks and two text generation tasks.
Notably, Hydra achieves an average improvement of 4.8% over the best-performing base-
lines across all five diverse tasks. Further in-depth studies reveal the robust capability of
Hydra in scaling up to accommodate larger user groups and extensive behavior history, as
well as adapting to user behavior shifts. We also demonstrate the effectiveness of shared
knowledge in enhancing user experience through both quantitative and qualitative analy-
ses. To facilitate future research in black-box LLM personalization, we will release the
code repository and model checkpoints for transparency and reproducibility.

Our main contributions are as follows: (1) We propose Hydra, a black-box LLM per-
sonalization framework that effectively mines user behavior history and adapts to user pref-
erences for enhanced user experience; (2) Hydra integrates shared (global) knowledge from

the base model and individual (local) preference from multiple user-specific heads through
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model factorization to deliver generalizable personalization; and (3) Hydra significantly
outperforms existing prompt-based methods across five diverse tasks in the LaMP bench-
mark [158], introducing a novel learning-based solution that achieves more effective adap-

tation to individual users in black-box LLMs.

4.2 Related Works

In-Context Learning. Vanilla personalized prompting approaches leverage the powerful
in-context learning capability of LLMs by using the user’s randomly sampled behavior his-
tory as contextual samples. Existing studies [132, 153, 154, 155, 156] have utilized encod-
ing user histories-whether personal ratings, interaction histories, or exemplary reviews-as
few-shot examples to facilitate LL.Ms in generating personalized content in various down-
stream applications. Additionally, research has shown that utilizing a longer user history
can potentially lead to better performance [157, 156].

Profile-Augmented Prompting. Improving upon the random sample strategy and
leveraging the insights from the enhanced performance with more historical information,
profile-augmented generation (PAG) summarizes user preferences and behavior patterns
into natural language profiles for query augmentation. For instance, Richardson et al. [162]
employ instruction-tuned LLMs to generate abstract summaries of user history data, inte-
grating summarization for enhanced personalization. Similarly, ONCE [163] creates user
profiles by summarizing topics and regions of interest from their browsing history, thereby
assisting LLMs in capturing user preferences for downstream tasks.

Retrieval-Augmented Prompting. Compared to random sampling in in-context learn-
ing and the use of entire histories in PAG, retrieval-augmented prompting excels at extract-
ing the most relevant records from user behavior history to enhance LLLM personalization,
thereby efficiently managing the growing user behavior data within LLMs’ limited context
length and supporting personalized generation with more relevant evidence. For instance,

LaMP [158, 159] introduces a retrieval-augmented method to obtain the most relevant con-
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tent from the user’s behavioral history and incorporate it into the prompt design. Simi-
larly, AuthorPred [161] retrieves relevant past user-written documents for personalized text
generation. Pearl [160] proposes a generation-calibrated retriever to select from historic
user-authored documents, enhancing personalization with relevant prompt augmentation.
Limitations. Similar to in-context learning, personalization based on PAG is prone
to be easily distracted by irrelevant information retrieved, especially when there is a shift
in user behavior between the current query and the user’s historical records. Despite the
improvement upon PAG by retrieving relevant information, RAG-based methods may still
suffer from the quality of retrieved information, where the ”most relevant” information
may not necessarily be the “most useful” information to answer a new query. Addition-
ally, prompting-based methods not only lack deeper personalization analysis due to their
reliance on a single centralized model but also lack access to global knowledge due to the

user-specific prompt design.

4.3 Hydra: Model Factorization for Black-Box LLM Personalization

4.3.1 Problem Formulation: Black-Box LLM Personalization

Black-box LLM personalization refers to tailoring model generations to align with user
preferences according to their history [147, 148, 152], without having access to model pa-
rameters. Specifically, given a black-box LLM G and a training dataset Dyin = {(Gu, 7w, Hu) }>
where for each user u, g, indicates the input sequence, r, refers to the target output, and
‘H., represents the user’s historical behavior containing preference information. The user
history data H,, = {h’,} includes all user behaviors h’, consisting of (¢’, ") pairs, mirror-
ing the task-specific query-answer format (g,, ). The goal of personalization is to adapt
the LLM’s generation 7 to the target output r, conditioned on both the input and the user
history.

Traditional fine-tuning methods train universal models for all users, whereas personal-

ized tuning aims to develop a unique model for each user u, denoted as /), which cap-
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tures the unique characteristics of its user-specific data distribution D). Ideally, each user
model should possess both shared (general) and user-specific knowledge. Thus, the prob-
lem can be formulated as a decomposition of #) into a shared part o and a personalized
part 7 to learn general and user-specific knowledge, respectively. The training object of

LLM personalization can be formulated as:
U
i Lo(o;7; DW 4.1
Lmin ; (o3 75 D), @.1)
where L, (o; 7®; D) denotes the loss function of user u, and U is the total number of
users. Specifically, in the black-box LLM personalization, the model parameters in GG are
not accessible, making it infeasible to directly fine-tune the black-box LLM.

Thus, we present Hydra, a model factorization framework for black-box LLM person-

alization, as shown in Figure 4.2.

4.3.2 Retrieve-then-Rerank

To capture user-specific preference, we follow a retrieve-then-rerank workflow to (1) re-
trieve the relevant user behavior records and (2) rerank them based on usefulness. Specifi-
cally, given an input query x, we employ a retriever to retrieve top-/V user history behaviors
that have the highest relevance scores when compared with the input 2. The objective of
the reranker is to identify user historical records that can serve as useful user preference
information for answering the user’s incoming queries.

Training Data Generation. Within the training data, each user only has a single query,
which is insufficient for capturing the relationships between the behaviors of the same user.
Scoring all the history pairs of users is quadratic in Zﬂl |Hu| X |Hu|, which becomes
prohibitively time-consuming. In order to obtain a high-quality candidate set of training
samples for each user query ¢,, we retrieve the top-M relevant history records, denoted as

R(qu, H.). Additionally, to gain a better understanding of the user’s history, we randomly
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Figure 4.2: Overview of Hydra. Hydra follows a retrieval-augmented framework: (1)
Firstly, we extend an original RAG to a two-stage retrieve-then-rerank workflow, where
we rerank the most useful information from relevant user behavior records to capture user-
specific preference (Section subsection 4.3.2); (2) Secondly, augmented by the selected
historical data, we train an adapter to align the output of black-box LLLMs with personal-
ized human preference (Section subsection 4.3.3). Both the reranker and the adapter can be
decomposed into a base model with multiple user-specific heads, resembling a hydra-like
structure (Section subsection 4.3.4). The base model maintains shared knowledge across
users, while multiple personal heads capture user-specific preferences. @ represents the
model decomposition for personalization.

sample another M historical records that can be considered as the user’s previous queries.
For each of these previous queries, we also retrieve the top-M relevant historical records.

The training candidates can be represented as:

greranker = {(q“ 7’“ )}‘greranker| {{<qu7 Tu, (qU7 ))} U {( ( 'Zz'u Hu/hfL))}iAil}haeHquD7

4.2)
where ¢; indicates the query, r; indicates the ground-truth answer to the query, and h;
indicates the candidate history. We then utilize an LLM as a labeling function to measure
the potential improvement (i.e., usefulness) of each history upon the LLM personalized
generation. Specifically, for each candidate (g;,7;, h;), we first sample the generation of
LLM #; by using the input context ¢; and the candidate history h; from pyim(7i|q:, hs).

Next, we compare the generation 7; with the ground-truth answer r;, and create a binary
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label y; = 1(7; = r;). For generation task, the condition is soften to y; = 1(7; ~ 1),
where the Rouge metrics between r; and 7; is above a pre-defined threshold. To optimize
the reranker, we combine the user query with the candidate history in an entailment learning
style, resulting in the training inputs x; = {[CLS] ¢; [SEP] h; [SEP]}. Therefore, we can
curate a training set for the reranker Dieranker = { (i, ¥i) } Lzr{f“““Ef'.

Hydra-Reranker Training. Training the reranker for each user allows for a person-
alized selection of relevant historical information based on the user’s query. The training
objective involves using the cross-entropy loss between the predictions made by Hydra-
Reranker heads and the ground truth. For a specific user u and the corresponding training

sample (2%, y") € Dieranker» We can calculate the cross-entropy loss function for Hydra-

Reranker as follows:

Lrgmker — _ytlogpt — (1 — i) log(1 — p), (4.3)

where p; indicates the model prediction made by Hydra-Reranker.

