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Abstract

The applications of large language models
(LLMs) have expanded well beyond the con-
fines of text processing, signaling a new era
where LLMs are envisioned as generalist agents
capable of operating within complex environ-
ments. These environments are often highly
expansive, making it impossible for the LLM
to process them within its short-term memory.
Motivated by recent research on extending the
capabilities of LLMs with tools, we seek to in-
vestigate the intriguing potential of tools to aug-
ment LLMs in handling such complexity by in-
troducing a novel class of tools, termed middle-
ware, to aid in the proactive exploration within
these massive environments. Such specialized
tools can serve as a middleware layer shield-
ing the LLM from environmental complexity.
In two representative complex environments—
knowledge bases (KBs) and databases—we
demonstrate the significant potential of aug-
menting language agents with tools in complex
environments. Notably, equipped with the mid-
dleware, GPT-4 achieves 2.8 x the performance
of the best baseline in tasks requiring access to
database content and 2.2x in KB tasks. Our
findings illuminate the path for advancing lan-
guage agents in real-world applications. !

1 Introduction

Large language models (LLMs) have demonstrated
a human-like mastery over text (OpenAl, 2023a,b;
Touvron et al., 2023; Jiang et al., 2024). However,
the true ambition of Al extends well beyond the
realm of text. The goal is to ultimately empower
LLMs to act as generalist language agents that can
aid humans across the multitude of complex real-
world tasks (Yao et al., 2022; Schick et al., 2023;
Liu et al., 2023), which often involve handling com-
plex environments, be it browsing complex web-
pages (Deng et al., 2023), managing vast databases
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Figure 1: (left) When an LLM engages with a complex
environment, it can develop an understanding by fitting
the environment’s description (i.e., linearized tokens)
into its short-term memory (i.e., the LLM’s input win-
dow). However, this method encounters drastic scalabil-
ity issues as the complexity of the environment grows.
(right) Another option is to furnish the LLM with a set
of tools that assist it in actively engaging with the envi-
ronment and acquiring the necessary information.

with millions of entries (Li et al., 2023a), or query-
ing huge KBs (Gu et al., 2023).

For LLMs to effectively serve as agents that
ground human instructions accurately within the en-
vironment, they must develop a robust understand-
ing of the environment. The most direct method to
achieve it is to linearize the environment into a se-
quence of tokens that fit into the LLM’s short-term
memory (i.e., its input window) and have the LLM
process the environment based on the linearized
description (Tai et al., 2023; Shridhar et al., 2021;
Liu et al., 2023). However, such a method faces
steep challenges in scaling to more complex envi-
ronments. Also, discrete token descriptions may
not reflect the most natural perception of the en-
vironment. Recent work has explored using tools
to extend the boundary of the LLM’s capacity (Li
et al., 2023b; Qin et al., 2023b; Schick et al., 2023).
The core idea is that LLMs can actively decide a
proper tool to use, using language as a powerful
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vehicle of thought (Su, 2023). Intuitively, we can
also equip the LLM with tools that enable nav-
igating complex environments, so that the LLM
can proactively invoke different tools to explore
the environment, thus circumventing limitations
posed by its short-term memory (Figure 1). How-
ever, this promising paradigm has been thus far
underexplored. In this paper, we aim to delve into
this paradigm and answer an intriguing question:
How effectively can LLMs handle complex envi-
ronments with the aid of tools?

Answering this question requires equipping the
LLM with a suite of tools designed to meet a
wide range of needs within the target environment.
In this paper, we carefully develop such tailored
tools for two exemplar complex environments, i.e.,
databases and knowledge bases (KBs). Unlike read-
ily available Web APIs (Qin et al., 2023b) used in
prior research, our tools have to be manually in-
vented from scratch. In crafting these tools, we
capitalize on the intuition of human information-
gathering behaviors—such as performing keyword
searches to identify a relevant database column or
investigating the connections of a KB entity—to
fulfill complex tasks in these environments (Sec-
tion 3.1). Ideally, these tools are designed to func-
tion as a middleware layer between the LLM and
the environment, shielding the LLM from environ-
mental complexity. With these specialized tools,
we propose two novel schemes to enable the LLM
to more accurately orchestrate its internal reason-
ing and tool usage: error feedback and decou-
pled generation (Section 3.2). The combination of
the crafted tools and the tool-use schemes allows
the LLM to actively explore the environment and
ground human instructions into accurate actions.

We evaluate different LLMs on benchmarks fea-
turing complex tasks over the target environments,
including a newly curated benchmark for the KB.
The results are revealing: LLMs equipped with cus-
tomized tools demonstrate a significant enhance-
ment in their ability to engage with complex envi-
ronments, markedly surpassing the prior art. In
particular, despite its simplicity, such a middleware
layer allows GPT-4 (OpenAl, 2023a) to achieve
2.8 the performance (i.e., 38.3% vs. 13.8%)
of the best baseline in tasks requiring access to
database content and 2.2 (i.e., 59.3% vs. 27.1%)
in KB tasks. Our findings underscore the integral
role of tool augmentation in enabling LLMs to han-
dle complex environments.

Our main contributions are as follows: a) We
develop a new framework with customized tools
for two complex environments, to investigate the
role of tools in handling complex environments
with LLMs; b) We evaluate six different LLMs on
our carefully chosen benchmarks for a comprehen-
sive analysis; ¢) Our analysis highlights a critical
takeaway: augmenting LLMs with tools is crucial
for successfully tackling complex environments,
opening new possibilities to progress LLMs as gen-
eralist language agents for practical applications.

2 Related Work

Interface Complex Environments with LLMs.
Existing methods that feed the environment
directly into the LLM for grounding (Chandu et al.,
2021) would fail in complex environments due
to scalability issues. Specifically, these methods
process the environment by linearizing it into
discrete tokens (Hwang et al., 2019; Shridhar et al.,
2021; Yu et al., 2023; Liu et al., 2023; Tai et al.,
2023; Song et al., 2023). However, linearizing ex-
pansive environments like databases with millions
of entries (Li et al., 2023a) or lengthy webpage
HTML code (Deng et al., 2023) can often exceed
an LLM’s input length constraints. Alternative
studies bypass the LLM’s direct interaction with
complex environments by generating ungrounded
draft plans for post-processing grounding (Li et al.,
2023c; Nie et al., 2023) or by using the LLM
to assess grounded plans created via predefined
rules (Gu et al., 2023). Such strategies do not
fully utilize the LLLMs’ innate reasoning potential
in actively navigating complex environments. In
this paper, we explore a new paradigm where we
can bypass these issues by equipping LLMs with
a suite of comprehensive tools to actively gather
necessary information about the environment upon
demand, leveraging the LLMs’ inherent reasoning
capabilities.