Hydra-Reranker Inference. With the trained reranker, our objective is to select the
top-k most relevant candidates from the retrieved user history for a personalized generation.
For each query ¢; from user u in the test data, we retrieve the most relevant history ﬁiu =
{hiy,- -+, hix } and concatenate them to form the test inputs {z}, - -- , 2} v }. By feeding
these into Hydra-Reranker, we obtain the corresponding predictions {p},, - - - pi'y }. From

the test inputs, we select the top-£ history candidates C; with the highest level of usefulness:
C; = argtop-ky, 7, (i) (44)

4.3.3 Black-box LLM Adaptation

Complementary to personalizing the few-shot demonstrations for LLMs in Section sub-

section 4.3.2, we further align the black-box LLM generation to user-specific preference
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through the training of a personalized adapter, eliminating the need for directly accessing
model parameters.
Training Data Generation. To take full advantage of the preference information hid-

den in the user query and history, we generate the candidates for the adapter training:

ga apter 7 7 u
Eatapter = L (@i 73) 2 = L, v buen U {5 )Y wep. (4.5)

For each input query ¢; from the training dataset, we augment the reranked history candi-

dates C; with the query and sample b candidate responses from the black-box LLM:

{Fii Yooy ~ pm (%G, qi). (4.6)

In comparison with the ground-truth personalized generation r;, we can evaluate each gen-
erated solution 7; ; and assign a corresponding binary label y; as y; = 1(7;; = r;). Us-
ing the model generations, we establish a new dataset for the adapter training, denoted as
Didapter = {Tij, yi}g“f"“"“', where z; ; = {[CLS] ¢; [SEP] 7; ; [SEP]} represents the con-
catenation of the user query with the entire candidate generation.

Hydra-Adapter Training. We utilize the model decomposition training strategy (de-
tailed in Section subsection 4.3.4) to train personalized adapters for each user, which allows
us to tailor the selection of candidate generation that best aligns with the user’s preference.
To calculate the task-specific loss function, we follow Eq. equation Equation 4.3 and em-
ploy the same cross-entropy loss between the predictions of user-specific heads and the
ground truth to optimize Hydra-Adapter.

Hydra-Adapter Inference. During the process of model inference, we conceptualize
the black box LLM as a proposal generator, while the adapter functions as an evaluator.
Specifically, for each test query x; from user u, we adopt the best-of-b inference, also
known as rejection sampling. Initially, we sample b candidate generations {7’ ; }?:1 from

the LLM. By passing them through the Hydra-Adapter, we obtain the corresponding score
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for each candidate {p}';,--- ,pj,}. The solution with the highest score is then chosen as
the final answer:

AU U
7 = arg max p;;. 4.7)

4.3.4 Model Factorization for Personalization

To further effectively capture the shared knowledge across all users as well as the individual
user-specific behavior patterns, a direct solution is to develop a parameter decomposition
method, where the shared parameters store the general knowledge, benefiting from a high
model capacity, while the remaining parameters are designed to learn user-specific pref-
erences that complement the overall understanding (typically on a smaller scale). Hence,
it is adequate to employ a smaller-sized model (adapter) to represent these personalized
parameters, instead of fine-tuning the entire LLM.

Model Factorization. Formally, in Hydra, we assume that each personalized language
model is associated with a set of weights © = {0} ,.p, where §*) represents the weights

of the personalized model for user u. Each () is decomposed as:

0 =g @7, (4.8)

where o represents the base model parameter matrix that is shared among all users, 7(*
represents a personalized head model, and ® indicates the operation of appending the
user-specific head 7(*) on top of the base model o. Specifically, we add |D| heads to
the final hidden states s generated by the original model. The wu-th head measures the
usefulness between query and histories, or the level of preference for the generation from
the perspective of the u-th user. The prediction of the u-th head is denoted as p*). For

each head, we employ a single layer of feed-forward network. We define u-th head as
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7@ = (W W b b{"] and the prediction can be outlined as:

p* = softmax(W$" - Tanh(W'" - s + b{")) + b{"), where W{" € R¥*° W ¢ Réxd,
4.9)

where d indicates the dimension of hidden states and o indicates the dimension of outputs.
Training Strategy. We then train the base model in conjunction with multiple user-
specific heads. For each sample (z},y}") of user u from the training data and the model

prediction p;', we update the base model and the u-th head accordingly:

o+ o—aVL(y, ), 7 ) _ aVL(y, pi), (4.10)

where « indicates the learning rate and £ represents the task-specific loss function.

Fit Test User History. In order to accommodate the newly incoming users in the test
data, we cannot reuse the personalized heads from the training data. Therefore, we need to
create and initialize new heads. To fit the test users’ history, we freeze the base model and
solely focus on the heads. This fitting process is simple and requires minimal computational
resources. Similar to the update of 7(*) in Eq. (Equation 4.10), when given a new user v’

for testing, we also leverage the task-specific loss function £(-) to update the head 7(*):

) 7 v Ly p), (4.11)

where (21, y') are obtained from test user history.

Personalized Inference for Test Users. Upon fitting the test user history, we obtain
the base model o, which contains general knowledge across users, and the user-specific
head 7(*), which captures the user-specific knowledge in the test user history. Therefore,

we can apply personalized inference directly to the test user v/, given its query z,:

p;"l f— fo_®7_(u/) <x3/>7 (4. 12)
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where f, .« (-) indicates the inference of the model o ® 7)),

4.4 Experiments

4.4.1 Experimental Setup

Datasets and Tasks. We adopt a widely used language model personalization bench-
mark, LaMP [158], focusing on a diverse set of personalized text classification and gener-
ation tasks, including (1) Personalized News Categorization (LaMP-2N), (2) Personalized
Movie Tagging (LaMP-2M), (3) Personalized Product Rating (LaMP-3), (4) Personalized
News Headline Generation (LaMP-4), and (5) Personalized Scholarly Title Generation
(LaMP-5). For data splitting, we follow the user-based separation setting provided by the
LaMP benchmark, with 100 randomly selected users for training and an additional 50 ran-
domly selected users for testing. No shared users are displayed across splits for specific
measurements in personalization for new users.

Baselines. We compare our proposed Hydra with existing state-of-the-art black-box
LLM personalization methods, including in-context learning (ICL-Random, with random
selected k-item from user behavior history), retrieval-augmented prompting (RAG) [158],
and profile-augmented prompting (PAG) [162]. We also present the experimental results of
gpt—-3.5-turbo [43] (zero-shot) without profile/history augmentation in order to show-
case the baseline performance of the backbone language model. Learning-based person-
alization, such as fine-tuning and RLHF-based methods, cannot be applied to black-box
LLMs (e.g., gpt—3.5-turbo) due to the unavailability of model parameters.

Evaluation Metrics. Following the evaluation metrics specified in LaMP [158], we
utilize accuracy (Acc.) and F-1 score (F-1) for the test classification tasks in LaMP-2N and
LaMP-2M. Additionally, we employ mean absolute error (MAE) and root mean squared
error (RMSE) for the ordinal multi-class classification task in LaMP-3. To comprehen-
sively evaluate the personalized text generation tasks in LaMP-4 and LaMP-5, we report

the ROUGE-1 (R-1), ROUGE-L (R-L), and BLEU metrics.
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Table 4.1: Main experiment results on the LaMP benchmark. R-1 and R-L represent
ROUGE-1 and ROUGE-L, respectively. k indicates the number of retrieved items. 71 de-
notes that higher values are better, while | implies that lower values are preferred. The best
score and 2nd best score for each task are highlighted in bold and underlined, respectively.
Notations are consistent across tables.