Tool Learning. Tools are essential for enhancing
the capabilities of LLMs (Schick et al., 2023; Qin
et al., 2023a; Mialon et al., 2023; Hao et al., 2023).
Existing research, such as ToolLLM (Qin et al.,
2023b) and API-Bank (Li et al., 2023b), focuses
on open-domain applications with a wide array
of readily available RESTful APIs. In contrast,
this paper specifically aims to study the potential
of tools in augmenting LLMs to effectively exe-
cute tasks within complex environments, where we
carefully craft the specialized tools for different
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environments by ourselves. In addition, research
focusing on RESTful APIs typically displays shal-
low reasoning, while practical tasks within a com-
plex environment typically entail a long sequence
of actions (e.g., querying a KB or browsing a web-
page). To enable tool use in more intricate set-
tings within a more specific complex environment,
StructGPT (Jiang et al., 2023b) employs a prede-
fined sequence of tool invocations; Chameleon (Lu
et al., 2023) functions in an open-loop setting
where the LLM directly produces a sequence for
tool usage before any execution occurs. Both of
them fail to seamlessly integrate the reasoning ca-
pacity of the LLM with the use of tools. In this
paper, we propose two novel schemes—error feed-
back and decoupled generation to more seamlessly
and accurately orchestrate the LLM’s internal rea-
soning and tool usage.

3 Middleware for LLLMs

We equip LLMs with a suite of tools specifically tai-
lored to support an extensive variety of operations
and cater to the diverse needs within a complex
environment £. We call these tools middleware, as
they can serve as a feature-rich middle layer be-
tween the LLM and &, abstracting the LLM from
having to directly interact with all of its intricacies
(Section 3.1). Furthermore, to fully unleash the
inherent reasoning capabilities of LLMs in invok-
ing proper tools, we propose two novel schemes to
enhance tool use accuracy: error feedback, which
provides concrete tool use error information and
expects the LLM to correct the error autonomously,
and decoupled generation, where the LLM’s rea-
soning steps and tool use are separated for better
controllability (Section 3.2). This unified frame-
work allows us to reliably investigate the potential
of LLMs in handling complex environments with
the aid of tools.

3.1 Tools for Complex Environments

To evaluate the potential of LLMs in handling com-
plex environments when equipped with tools, we
need to first carefully craft the necessary tools for
the environments. These tools should meet two
essential criteria: 1) They should offer compre-
hensiveness, encompassing a broad spectrum of
operations and needs. Broad coverage of tools is
crucial for maximizing the potential of LLMs in
planning. 2) The tools should prioritize ease of
use, enabling the LLM to invoke them mostly with

straightforward slot filling, thus shielding the LLM
from the implementation details of the tools.

Databases In production scenarios, databases
typically feature dozens of tables, with each table
containing thousands of rows or more. A key
task in such environments is performing data
analysis through SQL queries. To bridge the gap
between natural language instructions and SQL,
LLMs are employed to automate the generation of
SQL queries (i.e., text-to-SQL parsing (Yu et al.,
2018; Li et al., 2023a)). To support the LLM in
crafting complex SQL queries, we introduce a set
of specialized tools designed for interaction with
intricate databases. These tools are divided into
two main categories: navigational and functional.
Navigational tools help the LLM to explore the
environment (e.g., get_distinct_values() and
find_columns_containing_value()), while
functional tools help check each SQL clause
composed by the LLM. For example, where()
verifies the legality of the WHERE clause and
determines if the specified conditions can match
any entries in the database. In total, we craft
12 tools for databases (Appendix A.1). The
development of these tools is grounded in our
domain expertise in SQL and databases.

KBs Modern KBs, such as FREEBASE (Bollacker
et al., 2008), are vast repositories storing billions
of facts as triples (h,r,t). These KBs cover
a wide array of domains and support complex
information-seeking tasks, including answering
questions that require multi-hop reasoning. To
support the LLM in engaging the extremely mas-
sive KB environments, we also devise a toolset
tailored for KBs. Similarly, tools for KBs also in-
clude navigational tools and functional tools. The
navigational tools facilitate efficient exploration of
the KB by the LLM (e.g., get_relations() and
get_attributes()), while the functional tools
support the LLM in executing precise operations,
such as counting and intersecting two sets (e.g.,
intersection() and count()). Both are criti-
cal for completing complex reasoning tasks on
KB. A key concept in tools for KBs is a vari-
able, representing a set of entities and typically
generated as an intermediate result through the
execution of functions like get_neighbors() or
intersection(). The use of variables facilitates
multi-hop reasoning across KBs, as it enables
the natural linkage of a sequence of tool execu-
tions. In total, we implement 7 tools for KBs
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What is the website that belongs to the category of Pixiv and has a web API of developers.facebook.com? ]

Act 1: get_relations(Pixiv)
Obs 1:

Act 2: get_neighbors (Pixiv, website_category)
Obs 2: variable #0

query the KB to find relations connected to it.
Act 3: get_relations(developers.facebook.com)

Thought 1: T will first query the KB to find relations connected to the entity 'Pixiv’.
[website.owner new, website_ category, website owner]

Thought 2: I might use internet.website.category to find websites that belong to the category of Pixiv.

Thought 3: Now I need to find websites that have a web API of developers.facebook.com. To achieve this, I will

Obs 3: [api.site, api.protocols]
- J
a.error feedback

(a) Jointly decode thought and action

Thought 4: I might use internet.api.site to find websites that have a web API of developers.facebook.com.

Act 4: get_neighbors (#0, api.site)

Obs 4: api.site is not a relation from #0. Please retry.

Thought 5: Apologize for the mistake, I should use developers.facebook.com as the argument for get neighbors.
Act 5: get_neighbors (developers.facebook.com, api.site)

Obs 5: variable #1

b. decoupled generation

(b.1) First decode the thought only

Thought 4: I might use internet.api.site to find websites that have a web API of developers.facebook.com. ]
(b.2) Then predict the action with M ~

Given the thought: I might use internet.api.site to find websites that have a web API of

developers.facebook.com.

Please make a choice from the options below. Specify your choice with an option letter.

Permissible actions:

a. get neighbors (developers.facebook.com, api.site)

b. get_neighbors (developers.facebook.com, api.protocols)

c. Return #0 as the final answer

d. None of the actions corresponds to the thought.

Choose from a, b, c, d

My choice: a
AN J

Figure 2: The LLM is equipped with an array of tools to facilitate its engagement with complex environments (e.g.,
a KB here). (a) The LLM may produce invalid actions (marked in pink). This can be mitigated by prompting it
with an error message that encourages a reattempt (corrected action marked in green). (b) Alternatively, we can
have the LLM first generate a thought, then predict an action based on it in a separate context (marked in blue), and
finally insert the action back to the original context. Text marked in yellow are input from the environment.

(Appendix A.2). Our design of KB tools tightly
adheres to the common needs in knowledge base
question answering (KBQA) (Gu et al., 2021; Cao
et al., 2022).

3.2 Reasoning with Tools

We first choose ReAct (Yao et al., 2022) to serve
as the backbone of our reasoning framework, in
which the LLM can proactively decide which tool
to use based on its own chain-of-thought (Wei et al.,
2022). Based on this backbone, we propose two
novel schemes to improve the accuracy of tool use,
which is critical for complex tasks where successful
tool use necessitates careful tool selection and pre-
cise argument assignment. Unlike existing methods

relying on human-defined workflows that follow
fixed-order tool usage (Jiang et al., 2023b), our
framework allows the LLM autonomy in proac-
tively determining tool selection using CoT.

Formally, at each step ¢, the LLM makes predic-
tions following a policy that maps a current context
to an output: 7 : ¢; — G4, Where

¢t = (G1,01-+ ,a4-1,0¢—1)

ar =1 D ay

a; is the concatenation of a rationale r; (i.e., a
thought in CoT) and a concrete tool use a; (e.g.,
in Figure 2, a; is the concatenation of Thought 1
and Act 1), while o; is an observation from the
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environment (i.e., the execution result of a;). In
ReAct, the LLM jointly decodes a; based on ¢; for
each step. However, originally designed for sim-
pler tools like the Wikipedia Search API, the naive
ReAct framework is more susceptible to producing
an invalid a; that is unfaithful to r, when applied to
more nuanced tool usage. We propose two simple
strategies to remedy this issue. The first strategy is
to simply amplify ReAct by providing detailed er-
ror feedback in case of incorrect tool usage by the
LLM, followed by a prompt to retry based on these
messages (see Figure 2(a)).? This relies on the
LLM'’s capacity for self-correction through feed-
back (Gou et al., 2023; Chen et al., 2023), which
may not always be reliable when the underpinning
LLM is weak, potentially leading to the repetition
of the same mistakes (Guan et al., 2023). Addition-
ally, we present decoupled generation, where the
LLM’s policy 7 is split into two sequential phases
(i.e., ™ o< 71 o m3), allowing for more nuanced con-
trol of its actions. Initially, the LLM only decodes
a thought r following 71 (r¢|c;). Subsequently, the
LLM predicts an action a; in a separate context,
incorporating both the thought r, and a set of sim-
ple rules M that determines permissible actions of
this step. This is further guided by 7o, formulated
as a; ~ ma(a¢|ry, M). M encapsulates the gov-
erning rules of the environment (e.g., the relation
argument for get_neighbors() must be derived
from the output of get_relations(), which is ap-
plied to the specified entity argument in prior steps),
infusing prior knowledge into the LLM’s decision-
making process (see Figure 2(b)). The concrete
prompts used by us are shown in Appendix C.

4 Benchmarks

The predominant tasks for databases and KBs are
text-to-SQL parsing and KBQA. However, popular
benchmarks for them may fall short for evaluating
language agents out-of-box. Specifically, the ma-
jority of questions in popular KBQA datasets like
WEBQSP (Berant et al., 2013; Yih et al., 2016)
are one-hop or two-hop questions, for which we
can effectively handle with existing semantic pars-
ing methods (Gu et al., 2022). Additionally, the
databases featured in SPIDER (Yu et al., 2018) and
WIKISQL (Zhong et al., 2017) have limited com-
plexity in terms of both schema design and the num-

%For databases, we directly use the error message from
sqlite3. For KBs, we manually define several simple templates
for error feedback along with each tool.

ber of rows in the tables. This over-simplification
enables the direct feeding of the database schema
to the LLM, achieving strong performance with-
out the need to access the actual content of the
database (Rajkumar et al., 2022). Therefore, we
need different benchmarks with complex environ-
ments and instructions that better mirror the real-
world situations language agents must handle (see
statistics of our benchmarks in Appendix B).

Databases For databases, we leverage BIRD (Li
et al., 2023a), which is a recent dataset notable for
its complexity, featuring intricate instructions over
highly complex databases. There are originally
two different settings in BIRD: with and without
oracle knowledge, where the oracle knowledge sup-
plies specific information about the target database
needed to fulfill each task. For instance, “Exclu-
sively virtual refers to Virtual = ‘F’”. With such
oracle knowledge, the complexity of the environ-
ments is substantially mitigated; it offers a shortcut
for the task and eliminates the necessity for deep
engagement with the database. This cheating set-
ting is also unrealistic for practical applications.
As a result, we stick to the setting without ora-
cle knowledge. For each of the 1534 questions in
BIRD’s dev set, we manually label whether access-
ing the database content is necessary to compile
the SQL queries, noting that access is unnecessary
if all mentioned values in a question exactly match
database cells. This facilitates decomposing the
language agent’s performance based on questions
that require deeper database engagement (496 ques-
tions) versus not (1038 questions) and enables fine-
grained insights into the LLM’s performance. In
addition to execution accuracy (EX) used in BIRD,
which determines if the execution results of the pre-
dicted SQL match those of the ground truth SQL,
we also evaluate whether the predicted SQL is a
valid SQL query (VA).