Dataset (—) LaMP-2N LaMP-2M LaMP-3 LaMP-4 LaMP-5

Method (}) Acc.t F-11 Acc.t F-1+ MAE| RMSE] R-11 R-L+ BLEUT R-1+ R-L1 BLEU+

gpt-3.5-turbo [43] 0.660 0.280 0.440 0.309 0.480 0.825 0.133 0.120 0.996 0.379 0.326 5.477

ICL-Random (k=1) 0.640 0.293 0.480 0.360 0.660 0.990 0.165 0.144 1.567 0.410 0.349 5.327
ICL-Random (k=2) 0.640 0.284 0.520 0.400 0.560 0917 0.171 0.158 1.923 0.413 0.348 6.698
ICL-Random (k=4) 0.660 0.288 0.480 0.356 0.560 0917 0.163 0.148 1.589 0.393 0.349 7.445

RAG (k=1) [158] 0.680 0.293 0.400 0.290 0.500 0.837 0.151 0.130 1.417 0418 0.353 5.852
RAG (k=2) [158] 0.600 0.281 0.460 0.343 0.580 0906 0.173 0.156 1.778 0.419 0.367 6.898
RAG (k=4) [158] 0.640 0.284 0.460 0.340 0.580 0970 0.172 0.156 1.812 0.415 0.362 7.382
PAG (k=0) [162] 0.640 0.293 0.500 0.356 0.520 0.894 0.163 0.150 1.724 0.410 0.359 6.124
PAG (k=1) [162] 0.680 0.308 0.520 0.362 0.560 0913 0.170 0.156 1.674 0.397 0.327 6.481
Hydra-Reranker (k=4) 0.760 0.375 0.520 0.393 0.480 0.775 0.177 0.166 1951 0423 0.368 6.864
Hydra-Adapter 0.680 0.277 0.480 0.385 0.420 0.762 0.145 0.118 1.137 0.409 0.355 5.816
Hydra 0.780 0.401 0.540 0.458 0.400 0.747 0.178 0.169 2.396 0.434 0.372 7.531

Table 4.2: Ablation studies of Hydra. -P. represents removing the Hydra personalized
training strategy.

Dataset (—) LaMP-2N  LaMP-2M LaMP-3 LaMP-4 LaMP-5

Method (}) Acc.t F-11 Acc.t F-11 MAE| RMSE ] R-11 R-L1 BLEU{ R-11 R-L+ BLEU 1

Hydra 0.780 0.401 0.540 0.458 0400 0.747 0.178 0.169 2.396 0.434 0.372 7.531
-P-Adapter 0.740 0.300 0.500 0.384 0460 0.831 0.169 0.157 1.604 0398 0336 5.766
-P.-Reranker 0.700 0.298 0.500 0.379 0.480 0.825 0.162 0.154 2063 0399 0.347 5.364

-P--Adapter & Reranker 0.780 0.312 0.420 0.339 0.520 0.894 0.172 0.163 2.001 0.385 0.332 5.848

Hydra-Reranker (k=4) 0.760 0.375 0.520 0.393 0.480 0.775 0.177 0.166 1951 0.423 0.368 6.864

-P.-Reranker 0.700 0.358 0.480 0.372 0.540 0.864 0.174 0.161 1.772 0.411 0.363 6.192
Hydra-Adapter 0.680 0.277 0.480 0.385 0.420 0.762 0.145 0.118 1.137 0.409 0.355 5.816
-P.-Adapter 0.673 0.276 0.460 0.341 0.480 0.835 0.141 0.119 1.006 0.374 0.317 4.754

Implementation Details. For both baselines and our proposed Hydra, we follow the
same prompt template in the LaMP benchmark [158] and employ gpt-3.5-turbo (1106)
and BM25 [73] as the backbone black-box LLM and default retriever, respectively. Addi-
tionally, both Hydra-Reranker and Hydra-Adapter leverage the lightweight LongFormer—-Base

(110M) [164] as the backend language models.
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4.4.2 Main Results

Table Table 4.1 presents the main experimental results of five varied personalization tasks in
the LaMP benchmark. Compared to the zero-shot setting in gpt -3 .5-turbo [43], even
a random selection of historical records from user behavior or profiles enhances the model
performance in most tasks, suggesting that personalization contributes to improved per-
formance with black-box LLMs. Hydra exhibits substantial relative improvements across
all five tasks, with an average of 9.01% over the best-performing baselines. Specifically,
Hydra outperforms the best-performing alternative by 14.71% in accuracy for the Personal-
ized News Categorization (LaMP-2N) task, 3.85% in accuracy for the Personalized Movie
Tagging (LaMP-2M) task, 20.00% in MAE (where lower values indicate better perfor-
mance) for the Personalized Product Rating (LaMP-3) task, 2.89% in R-1 for the Person-
alized News Headline Generation (LaMP-4) task, and 3.58% in R-1 for the Personalized
Scholarly Title Generation (LaMP-5) task. This further improvement can be attributed to
the improved quality (usefulness) of retrieved records in better representing user-specific

preferences and the effective integration of global knowledge sourced from the entire user

group.

4.4.3 Ablation Studies

From Table 4.1, both Hydra-Reranker and Hydra-Adapter demonstrate their effectiveness
by significantly improving the RAG and PAG baselines separately. Furthermore, we ob-
serve that Hydra outperforms each of them individually, showcasing the complementary
role of both components. In Table 4.2, we further eliminate the personalized training strat-
egy of Hydra, deteriorating to training a singular model across the entire user group, which
solely incorporates global knowledge and lacks individualized customization for each user.
The decline in model performance across all tasks highlights the significance of personal-

ization through user-specific heads.
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Figure 4.3: Scale-up analysis for (a)—(c) effect of users in training data, (d)—(f) effect of
historical records per user, and (g)—(i) effect of selected historical records (k) per user.

4.4.4 Scale-up Analysis

Number of Users in Training.

We study the impact of users in the training data, as depicted in Figure 4.3 (a)-(c). As
the number of users increases from 20 to 100, we observe that Hydra reaches over 90%

Number of History per User. We examine the impact of the number of historical
records per user in Figure 4.3 (d)-(f). We randomly chose 50 users from each range of
number of history per user. As the number of historical records increases, we consistently
observe improved performance in both classification and generation tasks, as indicated by
all metrics. This demonstrates the robustness of Hydra in effectively capturing user-specific

preferences, especially with a larger amount of user historical data.
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Figure 4.4: Performance under different levels of shared knowledge.

Number of Selected History (k) per User. In Figure 4.3 (g)-(i), we analyze the impact
of the selected items k per user. It can be observed that Hydra consistently outperforms
other baselines across all values of k, highlighting the robustness of Hydra. Additionally, it
is evident that model performance correlates with the number of retrieved historical records
in most cases, providing further evidence of the effectiveness of the retrieval-augmented
framework in black-box LLM personalization. However, an inconsistency is noted with
RAG in LaMP-3, which may be attributed to the presence of noisy or irrelevant retrieved
history. This finding emphasizes the importance of retrieval quality and raises the signifi-
cance of the Hydra-Reranker in measuring the usefulness of retrieved items.

Number of Users in Training Set. We also conduct additional scale-up experiments
(Table 4.3) to evaluate HYDRA with an increased number of users, increasing from 100 to
1000, across all five tasks. Our findings from the scale-up experiments show that HYDRA

maintains its performance advantages over baselines as the number of users increases.

4.4.5 Empirical Personalization Analysis

Performance w/o Shared Knowledge. We conduct additional experimental analysis on
both text classification and generation tasks for a comprehensive evaluation. In Figure 4.4,

we study how the shared knowledge is leveraged in Hydra. Specifically, we create three set-
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Table 4.3: Scale-up experiment results on the LaMP benchmark, including 1000 and 500
users during training and testing, respectively.

Dataset (—) LaMP-2N  LaMP-2M LaMP-3 LaMP-4 LaMP-5

Method (|) Acc.t F-11 Acc.t F-11 MAE| RMSE | R-11 R-L1 BLEU{ R-11 R-L+ BLEU

gpt-3.5-turbo 0.638 0.499 0412 0.347 0.540 0.851 0.133 0.119 1.043 0.439 0.371 6.018

ICL-Random (k=1) 0.598 0.476 0.392 0335 0.676  0.959 0.147 0.132 1.330 0.457 0.396 8.118
ICL-Random (k=2) 0.632 0.499 0.376 0.311 0.562 0.871 0.151 0.137 2.388 0.451 0.393 8.550
ICL-Random (k=4) 0.630 0.518 0.392 0.352 0440 0.740 0.161 0.146 2418 0.457 0.396 8.404

RAG (k=1) 0.610 0.486 0.408 0.345 0.602 0.871 0.154 0.138 1.649 0.468 0.405 7.820

RAG (k=2) 0.624 0.479 0.380 0.315 0559 0.836 0.161 0.149 2958 0.480 0.419 9.021

RAG (k=4) 0.656 0.524 0.392 0.339 0.391 0.716 0.167 0.155 3.615 0.479 0.418 9.108

PAG (k=0) 0.618 0.489 0.404 0340 0.583 0.872 0.161 0.141 1950 0.460 0.405 7.372

PAG (k=1) 0.630 0.500 0.418 0.357 0414 0.787 0.163 0.153 2.934 0.474 0414 8372

Hydra 0.748 0.551 0.446 0.373 0.328 0.656 0.175 0.167 4.772 0.508 0.442 9.519
m (CL mmm RAG === HYDRA - (CL mmm RAG s HYDRA m (CL mm RAG == HYDRA

Metrics
Metrics

Acc F-1 ' MAE

Rouge-1 Rouge-L BLEU
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Figure 4.5: Performance under user behavior shift.

tings with different levels of leveraging shared knowledge: (1) using only test user history
for training, (2) updating just the head parameters using training user data, and (3) updating
the full model parameters using training user data. We observe that incorporating a larger
volume of training user data yields superior results compared to solely relying on test user
history. The inclusion of additional training user information aids in capturing global in-
formation effectively. In addition, updating the entire model shows inferior performance
compared to updating only the heads. This discrepancy arises due to the increased num-
ber of parameters, which necessitates a larger amount of data to accurately capture each
user’s information. Additionally, the transition from training user information to testing
user information results in a domain shift of global knowledge.

Performance under User Behavior Shift. Following the setup in Tan et al. [148], we

evaluate Hydra under user behavior shift when the query is not relevant to all historical
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Figure 4.6: Experiments on LaMP benchmark of significant disparities in user behavior
history.

records. As illustrated in Figure 4.5, our proposed Hydra continues to outperform the cur-
rent state-of-the-art baselines in the face of user behavior shift. This serves as evidence of
its robustness and generalizability in providing a widely applicable solution for black-box
LLM personalization. This improvement can be attributed to the personalized reranker,
which reevaluates the candidates based on their utility rather than solely on relevance, to-
gether with the personalized adapter further adjusts to align with user preferences.

Effect of Significant Disparities in User Behavior. To consider more extreme cases
of disparities in user behavior, we retrain HYDRA on a mixture of 50% users with the
fewest interactions and another 50% users with the most interactions (blue in Figure 4.6,
compared to the random selection in orange). The black and gray dashed lines represent the
best-performing baselines on the first and second metrics. The experimental results demon-
strate that HYDRA consistently outperforms existing baselines, even under extreme cases.
Compared to the previous random selection of training users, HYDRA achieves relatively
lower performance due to the imbalance of training samples for dense users and sparse
users. By leveraging the global information in shared parameters, knowledge can be effec-
tively transferred from dense users to sparse users, thereby enabling further personalization

through the utilization of sparse user-specific head models.
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4.5 Conclusion

In this chapter, we proposed Hydra, a model factorization framework for black-box LLM
personalization that captures and leverages both user-specific and shared behavior pat-
terns from historical data. Compared to prompt-based methods, Hydra introduces a novel
learning-based paradigm for black-box LLLM personalization that not only remains highly
effective in personalizing outputs by training a reranker with a black-box LLM adapter,
but also eliminates the need for access to model parameters, presenting a promising al-
ternative to existing mainstream techniques. Experimental results demonstrate that Hy-
dra outperforms state-of-the-art RAG and PAG baselines by an average relative improve-
ment of 9.01% across five diverse personalization tasks. Hydra establishes a foundation
for learning-based black-box LLM personalization, facilitating targeted enhancements in
user experience and ultimately contributing to the development of human-centric intelli-

gent systems.
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APPENDIX A
ADDITIONAL DETAILS FOR TOOLQA

A.1 Additional Related Works

We list the state-of-the-art related works in tool-augmented LLMs in Table A.1. All of them
can be categorized into two groups: (1) single-tool methods, that focus on making a single
API call perfect in the solution; (2) multi-tool methods, that emphasize more on studying
how to compose different tools together to solve a challenging problem. ToolQA is more
suitable for the evaluation of the second category to test the inherent logical reasoning
behind different tools. Additionally, there exist other notable contributions [167, 168, 18]
within the realm of decision-making that specifically emphasize the planning capabilities
of expansive language models. These endeavors can be regarded as methods affiliated with
tools, wherein the actions within generated plans are analogous to distinct tools utilized for

specific purposes.

A.2 Data Sources

A.2.1 Different Data Source Introduction

« Flight Status (2022-2023)' contains almost all flight information of airlines between

2022 and 2023, which is too contemporary for LLMs’ internal knowledge.

* Daily Coffee Price (2000-2022)> contains the daily price of coffee, ranging from
2000 to 2022, where the information is too contemporary and detailed for LLMs’

internal knowledge.

Thttps://www.kaggle.com/datasets/robikscube/flight-delay-dataset-20182022?select=Combined_Flights _
2022.csv

Zhttps://www.kaggle.com/datasets/psycon/daily-coffee-price
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Table A.1: A comparison of methods that leverage LLMs for Tool-use.

Methods Tool Numbers Tool Categories # Tool/Task  Reasoning  Instruction Type Task

Single-Tool Methods

CoT [16] 1 - 1 Generation Prompting QA

Lila [165] 1 math/code 1 Generation Prompting MathQA
Program-of-Thought [76] 1 code 1 Generation Prompting TabQA
Code4Struct [62] 1 code 1 Generation Prompting Event Extraction
PAL [59] 1 code 1 Generation Prompting MathQA
MathPrompt [77] 1 code 1 Generation Prompting MathQA
ToolFormer [12] 5 Basic 1 Generation PR & FT QA
GraphToolFormer [117] 5 Graph 1 Human Info PR & FT Graph

Talm [116] - Basic 1 Generation PR & FT QA
Multi-Tool Methods

WebGPT [166] 10 Web Operation >1 Feedback Fine-tuning QA
HuggingGPT [22] >10 Vision >1 Human Info Prompting VQA
Chameleon [13] >10 code, nlp, cv >1 Human Info Prompting ScienceQA, TabQA
GeneGPT [89] 38 NCBI APIs >1 Generation Prompting Gene Tasks
ART [78] 8 code/math/retriever >1 Human Feedback ~ Prompting BigBench
ReAct [17] 3 retriever >1 Feedback PR & FT  QA, AlfWorld, WebShop
MM-ReAct [87] >10 vision >1 Feedback Prompting CV tasks
Visual ChatGPT [88] >10 vision >1 Feedback Prompting CV tasks

Yelp Business Data’ is a subset of Yelp’s business data across 8 metropolitan areas
in the USA and Canada, where the information is too detailed for LLMs’ internal

knowledge.

+ Airbnb Open Data* is a subset of Airbnb activities in New York, where the infor-

mation is too detailed for LLMs’ internal knowledge.

» DBLP Citation Network (V14)° constructs the graph based on the records after
2020. The author-author and paper-paper relations are formulated as two separate

graphs.

« GSMSKS" is a dataset of 8.5K high-quality linguistically diverse grade school math
word problems. We sample the questions from the error cases made by ChatGPT on
the original dataset to make sure that the questions cannot be easily handled with its

internal knowledge.

https://www.kaggle.com/datasets/yelp-dataset/yelp-dataset?select=yelp_academic_dataset_business.json
“https://www.kaggle.com/datasets/arianazmoudeh/airbnbopendata

Shttps://www.aminer.org/citation

®https://github.com/openai/grade-school-math

65


https://www.kaggle.com/datasets/yelp-dataset/yelp-dataset?select=yelp_academic_dataset_business.json
https://www.kaggle.com/datasets/arianazmoudeh/airbnbopendata
https://www.aminer.org/citation
https://github.com/openai/grade-school-math

* SciREX’ is a challenging dataset for document-level information extraction based

on a collection of full-length machine-learning scientific papers.

* Agenda is our own synthetic dataset to model the real-world personal agenda data.
To avoid the privacy issue, we first create names, events, and dates with ChatGPT
and then randomly compose them to form 10000 different records. To create a pure-
text personal agenda corpus, we feed each of the records into ChatGPT, containing
generated agenda for virtual characters. More details can be seen in Appendix sub-

section A.2.2.