KBs We curate KBQA-AGENT, a new test set
sourcing from existing KBQA datasets that con-
tain complex questions. In particular, we selected
500 diverse questions that involve at least three
relations, or two relations coupled with an aggre-
gation function (i.e., Counting or Superlative).
For each question, we annotate it with a ground
truth sequence of actions based on the toolset
defined by us.> Specifically, KBQA-AGENT
comprises questions from three KBQA datasets

3We leverage the gold S-expressions provided by Gu and
Su (2022).
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Model Req. Cont. (N) Req. Cont. (Y) Overall
EX VA EX VA EX VA
w/ Oracle Knowledge
API Docs Prompt (Rajkumar et al., 2022)
w/ GPT-3.5-turbo 38.1 78.4 32.1 74.6 36.1 77.2
w/ GPT-4 49.5 95.5 41.7 89.9 46.9 93.7
w/o Oracle Knowledge
API Docs Prompt (Rajkumar et al., 2022)
w/ GPT-3.5-turbo’ 30.9 82.9 10.9 80.0 244  82.0
w/ GPT-4 38.2 91.6 13.8 93.1 304 921
StructGPT (Jiang et al., 2023b)
w/ GPT-3.5-turbo 36.2 86.5 8.7 80.8 273  84.7
w/ GPT-4 40.7 93.4 13.5 91.1 31.8 926
MIDDLEWARE (error feedback)
w/ GPT-3.5-turbo 38.8 95.7 19.8 94.7 32.7 954
w/ GPT-4 45.1 98.8 38.3 97.2 429 98.3

Table 1: Results on BIRD’s dev set. Performance of all baselines is obtained under a zero-shot setting. T denotes
the best method w/o oracle knowledge on BIRD’s official leaderboard. The predictions with API Docs Prompt are

directly supplied by the authors of BIRD.

Model Counting Superlative None Overall
F1 VA F1 VA F1 VA F1 VA

Pangu® (Gu et al., 2023)

w/ GPT-3.5-turbo 10.1  100.0 9.0 100.0 234 100.0 18.1 100.0

w/ GPT-4 12.3 100.0 14.2 100.0 35.6 100.0 27.1 100.0
KB-Binder (Li et al., 2023c¢)

w/ GPT-3.5-turbo (20-shot) 0.0 33.7 0.2 19.4 6.7 37.0 4.2 32.8

w/ GPT-4 (20-shot) 7.9 48.3 0.4 28.2 6.0 45.8 5.2 42.6
StructGPT (Jiang et al., 2023b)

w/ GPT-3.5-turbo 4.5 50.6 3.9 51.5 11.4 57.1 8.6 54.8

w/ GPT-4 2.2 37.1 3.9 30.1 11.7 26.3 8.4 29.0
MIDDLEWARE (error feedback)

w/ GPT-3.5-turbo 33.7 70.7 22.0 64.1 23.9 56.8 25.3 60.8

w/ GPT-4 70.7 96.6 39.9 74.5 55.8 74.0 55.1 78.0
MIDDLEWARE (decoupled generation)

w/ GPT-3.5-turbo 48.9 97.7 29.5 88.0 32.1 77.3 34.3 83.0

w/ GPT-4 74.1 98.9 42.6 85.1 61.0 83.6 59.3 85.8

Table 2: Results on KBQA-AGENT. All models are provided with one-shot demonstration except for KB-Binder,
where we provide 20-shot demonstrations for optimal performance. <> indicates our reimplementation of Pangu, as
the original code lacks support for chat models. We assume perfect entity linking for all methods.

on FREEBASE: GRAILQA (Gu et al., 2021),
COMPLEXWEBQ (Talmor and Berant, 2018), and
GRAPHQ (Su et al., 2016), ensuring a wide range
of question types and sources. KBQA-AGENT is
designed to be more representative of challenging,
real-world scenarios compared to existing bench-
marks (Appendix B). It offers an ideal testbed for
evaluating language agents in interacting with mas-
sive KBs. We assess this through two metrics: F1
of answer entities and Validity (VA), a binary met-

ric evaluating the LLM’s ability to find an answer,
whether correct or not.

S Experiments

5.1 Setup

Implementation To concretely instantiate our
tools for the two environments, we employ stan-
dard query interfaces for databases and KBs, specif-
ically SQLite for databases and Virtuoso for KBs.
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Figure 3: The open-source LLMs still largely lag behind GPT-3.5-turbo and GPT-4 in both environments.

We then prompt the LLM with the tool descrip-
tions together with the input task instructions (Ap-
pendix C). Each environment exhibits its own
unique characteristics and challenges. In KBQA,
the arguments for each function are either a variable
or an item from the KB schema (i.e., a relation or an
attribute). In contrast, in text-to-SQL parsing, the
arguments can be more varied, ranging from a part
of a SQL query to a complete query. This makes
listing potential actions, as needed in decoupled
generation, much more complex for text-to-SQL
parsing. Therefore, we implement error feedback
solely for text-to-SQL parsing.

For the underlying LLMs, we primarily com-
pare MIDDLEWARE with baseline methods using
two of the most advanced LLMs—GPT-3.5-turbo-
0613 (OpenAl, 2023b) and GPT-4-0613 (OpenAl,
2023a)—since our goal is investigating the full po-
tential of tool-enhanced LLMs operating within
complex environments. In addition, we also ex-
plore four open-source LLMs to more comprehen-
sively evaluate our framework: Llama2-7B-Chat,
Llama2-13B-Chat (Touvron et al., 2023), Mistral-
7B-Instruct-v0.2 (Jiang et al., 2023a), and Mixtral
8 x7B-Instruct-v0.1 (Jiang et al., 2024).

Baselines To fully understand the potential of tool
augmentation for assisting LL.Ms in handling com-
plex environments, we compare MIDDLEWARE
against an array of strong baselines. For text-to-
SQL parsing, LLMs demonstrate a strong ability
to compose SQL queries when properly prompted
with the database schema (i.e., API docs prompt-
ing (Rajkumar et al., 2022)). This also repre-
sents the current state-of-the-art prompting-based
method when oracle knowledge is not available on
BIRD’s leaderboard. In adddition, we also com-
pare with more baselines on BIRD’s leaderboard
that originally did not submit their results using

Knowledge Bases

@ gpt-3.5-turbo
gpt-4 (Middleware) gpt-4

80

-
L 40 gpt-3.5-turbo (Middieware)

20
0 =
10 50 100 200
Number of Triples
60 Databases
@ gpt-3.5-turbo (API Docs)
== gpt-3.5-turbo (Middleware)
gpt-4 (API Docs)
40 gpt-4 (Middleware)
X
L
’ ;:’—\
0
0 1 5 10

Number of Rows

Figure 4: The customized tools can serve as effective
middleware between the LLM and the environment.

no oracle knowledge (See Appendix D.1). For all
methods on text-to-SQL parsing, we adopt the zero-
shot setting. Unlike text-to-SQL parsing, directly
prompting LLMs does not generate reasonable out-
puts for KBQA due to the massive size of the KB
schema. Instead, existing KBQA methods based
on LLMs typically follow two paradigms: either
first generating an ungrounded program and then
grounding the program to the KB schema after-
wards (Li et al., 2023c¢; Nie et al., 2023), or gradu-
ally constructing a complex program and ground-
ing it step by step (Gu et al., 2023). We compare
MIDDLEWARE with the most representative work
from each paradigm, namely KB-Binder (Li et al.,
2023c) and Pangu (Gu et al., 2023). We also in-
clude StructGPT as an additional baseline for tool
use. For all KBQA methods except KB-Binder, we
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provide a one-shot demo to obtain more meaning-
ful results.