A.2.2 Generation Details of Agenda Dataset

Personal or private data serves as a significant external knowledge source. There exist ap-
plications that have been designed with plugins and external tools specifically querying
this type of data, such as Al personal assistants on daily agenda. Nevertheless, we rec-
ognize that this data often intersects with sensitive areas, and hence, privacy concerns are
paramount. To address these issues, we automatically synthesize a personal agenda corpus.
This not only ensures that the large language models (LLMs) have not been previously ex-
posed to the data but also eliminates any possibility of them inadvertently memorizing the
information within their internal knowledge.

In the synthetically generated personal agenda corpus, each entry follows the pattern:
”"NAME performs EVENT at TIME on DATE”, incorporating key elements such as names,
events, dates, and time slots. To begin, we employ ChatGPT to virtually generate these
elements. More precisely, we create 100 unique names, 10000 distinctive events each
associated with corresponding time slots within a day, and span all possible dates from
01/01/2022 through 12/31/2022. Following this, we commence the random assembly of
these generated elements to formulate personal agenda entries. For every event-time pair

generated, we randomly select from the pool of 100 names and possible dates to construct

https://github.com/allenai/SciREX
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each record. This process yields a total of 9,494 unique personal agenda entries. To trans-
form this corpus into an accessible external database for model querying, we transcribe

each record into a comprehensible natural language description.

A.3 Key Information of ToolQA

A.3.1 Dataset Documentations

The dataset is provided in jsonl format. Each task corresponds to two files: easy and
hard (e.g., “flight-easy.jsonl” and “flight-hard.jsonl”, etc.). Each data point contains the

following fields:

* gid: the unique identifier for the question-answer pair;

* guestion: the question to query;

* answer: the corresponding ground-truth answer to question.

A.3.2 Intended Uses

ToolQA is intended for researchers in machine learning and related fields to innovate novel
methods for tool-augmented large language models (LLMs). We also aim to help develop-

ers to test their plugins on our dataset.

A.3.3 Hosting and Maintenance Plan

ToolQA codebase is hosted and version-tracked via GitHub. It will be permanently avail-
able under the link https://github.com/night-chen/ToolQA. The download link of all the
datasets can be found in the GitHub repository. We license our work using Apache 2.0%.

All the datasets will be publicly released through the aforementioned GitHub link.

8https://www.apache.org/licenses/LICENSE-2.0
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APPENDIX B
ADDITIONAL DETAILS FOR TOOLCHAIN*

B.1 Implementation Details

B.1.1 Hardware Information

All experiments are conducted on CPU: Intel(R) Xeon(R) Platinum 8275CL CPU @ 3.00GHz
and GPU: NVIDIA A100 SXM4 80 GB using Python 3.8.13.

B.1.2 Parameter Configuration

We chose the GPT-3.5-turbo engine for ChatGPT and the GPT-4 engine for GPT-4 when
structuring the LLM-based agent. The maximum length for generated solutions is set to
512, and the temperature is set to 1 for flexibility in self-consistency frequency function
g+.1 (Section subsection 3.4.2). For LLaMA-2 experiments, the maximum length for gen-
erated solutions is set as 256 and the temperature is set to 1. We use 8 NVIDIA A100
SXM4 80 GB GPUs and FastChat [169] to tune the LLaMA-2 7B and 13B models. For
ToolChain*, we set the weights of geometric means between heuristic and non-heuristic
parts in cumulative and future costs as « = 3 = 0.5 by default. The number of potential
actions in self-consistency frequency is set as £ = 10 and the maximum step limit is set as
T = 20 by default. Our code repository is presently undergoing an internal review within
the company for public release. Upon receiving approval, we will make both the code and

data available on GitHub.

B.1.3 Task Setup for ToolBench

We define the nodes in the decision tree as function API calls. From the root node, which

corresponds to the input task description, we represent the complex process of identifying
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a successful solution as navigating a valid path in the tree search space. To expand from
the current node, we prompt LLMs with API definitions, demonstration examples, the
given query, and action history, thereby generating multiple i.i.d. next steps. In order
to precisely evaluate plan quality and gauge the proximity of the current action to the goal,
we employ task-specific heuristic functions (Section subsection 3.4.2) for both cumulative
and projected scores. To ensure a fair comparison, all prompts dispatched to the baselines
and ToolChain* follow the configuration set by ToolBench [102]. We adopt the success rate
as the evaluation metric for Home Search, Trip Booking, and Google Sheets. For Virtual
Home, we report the proportion of scripts achieving the correct end state or successfully

completing the task.

B.1.4 Task Setup for GSM8K

GSMSK [98] serves as a dataset for high school-level mathematical reasoning. Numerical
reasoning tasks within this dataset typically comprise a descriptive component followed by
a culminating question. Answering this question requires multi-step mathematical calcula-
tions based on the context of the description. Notably, the complexity directly relates to the
number of mathematical reasoning steps required for a solution. We conduct experiments
on the entire set of GSMS8K and also a subset of hard questions from GSM8K collected in
ToolQA [10]. In adapting ToolChain*, we represent reasoning steps in a solution as nodes
in the decision tree. With the math question description as the root node, complex reason-
ing across numerous intermediate steps is translated into navigating the decision space for a
valid path. Given the absence of seed data for long-term memory, we simplify ToolChain*
to leverage self-consistency frequency and LLM imagination as the cumulative score g(n)

and future score h(n), respectively.
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Table B.1: Task overview of (1) Home Search, (2) Trip Booking, (3) Google Sheets, (4)
Virtual Home, and (5) GSMS8K datasets. We provide examples of task descriptions with
output actions, and report the number of APIs (# APIs) and questions (# Ques) within each

dataset.

Datasets | Task Descriptions Output Actions | # APIs | # Ques | # APIs/Sol
Home I want to buy a townhouse, mobile or co-op | APLset_location("Pittsburgh”) 15 100 7.5
Search |in Pittsburgh with 4 rooms. My budget is | APLset_buy_or_rent(”buy”)- - -

$1385000.
Trip Could you help me find train tickets for 3 chil- | APLselect_booking_type(trip tickets”) 20 120 134
Booking |dren and 5 adults from Des Moines to Cape | APLselect_transportation(”train”)- - -

Coral on July 07, 2022?
Google | Update chicken’s price by 2. [A table is flat- | df = get_as_dataframe(worksheet) 108 70 6.1
Sheets tened in the context.] df.loc[df[’Product’] == ’chicken’, "Price’] +=2- - -
Virtual |Read book Agent.Find(novel) 40 100 13.4
Home Agent.TurnTo(novel)- - -
GSMSK | Elsahas 5 apples. Anna has 2 more apples than | 1. Anna has 2 more apples than Elsa. 1319
(ToolQA) | Elsa. How many apples do they have together? | 2. So Anna has 2 + 5 =7 apples.- - - (100)

B.2 Experimental Details

B.2.1 Dataset Details

We evaluate ToolChain* on four tool-use environments in ToolBench [102] and one rea-
soning task in GSM8K [98]. Table B.1 provides examples of task descriptions and output
actions and reports the number of APIs and questions incorporated in the environment.

e Home Search simulates the process of locating homes in a specific area based on certain
criteria. Agents are required to leverage 15 functions (e.g., set _location, search,
etc.), to aid users in completing the search.

e Trip Booking is a task that parallels the Home Search but incorporates more advanced
dependencies between function calls. This task simulates the process of submitting search
requests for transportation tickets, hotel rooms, or a combination of both. Specifically, it is
guided by specific searching conditions or parameters like locations, dates, and the number
of tickets. The API includes a total of 20 functions related to trip booking scenarios.

e Google Sheets involves manipulating actual worksheets from Google Sheets ! via the

gspread library 2, including common operations such as updating cell values, sorting, efc..

Thttps://www.google.com/sheets/about/
Zhttps://docs.gspread.org/en/latest/
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e Virtual Home derives from the setting of the VirtualHome simulator [170]. It requires
the LLM agents to generate sequences of actions with multiple function calls for complet-
ing household activities. It consists of 40 functions (e.g., Sleep (), Push (object),
and PourInto (objectl, object2)), each corresponding to a specific action ex-
emplified in the simulator. Every function can take up to two arguments, representing valid
objects within the household settings.

e GSMBSK [98] is a dataset of high-quality linguistically diverse grade school math word
problems. To evaluate the model performance on the GSM8K dataset, we evaluate the accu-
racy at which models are able to obtain the final correct answer. In addition, we also report
model performance on a subset of hard questions in GSM8K, curated by ToolQA [10]. The
hard questions are sampled from the error cases made by ChatGPT on the original GSM8K

dataset.