5.2 Main Results

As shown in Tables 1 and 2, equipping LLMs with
customized tools leads to significant improvement
over previous standards, almost doubling or tripling
the performance under multiple metrics. Specifi-
cally, API docs prompting can only feed the schema
information to the LLM due to the vast amount of
database content. As a result, it fails catastroph-
ically on examples that require database content
to compose the SQL query. In contrast, MIDDLE-
WARE equips the agent with tools to actively nav-
igate the database to collect relevant information
for composing a SQL query. As a result, MIDDLE-
WARE significantly closes the gap between perfor-
mance on questions requiring database content and
questions not requiring it when using GPT-4 (i.e.,
45.1% vs. 38.3%). Additionally, we notice that
MIDDLEWARE minimizes the gap between with
and without oracle knowledge from 15.5% to 4.0%
using GPT-4 and 11.7% to 3.3% using GPT-3.5-
turbo. Finally, StructGPT demonstrates a similar
trend to API docs prompting because its tools do
not provide any information about the database
content. For KBQA, MIDDLEWARE demonstrates
uniformly superior performance across different
question types and significantly outperforms Pangu
with both GPT-3.5-turbo and GPT-4. In particular,
when equipped with GPT-4, MIDDLEWARE + de-
coupled generation outperforms Pangu by 32.2%
in F1. As for the other two baselines, KB-Binder
and StructGPT, both fail miserably on our chal-
lenging setting. On the one hand, KB-Binder only
retrieves relations within two hops from the enti-
ties for grounding. However, most questions in
KBQA-AGENT involve more than two relations.
As a result, many of its drafted programs are un-
able to ground, which explains its low VA. On
the other hand, StructGPT is heavily limited by
its constrained toolset and cannot handle complex
questions in KBQA-AGENT. Therefore, Struct-
GPT frequently refuses to provide an answer (as
revealed by its low VA) due to insufficient infor-
mation. The strong performance of MIDDLEWARE
underscores that tools are instrumental for language
agents in complex environments.

Due to the space limit, we provide additional
results in Appendix D.

5.3 Experiments with Open-Source LLLMs

To gain a more thorough insight, we also include
experiments with four open-source LL.Ms ( Fig-
ure 3). Our findings indicate that Llama2 models
generally underperform compared to other LLMs,
aligning with trends observed in other LLM leader-
boards, such as Chatbot Arena (Zheng et al., 2023).
Specifically, we find Llama2 models struggle with
even generating grammatical tool use following
our instruction. On the other hand, Mistral and
Mixtral demonstrate much better performance than
Llama2. In particular, Mixtral represents an ad-
vanced mixture-of-experts model that has demon-
strated superior performance and even surpasses
GPT-3.5-turbo on Chatbot Arena (Zheng et al.,
2023). However, different from answering open-
ended questions, properly engaging with the com-
plex environment demands the language agent to
produce more precise actions that strictly conform
to the task specification. There is still a gap be-
tween Mixtral and GPT-3.5-turbo in terms of pre-
dicting valid actions over complex environments.
Compared to GPT-3.5-turbo, Mixtral tends to out-
put invalid actions more frequently. This also ex-
plains why decoupled generation, where the output
space is strictly constrained to a list of valid actions,
helps weaker models more. With MIDDLEWARE
+ decoupled generation, using Mistral can almost
match the best baseline performance with GPT-3.5-
turbo, and using Mixtral can even match the best
baseline with GPT-4. While stronger models like
GPT-4 can effectively recover the mistake via error
feedback, weaker models tend to benefit more from
decoupled generation.

5.4 Tools as A Middleware Layer

To deepen our understanding of the integral roles
of tools in aiding LLMs in accessing complex envi-
ronments (i.e., KB triples and database rows in our
setup), we conduct further analysis by comparing
MIDDLEWARE with prompting baselines with dif-
ferent amounts of data items directly sampled from
the environment (Figure 4). For the KB, we sam-
ple 10, 50, 100, and 200 triples from FREEBASE
based on the three-hop neighborhood of each en-
tity in a question. These triples are the top-ranked
ones using a sentence-BERT retriever (Reimers and
Gurevych, 2019) based on their similarity with the
input question. We prompt the LLM directly with
these sampled triples and request it to generate an
answer to the given question. Given the extensive

7653



size of FREEBASE, accurately representing the en-
vironment with a mere subset of samples proves
to be exceedingly difficult. Consequently, both
GPT-3.5 Turbo and GPT-4 consistently yield an F1
score close to 0. For the database, we similarly
augment API docs prompting with 1, 5, and 10
sampled rows for each table and evaluate on 100
random questions from BIRD that require accessing
database content. Additionally, we also augment
MIDDLEWARE with the same sampled rows in the
database setting. We observe that including more
database rows initially boosts baseline performance
but eventually decreases it. With MIDDLEWARE,
prompting the LLM with sampled rows yields min-
imal gain, and the standard setting without sampled
rows already significantly outperforms all baselines.
These results further confirm that the LLM, when
augmented with tools, can effectively engage with
complex environments, flexibly gathering the nec-
essary information on demand and bypassing the
limitations on the amount of data it can handle (e.g.,
around 200 triples or 10 rows per table).

6 Conclusion

A pioneering vision is for language agents to assist
humans in tackling intricate real-world tasks. This
paper demonstrates that with meticulously-crafted
tools acting as middleware between LLMs and com-
plex environments, LLMs can substantially exceed
current solutions. Our results spotlight these spe-
cialized tools’ indispensable role in unlocking the
potential of LLMs within complex real-world tasks
previously posing immense challenges.

Limitations

In this paper, we aim to address the compelling
question we posed: how effectively can LLMs han-
dle complex environments with the aid of tools?
We investigate this through evaluations in two ex-
emplary environments: KBs and databases. While
we achieve notable results in these environments, it
is important to acknowledge that implementing cus-
tomized tools for KBs and databases presents fewer
challenges compared to environments without a
straightforward query interface, such as a webpage
or a physical environment. In future work, we plan
to extend MIDDLEWARE across a broader range
of environments, aiming to fully realize the poten-
tial of language agents in complex environments
through the integration of customized middleware
tools.