B.2.2 Baseline Details

For tool-use tasks in ToolBench, we compare ToolChain* with GPT [4], ReAct [17], Ada-
Planner [18], Tree-of-Thoughts [19], and MCTS [27]. For math reasoning tasks in GSM8K,
we compare ToolChain* with the state-of-the-art reasoning approaches, including GPT [4],
Chain-of-Thought [16], Self-Consistency [118], ReAct [17], Tree-of-Thoughts [19], and
MCTS [27].

We provide details of each baseline as follows:
e GPT [4] is a standard input-output prompt with four in-context examples. We directly
send the four-shot examples with the task description together to GPT-3.5-turbo and GPT-4.
GPT series serve as open-loop systems with closed-source LLMs as backbones.
e Chain-of-Thought [16] prompting is an open-loop mechanism to enhance reasoning in
language models. Chain-of-thought prompting breaks down multi-step problems, allocat-
ing additional computational resources for extensive reasoning stages step by step.

e Self-Consistency [118] is an open-loop decoding strategy to replace the conventional
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greedy decoding typically employed in chain-of-thought prompting. It initially samples
an array of diverse reasoning paths rather than solely relying on the most probable one.
Subsequently, by marginalizing over these sampled reasoning trajectories, it pinpoints the
most coherent answer.

e ReAct [17] integrates reasoning with tool use by prompting LLMs to generate interleaved
verbal reasoning traces and tool calls. ReAct is a closed-loop system for LLM-based agents
in tool usage.

e AdaPlanner [18] is a closed-loop system that enables the LLLM agent to adaptively refine
its self-conceived plan based on feedback from the environment. This refinement process
leverages both in-plan and out-of-plan strategies.

e Tree-of-Thoughts [19] is a tree search-based LLM reasoning framework that built upon
chain-of-thought prompting. It facilitates exploration across cohesive textual segments,
which act as intermediary steps in the problem-solving process. Unlike linear reason-
ing pathways in open- or closed-loop systems, ToT enables language models to engage
in decision-making by examining various reasoning trajectories. With the ability to self-
assess choices for the subsequent steps, ToT provides the flexibility to anticipate future
steps or revisit previous ones to make holistic decisions.

e MCTS [27] is a tree search-based LLM reasoning framework, repurposing LLM and
functioning both as a world model and a reasoning agent. It integrates a principled planning
algorithm, specifically based on MCTS, facilitating strategic exploration in the expansive
reasoning space. LLLM-based agent systematically constructs a reasoning tree, guided by

its inherent world model and task-specific rewards.

B.2.3 Additional Analysis on ToolBench

We observe that closed-loop methods typically perform better than tree search-based meth-
ods on the Home Search and Trip Booking datasets. Conversely, for the Google Sheets and

Virtual Home datasets, tree search-based methods perform better. This discrepancy can be
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attributed to the nature of feedback provided by the datasets. For instance, the Home Search
and Trip Booking datasets offer precise environmental feedback regarding plan errors (e.g.,

9

“Task execution error: 'HomeSearchAPI’ object has no attribute ’set_min_baths”’), en-
abling closed-loop systems to effectively modify their plans. In contrast, the Google Sheets
and Virtual Home datasets, with their extensive API function calls (108 and 40, respec-

tively), present a notably larger action space than Home Search and Trip Booking (15 and

20, respectively).

B.2.4 Case Studies

We include additional case studies with visualizations comparing the Chain-of-Thought
and ToolChain* on the GSMS8K dataset. As shown in Figures Figure B.1 and Figure B.2,
we compare the exploration space (upper part) and planning ordering (lower part) of both
methods on the same problem. Given the input query, ToolChain* explores a wide range
of potential nodes (blue) in the decision tree, while Chain-of-Thought only explores one
direction (red). Moreover, from a step-by-step visualization of the planning process in
Figure B.1, we notice that chain-of-thought falls into a faulty loop or a dead end with a
previous incorrect action. However, ToolChain* can gradually discard the faulty path by
increasing the cost after the incorrect action. This allows our method to re-evaluate and
adjust prior actions, facilitating a shift away from erroneous paths to explore alternative
plans. More importantly, it mitigates the error propagation along the action plan, which

usually occurs in linear or unidirectional solutions (i.e., open- and closed-loop systems).

B.2.5 Efficiency Details

In terms of additional efficiency analysis in tool use, we evaluate the running time of
ToolChain* against all the baselines based on GPT-4, as shown in Figure B.3a. Consistent
with our previous results, ToolChain* is faster than the most efficient tree search-based

method, Tree-of-Thoughts (BFS). For the math reasoning task, we conduct efficiency anal-
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ysis with a number of valid actions in Figure B.3b. We calculate the average number of
valid actions in GSM8K for math reasoning efficiency analysis. Similarly, ToolChain*
shows close efficiency to closed-loop systems without a tree structure and outperforms
other tree-search algorithms in terms of efficiency.

From the scaling-up analysis in Figure B.4, we can explicitly identify a crucial trade-off
between effectiveness and efficiency in the direct application of tree search-based reason-
ing methods to complex tool use scenarios, including ToT-DFS [19], ToT-BFS [19], and
MCTS [27]. Compared with ToolChain*, which quickly converges on with time efficiency
and high-quality solution, the rest tree-based search methods not only suffer from relatively
low success rate (Figure B.4a), but also struggle with the long running time (Figure B.4b).
This could be further verified by experimental results in Table 3.1 and efficiency metrics in

Figure 3.4.

B.2.6 Ablation Studies Details

We conduct a detailed analysis of the ablation studies for both the cumulative and future
cost functions in the following, as presented in Table 3.2. First, experimental results indi-
cate that each element within both the cumulative and future cost functions enhances the
performance of ToolChain*. This verifies the efficacy of our proposed cost functions in
guiding the search through the decision tree. Second, dropping either the heuristic compo-
nents (g1, h1+) or the non-heuristic (g2, ho ) components from the cumulative or future
cost functions results in a decline in performance. Specifically, when the non-heuristic
components are absent, there is an average drop in the success rate of 6.8%; whereas,
without the heuristic components, the decrease is 3.3%. This suggests that in most in-
stances, non-heuristic components have a more significant impact. This is potentially be-
cause heuristic components, relying on long-term memory, are limited in covering all test
cases and may struggle to precisely estimate the cost of new actions or tasks. In scenar-

ios where environments offer high-quality seed data for long-term memory (e.g., Virtual
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Table B.2: Additional results on ScienceQA based on GPT-3.5-turbo.

Models Accuracy

CoT (GPT-3.5-turbo) 78.3
Chameleon (GPT-3.5-turbo) 79.9
ToolChain* (GPT-3.5-turbo) 80.7

Home), the heuristic function plays a more important role. Third, eliminating either the
entire cumulative or future cost results in a marked decline in the success rate. Relying
exclusively on the future cost induces a sharp performance drop of 28.2%, deteriorating
ToolChain* to a greedy strategy that favors the shortest solution plans with the least num-
ber of actions. Conversely, if the search is guided only by the cumulative cost, ToolChain*
essentially mirrors the behavior of the BFS algorithm, yielding similar performance out-

comes.