Furthermore, the tools developed in this study
are soley grounded in our experience. Despite this,
our results already demonstrate the significant po-
tential of augmenting LLMs with customized tools
in complex environments, aligning with the pri-
mary objective of this paper. Nonetheless, to en-
hance performance further, adopting a more princi-
pled strategy for tool design is essential. Addition-
ally, investigating autonomous tool-making meth-
ods (Wang et al., 2024) in complex environments
presents a promising direction for future research.
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Appendices

In this supplementary material, we provide further
details as follows:

get_date_format(table, column)

Returns an example item of the given Date column. This
may help you to better understand the date format in the
column.

Prerequisite: n/a

* Appendix A: Detailed Tool Definitions
* Appendix B: Benchmark Statistics

* Appendix C: Prompts

* Appendix D: Additional Results

search_by_SQL(query)

Executing a SQL query to search the table.
Prerequisite: n/a

A Detailed Tool Definitions

In this section, we detail the descriptions of our
customized tools for both environments. Specifi-
cally, we implement 12 different tools for databases
and 7 different tools for KBs. The tool selection
is carefully made based on our domain knowledge
of these environments. Note that, for databases,

from(from_statement)

Functional tools for databases:

This function specifies the FROM clause, e.g.,
from("FROM tablel") or from("FROM table1 JOIN table2
ON tablel.id = table2.id")

Prerequisite: n/a

we direct prompt the LLM with the DB schema
information in API docs format (Rajkumar et al.,
2022), as a result, our tools focus on helping the
LLM better engage with the database content.

where(where_statement)

This function specifies the WHERE clause,
where("WHERE tablel.id = 1").
Prerequisite: from

e.g.,

A.1 Databases

Navigational tools for databases:

find_columns_containing_value(value)

This function can help to find columns that contain the

select(select_statement)

This function specifies the SELECT clause, e.g., se-
lect("SELECT tablel.id").
Prerequisite: from, where

given cell value, which can help you make better decisions
in decoding the right column to use. Note that, the value
here means cell value in the rows of the column, not the
column name.

Prerequisite: n/a

r

find_columns_containing_value_fuzzy(value)

group_by(group_by_statement)

This function specifies the GROUP BY clause, e.g.,
group_by("GROUP BY tablel.id").
Prerequisite: from, where, select

Sometimes find_columns_containing_cell_value may not
find a column with the exact matched cell value. This
function can help to find columns that potentially contain
the target cell value with fuzzy matching. Note that, the
value here means cell value in the rows of the column, not
the column name.

Prerequisite: n/a

having(having_statement)

This function specifies the HAVING clause, e.g., hav-
ing("HAVING tablel.id = 1").
Prerequisite: from, where, select, group_by

get_distinct_values(table, column)

V

Returns the distinct values in the given column. This may
mainly help you make better decisions in decoding the
right value to use.
Prerequisite: n/a

order_by(order_by_statement)

This function specifies an additional constraint like order-
ing. For example, order_by("ORDER BY tablel.id DESC
LIMIT 3").

Prerequisite: from, where, select

is_value_in_column(table, column, value)

V

Returns whether the given value is in the given column.
You can use this function to better detect the right column
to use.

Prerequisite: n/a

,
\.
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A.2 Knowledge Bases

Navigational tools for KBs:




r

get_relations(variable) -> list of relations

A variable can be either an entity or a set of entities (i.e.,
the result of a previous query). This function helps to
navigate all relations in the KB connected to the variable,
so you can decide which relation is the most useful to find
the answer to the question.

A simple use case can be ‘get_relations(Barack Obama)’,
which finds all relations/edges starting from the entity
Barack Obama.

The argument of get_relations should always be an entity
or a variable (e.g., #0) and not anything else.
Prerequisite: n/a

\

,

get_neighbors(v, r) -> variable

Given a variable, this function returns all entities con-
nected to the variable via the given relation. Note that,
get_neighbors() can only be used after get_relations() is
used to find a set of viable relations.

A simple use case can be ‘get_neighbors(Barack Obama,
people.person.profession)’, which returns the profession
of Obama in Freebase.

Prerequisite: get_relations

~

get_attributes(v) -> list of attributes

This function helps to find all numerical attributes of the
variable. Please only use it if the question seeks for a
superlative accumulation (i.e., argmax or argmin).

Prerequisite: get_neighbors

Functional tools for KBs:

argmax(v, a) -> variable

Given a variable, this function returns the entity with the
maximum value of the given attribute. It can only be
used after get_attributes() is used to find a set of viable
attributes.

A simple use case can be ‘argmax(variable, age)’, which
returns the oldest entity belonging to the variable.
Prerequisite: get_attributes

.

I '

argmin(v, a) -> variable

Given a variable, this function returns the entity with the
minimum value of the given attribute. It can only be
used after get_attributes() is used to find a set of viable
attributes.

A simple use case can be ‘argmin(variable, age)’, which
returns the youngest entity belonging to the variable.
Prerequisite: get_attributes

intersection(vl, v2) -> variable

Given two variables, this function returns the intersection
of the two variables. The two variables must be of the
same type.

Prerequisite: get_neighbors

7

I r

count(v) -> int

Given a variable, this function returns the number of enti-
ties belonging to the variable.
Prerequisite: get_neighbors

B Benchmark Statistics

In Table B.1, we present the statistics of BIRD and
KBQA-AGENT, which we have chosen for our
evaluation. Relative to established benchmarks in
text-to-SQL parsing and KBQA, BIRD and KBQA-
AGENT exhibit significantly greater complexity,
making them more suitable for assessing the capa-
bilities of language agents.

C Prompts

Instructions and demonstrations for using database
tools are shown in Figure C.1. Note that, we also
include the schema information of the database in
API Docs in our prompt, which is not shown here.
This design choice has been a common practice for
text-to-SQL parsing with LLMs (Tai et al., 2023;
Sun et al., 2023). Instructions and demonstrations
for using KB tools are shown in Figure C.2. The in-
struction and demonstration for candidate selection
in decoupled generation for KB is shown in Figure
C.3. Additionally, we also show an example of in-
put we use for our KB experiments in Section 5.4.
For the input used for databases in Section 5.4,
we strictly follow the standard way of prompting
with API docs plus exemplar rows (Li et al., 2023a;
Rajkumar et al., 2022).

D Additional Results

D.1 Comparing with DIN-SQL and
DAIL-SQL

In addition to API Docs Prompt, we also compare
with two strong baselines with their source code
available: DIN-SQL (Pourreza and Rafiei, 2023)
and DAIL-SQL (Gao et al., 2024) from BIRD’s
leaderboard. Note that in their original submission,
they only evaluated under the oracle knowledge
setting. To ensure a fair comparison with MIDDLE-
WARE under the same without oracle knowledge
setting, we adapted their source code to evaluate
without oracle knowledge with minimal changes.
Specifically, some modules in their pipeline design
require several in-context demonstrations, which
we also preserved. Consequently, we use 6-shot
for DIN-SQL and 7-shot for DAIL-SQL, following
their original codebase. In particular, we randomly
sample 100 questions from BIRD’s dev set and
evaluate them on these questions. The results is
presented in Table D.4.

7659



Dataset # Table/DB  # Row/DB % Require Cont.

WIKISQL (Zhong et al., 2017) 1 17 0.0

SPIDER (Yu et al., 2018) 5.1 2K 0.0

BIRD (Li et al., 2023a) 7.3 549K 32.3

(a) Databases
Dataset # Relations/KB  # Triples/KB # Hops % Have Aggr.
METAQA (Zhang et al., 2018) 9 135K 2.1 0.0
WEBQSP (Yih et al., 2016) 19K 3B 1.5 4.9
GRAILQA (Gu et al., 2021) 19K 3B 1.4 18.5
KBQA-AGENT (Ours) 19K 3B 2.9 38.4
(b) Knowledge Bases

Table B.1: Our curated benchmarks more accurately mirror real-world complexity, offering a more effective
assessment of language agents. Aggr. denotes aggregation functions.

Instruction: You are an agent that answers questions based on the info in a database. To achieve this, you need to write the
correct SQL queries step by step. The following functions can help you to better navigate the database.

find columns_containing cell value(value: str) [...]

find columns_containing cell value fuzzy(value: str) [...]
get_distinct values(table: str, column: str) [...]

is value_in column(table: str, column: str, value: str) [...]
get_date_ format(table: str, column: str) [...]

search by SQL(query: str) [...]

oUW N

In addition to these DB-navigation tools, to construct the target SQL query, you MUST use the following functions to construct the
SQL query step by step.

7. from(from statement: str) [...]

8. where (where statement: str) [...]

9. select(select statement: str) [...]

10. group by (group_ by statement: str) [...]
11. having(having statement: str) [...]

12. order by (statement: str) [...]

You can only take ONE action at a time! For each step, you may first state your thought, then take an action following the format of
'"Thought: ... Action: ...".
Make sure that the specified action comes right after 'Action:'.

For example,

Thought: I need to check the distinct values of the column colB in table tabA to help me make better decisions.
Action:

get distinct values (tabA, colB)

Once you think you have gathered enough information, you can construct the SQL query and get the answer. Return your final SQL
query by stating it right after 'Final Answer: ...". Also, please do not include any linebreak (i.e., \n).
e.g., Final Answer: SELECT x FROM tableA

Figure C.1: Instructions for using database tools. Descriptions of tools are omitted.

D.2 Efficiency Analysis results are presented in Table D.2.

We further look into the efficiency (e.g., avg. to-
kens and avg. running time) of different methods
to gain a deeper understanding. For DBs, we com- For KBQA, an ablation experiment for tools
pare MIDDLEWARE with the most straightforward ~ would be trivial as each tool deterministically
single-round baseline API Docs Prompt. For KBs,  contributes to the final KB queries. For example,
we compare MIDDLEWARE with Pangu, as all other ~ removing get_relations or get_neighbors
baselines significantly underperform. The concrete ~ would yield 0% performance on all questions,
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Avg Input Tokens  Avg Time (s) Avg Rounds Perceivable Rows EX (100 questions)

MIDDLEWARE (error feedback) 14257.2 15.5 7.1 00 39.0
API Docs Prompt 1296.8 2.5 1.0 0 12.0
API Docs Prompt (10 rows) 4635.5 2.9 1.0 10 22.0
API Docs Prompt (20 rows) 8459.4 2.9 1.0 20 9.0
(a) Table 1
Avg Input Tokens ~ Avg Time (s) Avg Rounds  Perceivable Triples  F1
MIDDLEWARE (error feedback) 25140.7 22.1 9.8 o) 55.1
MIDDLEWARE (decoupled generation) 23331.8 20.9 9.3 0 59.3
Pangu-Chat 4675.7 67.3 4.5 00 27.1
Direct Prompt (200 triples) 7654.5 3.1 1.0 200 0.8
(b) Table 2

Table D.2: The average running time and input tokens for different methods. Note that, no existing research
addresses the challenge of handling extensive DB content, limiting existing methods to perceiving only a small
number of rows. This is a critical gap in the literature that we aim to fill.

Setting gpt-3.5-turbo-0613  gpt-4-0613
w/ all 14.0 38.0
w/o find_columns_containing_value 14.0 38.0
w/o find_columns_containing_value_fuzzy 12.0 34.0
w/o get_distinct_values 10.0 32.0
w/o is_value_in_column 14.0 36.0
w/o all four 8.0 22.0

Table D.3: Ablation study on different tools used in our DB tasks.

gpt-3.5-turbo-0613  gpt-4-0613

MIDDLEWARE (0-shot) 16.0 39.0
API Doc Prompt (0-shot) 6.0 12.0
DIN-SQL (6-shot) - 22.0
DAIL-SQL (7-shot) 8.0 11.0

Table D.4: Results of more baselines on BIRD w/o ora-
cle knowledge.

while removing count would result in 0% per-
formance on counting questions. As a result,
we only do the ablation experiment for text-to-
SQL parsing. Specifically, we first identify the
top-4 commonly used tools based on GPT-4’s
predictions: find_columns_containing_value,
find_columns_containing_value_fuzzy,
get_distinct_values, and
is_value_in_column. On 50 out of the
previous 100 questions (due to the budget concern),
we show the results in Table D.3. An intriguing
observation is the robustness exhibited when
removing only one tool, owing to the redundancy
built into our tool designs. Nevertheless, when
all four tools were removed, the performance
experienced a substantial decline.
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Instruction: You are an agent that answers questions based on the knowledge stored in a knowledge base. To achieve this, you
can use the following tools to query the KB.