B.3 Additional Dataset: Science QA

We evaluate ToolChain* in Science Question Answering (ScienceQA) [171] dataset on
general reasoning tasks. ScienceQA serves as a diverse benchmark for multi-modal ques-
tion answering across an array of scientific topics and contexts. Answering its questions re-
quires a variety of tools and capabilities, including image captioning, text detection, knowl-
edge retrieval, online resource searches, and multi-clue visual reasoning. Since ToolChain*
can function as a plug-and-play planner, we replace the original naive LLM-based planner
in Chameleon with ToolChain* for evaluation purposes. For our experiments, we select the
Chain-of-Thought [16] and the original Chameleon [13] as reference baselines. When built
upon GPT-3.5-turbo as the foundational LLM, ToolChain* realizes an accuracy improve-
ment of 0.8% over Chameleon. ToolChain* benefits from considering multiple potential
paths for execution. However, the performance gain is limited on the dataset, primarily be-
cause the logic behind calling different tools to solve the problem from the dataset is quite

rigid.
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Q: A toy manufacturer receives an order for 400 toys. 5 workers are available to work on the order. 2 of the
workers produce 6 toys an hour, and another 2 workers produce 4 toys an hour. They all work on the order during
their 1@-hour shift, and by the end of their shift the manufacturer still needs another 20 toys to be able to
ship the order. How many toys per hour does the fifth worker produce?
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Figure B.1: Case study comparing Chain-of-Thought and ToolChain* on GSM8K dataset.
We offer comparison in exploration space (upper part) and planning ordering (lower part).
Given the input query, ToolChain* explores a wide range of potential nodes (blue shad-
owed area) in the decision tree, while Chain-of-Thought only explores one direction (red
shadowed area). During the planning process, a chain of thought can fall into a faulty loop
or a dead end with a previous incorrect action. However, ToolChain* can gradually aban-
don the faulty path by increasing the cost after the incorrect action. This enables it to revise
previous actions and jump out of the faulty path to try another plan.
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Q: Alex, Stan, and Adelwolfe are trying to catch them all, Pokemon that is. Together they have caught
339 Pokemon. Alex has caught 5 more than Stan, and Stan has caught 13 less than 4 times as many as
Adelwolfe has caught. How many Pokemon has Stan caught?
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Figure B.2: Case study comparison between Chain-of-Thought and ToolChain* on the
GSMBSK dataset. The exploration space is illustrated in the upper section, and the planning
order is depicted in the lower section. For a given input query, ToolChain* explores an
expansive set of potential nodes (blue) with correct answers, whereas Chain-of-Thought
primarily navigates in a singular direction (red).
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Figure B.3: Additional time efficiency evaluation on ToolBench and GSMS8K. (a) We report
additional average running time in seconds over all instances in the dataset using GPT-
4 backbone. (b) We calculate the average number of valid actions in GSM8K for math
reasoning efficiency analysis. In both cases, ToolChain* shows close efficiency to closed-
loop systems without a tree structure and outperforms other tree-search algorithms in terms
of efficiency.
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Figure B.4: Scaling analysis of ToT-DFS [19], ToT-BFS [19], MCTS [27], and ToolChain*.
(a) Performance and (b) running time on Home Search when scaling up step limitations 7.
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APPENDIX C
ADDITIONAL DETAILS FOR HYDRA

C.1 Dataset and Task Details

We employ the Language Model Personalization (LaMP) benchmark [158], an open-source
benchmark specifically designed to train and evaluate the capability of language models in
generating personalized content. LaMP encompasses a diverse set of tasks (with LaMP-2
comprising two tasks, LaMP-2N and LaMP-2M), covering both personalized text classifi-
cation and generation tasks. We present the statistics of the datasets in Table C.1 to provide
a clear depiction of the dataset structure. We further offer detailed descriptions of each task

as follows.

* Task 1: Personalized News Categorization (LaMP-2N) is a categorical text classi-
fication task that involves classifying news articles into one of 15 categories based on
a journalist. Given an article written by a user, the model predicts its category using

the user’s history of articles and their corresponding categories.

* Task 2: Personalized Movie Tagging (LaMP-2M) is an ordinal text classification
task that involves predicting one of 15 tags for a movie based on a user’s tagging
history. LaMP-2M evaluates the capability of a language model to assign tags to a

movie description using the user’s historical movie-tag pairs.

* Task 3: Personalized Product Rating (LaMP-3) is a text classification task that
involves predicting product ratings as a five-class text classification problem. The
objective is to predict an integer rating from one to five for a given review based on
users’ historical review and rating pairs. This task assesses the capability of language

models to capture user-specific rating preferences.
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* Task 4: Personalized News Headline Generation (LaMP-4) is a text generation
task that involves generating personalized news headlines for given articles based on
the authors’ historical article-title pairs. This task evaluates the language model’s

ability to replicate the authors’ stylistic nuances in headline generation.

* Task 5: Personalized Scholarly Title Generation (LaMP-5) is a text generation
task that involves generating titles for input articles based on the author’s historical
article and title pairs. This task extends the exploration of personalized text gen-
eration into scholarly domains, explicitly focusing on generating titles for research

articles.

LaMP-6 has been excluded since the dataset is not publicly available. Furthermore, two
additional tasks (LaMP-1 and LaMP-7) have been excluded from our empirical evaluation

due to the inconsistent formats between user history and query.

* Personalized Citation Identification (LaMP-1) is a binary text classification task
that involves predicting citation choices. It requires determining which of two can-
didate papers will be cited in a new paper based on a user’s historical publication
data. This process utilizes user profiles that include the titles and abstracts of their
previous works. This task aims to evaluate a language model’s capability to identify

the citation preferences specific to each user.

* Personalized Tweet Paraphrasing (LaMP-7) is a text generation task that involves
paraphrasing an input tweet into a personalized one, using the user’s historical tweet
data for stylistic guidance. This task evaluates a model’s proficiency in reproducing

the unique stylistic patterns in authors’ social media posts.

C.2 Baseline Details

We compare our proposed Hydra with both non-personalized and personalized baselines.

The non-personalized baselines consist of zero-shot gpt—3.5-turbo [43] and ICL-
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Table C.1: Dataset statistics of five different personalization tasks in the LaMP bench-
mark [158].

Task Type # Train # Validation # Test Input Length Output Length # Profiles # Classes
LaMP-2N Classification 5914 1052 1274  65.40 £ 12.29 - 306.42 £ 286.65 15
LaMP-2M Classification 5073 1410 1557  92.39 +21.95 - 86.76 + 189.52 15
LaMP-3  Classification 20000 2500 2500 145.14 +157.96 - 188.10 + 129.42 5

LaMP-4 Generation 12527 1925 2376 30.53 £ 12.67 9.78 £3.10 287.16 £ 360.62 -
LaMP-5 Generation 9682 2500 2500 152.81 +£86.60 9.26 +3.13 89.61 £ 53.87 -

Random (In-Context Learning with Random items from user behavior history). On the
other hand, the personalized baselines include RAG (Retrieval-Augmented Personaliza-
tion) and PAG (Profile-Augmented Personalization). k denotes the number of retrieved
items from the user behavior history (or profiles). For all baselines, we follow the same
prompt template in the LaMP benchmark [158] and employ gpt-3.5-turbo (1106)
as the backbone black-box LLM. We utilize BM25 [73] as the default retriever for all ex-

periments.

gpt-3.5-turbo [43] processes only the user’s query (i.e., the input question) without

leveraging the user’s profile data.

* ICL-Random augments the user’s query with random k items from behavior history,

enabling in-context learning to improve the capability of the original backbone LLM.

* RAG [158] augments the user’s query with top k retrieved items from the corre-
sponding user’s behavior history, following the retrieval-augmented personalization

method in LaMP.

* PAG [162] augments the user’s query with the user’s profile summary generated
by LLMs (gpt-3.5-turbo) which concludes the user’s behavior patterns. We
further combine PAG with £ retrieved items from the corresponding user’s behavior

history.
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C.3 Implementation Details

Hardware and Software. We conduct all black-box LLM personalization experiments on
CPU: AMD(R) EPYC(R) 7702 64-Core Processor @ 1.50GHz and GPU: NVIDIA A100-
SXM4-80GB using Python 3.10.13.

Hyperparameter Configurations. We set the maximum sequence length for a gen-
erated solution as 512 tokens and the temperature as 1.0 for flexibility in the generations
of black-box LLMs, which serve as potential solution candidates. For other baselines, we
maintain the temperature to 0 to avoid potential instability in performance. During the
black-box LLM adaption stage, we set b = 8 for the generation of intermediate candidates
using Hydra-Adapter. During the training stage, we set the learning rate to 2e — 5, the
global batch size to 64, and the number of training epochs to 2 as default hyperparameter
settings for all experiments. In addition, we employ AdamW [172] as the optimizer with a

weight decay of 0.01.