1. get_relations(variable: var) -> list of relations [...]

2. get_neighbors (variable: var, relation: str) -> variable [...]
3. intersection (variablel: var, variable2: var) -> variable [...]
4. get_attributes(variable: var) -> list of attributes [...]

5. argmax (variable: var, attribute: str) -> variable [...]

6. argmin (variable: var, attribute: str) -> variable [...]

7. count (variable: var) -> int [...]

After a variable is produced along the process, you need to judge whether a variable is the final answer to the question. Each variable
is represented as an id starting from 0. For example, #0 is the first variable, #1 is the second variable, and so on.

Once you find the answer, respond with 'Final Answer: #id', where id is the id of the variable that you think is the final answer. For
example, if you think #3 is the final answer, you MUST respond with 'Final Answer: #3'.

You can only take ONE action at a time! After you get the observation from its execution, you can take another action. You can take
at most 15 actions to find the answer to the question.

Question: the bipropellant rocket engine with kerosene and gas-generator cycle is designed by who?
Entities: [Gas-generator cycle, Kerosene]

Thought: I need to first find engines with gas-generator cycle. To achieve this, I will query the KB to find relations connected to the
entity 'Gas-generator cycle' and see if any of them can help me find the answer.

Action: get relations (Gas-generator cycle)

Observation: [spaceflight.rocket engine cycle.rocket engines, spaceflight.satellite.orbiting, spaceflight.rocket stage.fuel,
spaceflight.satellite manufacturer.spacecraft manufactured, automotive.fuel.engines]

Thought: From the above relations, I might use spaceflight.rocket engine cycle.rocket engines to find the engines of Gas-generator
cycle.

Action: get neighbors (Gas-generator cycle, spaceflight.rocket engine cycle.rocket engines)
Observation: variable #0, which are instances of spaceflight.bipropellant_rocket _engine

Thought: I also need to find engines with kerosene. To achieve this, I will query the KB to find relations connected to the entity
'Kerosene'.

Action: get relations (Kerosene)

Observation: [spaceflight.satellite manufacturer.spacecraft manufactured, automotive.fuel.engines,
spaceflight.rocket engine cycle.rocket engines]

Thought: From the above relations, I might use spaceflight.rocket engine cycle.rocket engines to find engines with kerosene cycle.
Action: get neighbors (Kerosene, spaceflight.rocket engine cycle.rocket engines)
Observation: variable #1, which are instances of spaceflight.bipropellant rocket engine

Thought: The engines with both gas-generator cycle and kerosene cycle should be the intersection of variable #0 and variable #1.
Action: intersection (#0, #1)
Observation: variable #2, which are instances of spaceflight.bipropellant_rocket _engine

Thought: Now I need to find who designed such engines, which will be the final answer. To achieve this, I will query the KB to find
relations connected to the variable #2.

Action: get relations (#2)

Observation: [spaceflight.rocket engine.manufactured by, spaceflight.rocket engine.designed by,

spaceflight.rocket engine.design period, spaceflight.rocket engine.status]

Thought: From the above relations, I might use spaceflight.rocket engine.designed by to find the designer of the engines.
Action: get neighbors (#2, spaceflight.rocket engine.designed by)
Observation: variable #3, which are instances of spaceflight.rocket_engine_designer

Thought: #3 is the final answer to the question, which represents the target rocket engine designer.
L Final Answer: #3

Figure C.2: Instructions and a one-shot demonstration for using KB tools. Descriptions of tools are omitted.
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Instruction: Given a thought and a set of candidate actions, your task is to select the most appropriate action that matches the
thought.

Each action is indexed by a letter, and you need to respond with the letter of the selected action, not the action itself, i.e., output My
choice: a, b, ¢, or d.

Demonstrations: Here are several examples,
Example 1

Thought: I need to first find engines with gas-generator cycle. To achieve this, I will query the KB to find relations connected to the
entity 'Gas-generator cycle' and see if any of them can help me find the answer.

Candidate actions:

a.get relations (Gas-generator cycle)

b.get relations (Kerosene)

Make a choice from a, b.

My choice: a

Example 2

Thought: From the above relations, I might use spaceflight.rocket engine cycle.rocket engines to find the engines of Gas-generator
cycle.

Candidate actions:

a.get neighbors (Gas-generator cycle, spaceflight.satellite.orbiting)

b.get neighbors (Gas-generator cycle, spaceflight.rocket stage.fuel)

C.get neighbors(Gas-generator cycle, spaceflight.satellite manufacturer.spacecraft manufactured)
d. get neighbors (Gas-generator cycle, spaceflight.rocket engine cycle.rocket engines)

e.get neighbors (Gas-generator cycle, automotive.fuel.engines)

Make a choice from a, b, c, d, e.

My choice: d

Example 3

Thought: The engines with both gas-generator cycle and kerosene cycle should be the intersection of variable #0 and variable #1.
Candidate actions:

a.get relations (#0)

b.get relations (#1)

c.intersection (#0, #1)

Make a choice from a, b, c.

My choice: ¢

Figure C.3: Prompt for candidate action selection in decoupled generation for KB.

{Instruction : You are an agent that answers questions based on the knowledge stored in a knowledge base. To answer a )
question, you will be provided a set of triples from the KB, each triple is a tuple of (subject, predicate, object), where subject and
object are entities and predicate is a relation between them. Each entity is an id with a prefix of either "m." or "g.". Your task is to
find the entity ids that answer the question. Please return your answer in the following format: Thought: your rationale for the answer
Answer: [a list entity ids that answer the question] (e.g., Answer: [m.05ch8k4])
Question: which song is the longest song of handel: messiah (dublin version, 1742) ?
Entities: [Handel: Messiah (Dublin Version, 1742): m.03xxf2z]
Triples:
m.03xxf2z music.album.artist m.01104hxm
m.03xxf2z music.album.artist m.0398xhp
m.03xxf2z music.album.artist m.03bxh
m.03xxf2z music.album.artist m.024yfpc
m.03xxf2z music.album.artist m.024yfp2
m.03xxf2z music.album.artist g.126s10s66
m.03xxf2z music.album.artist m.024ydfs
m.03xxf2z music.album.artist m.0370kld
m.03xxf2z music.album.artist m.01105vk7
m.03xxf2z music.album.artist g.l2h2ykcbc
. J

Figure C.4: Input for question “which song is the longest song of handel: messiah (dublin version, 1742)?" with 10
triples sampled from the KB, which is used in Section 5.4.
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