C.4 Additional Experimental Results and Analysis

C.4.1 Additional Analysis of Baselines in the Main Experimental Results

We conduct further analysis of the main experimental results of dominant approaches for
black-box LLMs, specifically prompt-based methods, including RAG and PAG. Compared
to the zero-shot setting in gpt-3.5-turbo [43], even a random selection of historical
records from user behavior or profiles enhances the model performance in most tasks, sug-
gesting that personalization contributes to improved performance with black-box LLMs.
However, we also observe several instances of less optimal performance, particularly in
LaMP-3. We hypothesize that this inconsistency may arise from the introduction of noise
and irrelevant behavior patterns by the retrieved items, potentially complicating the under-
standing of user behavior patterns. Additionally, both RAG [158] and PAG [162] demon-

strate marginal improvements over random selection, which may benefit from augment-
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ing relevant behavior or profile information. The experimental results also consistently
demonstrate that an increase in the number of retrieved items is positively correlated with
improved performance, indicating the effectiveness of the retrieval-augmented framework
in black-box LLM personalization. However, in comparison to Hydra, RAG- and PAG-
based methods still yield suboptimal results. This is primarily attributed to the presence of
potentially noisy and irrelevant retrieved behavior patterns, as well as the absence of shared

general knowledge across the entire user group.

C.4.2 Additional Experimental Details for Sacle-up Analysis

Figure C.1 reports additional experimental results of Hydra in accuracy and F-1 with differ-
ent numbers of selected history per user, indicating the robustness of Hydra with additional

user history.

|l . 2 | | |k . 2 . 4 | |k | __vi . 4 s 38

Metrics

Acc F-1 MAE RMSE

(a) LaMP-2N (b) LaMP-3 (c) LaMP-4

Rouge-1 Rouge-L

Figure C.1: Effect of users with different numbers of behavior history in Hydra.

C.4.3 Additional Experimental Details for User Behavior Shift

Following the setup of existing work [148], we utilize an encoder-only language model
called DeBERTa-v3 [173] to encode the user’s historical behaviors and the query into high-
dimensional representations. We then compute the cosine similarity between the query and
all historical items to evaluate their relevance. We select the top 20 items with the lowest
relevance scores as irrelevant user history. As depicted in Figure 4.5, our proposed Hydra
still outperforms the state-of-the-art baselines. This performance improvement may stem

from the personalized reranker, which reranks the candidates based on their usefulness
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rather than just relevance. Additionally, the personalized adapter also adapts the model’s
generations to align with user preferences. In addition, prompt-based methods tend to
underperform when there is a distribution shift between the few-shot demonstrations and
user queries. This issue can become even more severe under personalized scenarios, where

there might be a mismatch between the selected user history and the user query.

C.4.4 Effect of Retrievers

We investigate the effect of different retrievers in Table C.2. Under the black-box LLM per-
sonalization scenario, dense retrievers that capture semantic relevance (e.g., Contriever [174])
achieve similar performances to sparse retrievers (e.g., BM25 [73] in Table 4.1), which is

aligned with observations in the existing works [159].

Table C.2: Additional experimental results with Contriever [174] as the retriever (k=4).

Dataset (—) LaMP-2N LaMP-3 LaMP-4

Method () Acc.t F-11 MAE] RMSE| R-11 R-L+ BLEU{

ICL-Random 0.660 0.288 0.560 0917 0.163 0.148 0.159
RAG 0.680 0.293 0.540 0.883 0.179 0.152 2.082
Hydra 0.800 0.414 0.380 0.730 0.189 0.173 2.501

C.4.5 Effect of Black-Box LLM Adapters

We evaluate the effectiveness of different black-box LLM adapters in Table C.3. Due to
the inaccessibility to model internal parameters, BBox-Adapter is the only black-box LLM
adapter available, apart from our proposed Hydra-Adapter. Based on Table C.3, it can
be observed that Hydra-Adapter outperforms BBox-Adapter when applied under the same
personalization settings (as discussed in Section subsection 4.3.4). This result demon-
strates the effectiveness of our adapter module design, which captures both global and

user-specific knowledge to further adapt to personalized model outputs.
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Table C.3: Effect of different black-box LLLM adapters (k=4).

Dataset (—) LaMP-3 LaMP-4 LaMP-5

Method (}) MAE | RMSE| R-11 R-L+ BLEUT R-11 R-L+ BLEU?

Personalized BBox-Adapter [138] 0.540  0.860 0.151 0.135 1.285 0.394 0.337 5.478
Hydra-Adapter 0420 0.762 0.145 0.118 1.137 0.409 0.355 5.816

Table C.4: Experiments on two additional personalization datasets, MovieLens-1M and
Recipe, focusing on predicting users’ personal ratings for movies or recipes based on their
historical rating patterns.

Dataset (—) MovieLens-1M Recipe

Method (|) MAE | RMSE | MAE | RMSE |

gpt-3.5-turbo 0.780 1208 0.880  1.149

ICL-Random (k=1) 0.880 1.2649 0.960  1.233
ICL-Random (k=2) 0.800  1.095 0.980  1.192
ICL-Random (k=4) 0.820 1.225 0.760 1.114

RAG (k=1) 0.800 1.166 0980  1.192
RAG (k=2) 0.700  1.030 0.880 1.114
RAG (k=4) 0.640 1.000 0.820  1.049
PAG (k=0) 0.820 1.147 0.860  1.128
PAG (k=1) 0.760 1.010 0.800 1.063
Hydra 0.600 0.908 0.720 0.938

C.4.6 Additional Datasets

To further validate the effectiveness of HYDRA, we conduct extensive experiments on two
additional widely used personalization datasets [175], MovieLens-1M and Recipe, focus-
ing on predicting users’ personal ratings for movies or recipes based on their historical rat-
ing patterns. The experimental results (Table C.4) demonstrate that HYDRA outperforms

the best-performing baselines by 8.0% on Movielens and 10.3% on Recipe, respectively.

C.4.7 Efficiency Analysis

Assume that we have N, users in the training data and N users in the test set. We
adopt the transformer architecture, specifically the Longformer-base, as the reranker and
the adapter base models. Consequently, the time complexity of all stages should be propor-

tional to that of the attention mechanism in transformers, O(dL?), where L indicates the
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Table C.5: Time complexity analysis with running time summary on the LaMP benchmark.

Method Mode Time Complexity LaMP-2N LaMP-2M LaMP-3 LaMP-4 LaMP-5

Hydra-Reranker  Training ~ O(Nyin(M2 +1)TL2d) 31ml10s  4Ilm51s  50m37s 1hlm31s 1h8ml6s
Hydra-Reranker Fit New User O(N[esl(M2 + 1)TL2d) 18m8s 21ml17s  25m36s 33m52s  31m25s

Hydra-Reranker  Inference O(N(estLQd) 3mds 3mls 3m7s 4m38s S5ml4s
Hydra-Adapter Training O(Nm\inkH TL? d) 1h10m17s 2h2ml16s 2h1m59s 3h56m47s 3h19m42s
Hydra-Adapter Fit New User O(NmtkHTLQd) 28m15s 1h7m27s 1h19s  2h23m10s 1h59m2s
Hydra-Adapter Inference O(Nles[kL2 d) 4m16s 4m17s 4m17s 5m53s 5m59s

sequence length and d indicates the hidden dimension. Additionally, the training process
will go through the transformer for 7" epochs, while inference only requires one. For each
user in the HYDRA-Reranker training data, we augment M random historical records from
the user’s corresponding profile. The retriever then retrieves the top-M (M = 20 by de-
fault) relevant historical records to form training samples. Thus, for each user, we collect
M? + 1 training samples. For each user in the HYPER-Adapter training data, we consider
all the user historical records. For each record, we leverage model randomness to generate
k (k = 8 by default) samples for the adapter to select. Consequently, we can have Hk

training samples per user, where [ denotes the average number of histories per user.

C.4.8 Error Analysis

We identify three common error types observed in the reranker that account for most gen-
eral errors: (1) Saturated Scores: These errors occur when the ranker outputs overconfi-
dent scores (near 1.0) regardless of different inputs. Consequently, it becomes challenging
to distinguish the best output as the differences among the scores are minimal. (2) Incor-
rect Scores: These errors arise when the ranker assigns higher scores to less relevant terms.
As a result, the likelihood of selecting the most suitable samples decreases, leading to sub-
optimal generation. (3) Divergent Scores: These errors occur when the ranker exaggerates
the differences among the inputs. This may be attributed to the inputs being hard samples,
where none of them are closer to the target compared to each other, making it difficult for

the reranker to discern the most appropriate option.
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