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Abstract

As language model agents are applied to real world problems of increasing com-
plexity, they will be expected to formulate plans across large search spaces. If those
plans fail for reasons beyond their control, how well do language agents search
for alternative ways to achieve their goals? To answer this question, we devise a
benchmark where each problem has at least two ways of solving it via distinct com-
binations of function calls. The agent interacts with this environment by searching
for relevant functions from a set over four thousand possibilities. When we disable
a function the agent is calling and communicate an error to that agent via natural
language, we expect it to find backup solutions through trial and error. Overall,
we find that language agents struggle to formulate and execute backup plans in
response to environment feedback. While state-of-the-art models are often able
to identify the correct function to use in the right context, they struggle to adapt
to feedback from the environment and often fail to pursue alternate courses of
action, even when the search space is artificially restricted. We provide a systematic
analysis of the failures of both open-source and commercial models, examining
the effects of search space size, as well as the benefits of scaling model size in our
setting. Our analysis identifies key challenges for current generation models as
well as promising directions for future work.

1 Introduction

Large language models (LLMs) are capable of reasoning and planning through natural language.
As a result, they now form the backbone of autonomous language model agents that follow user
instructions and carry out actions in the real world. Increasingly, these LLM-driven agents are applied
to complex or open-ended tasks, such as navigating the internet or automating tasks across a user’s
computer desktop environment.

Naturally, faults may arise that prevent a plan from working; we categorize faults into two broad
classes: (1) internal errors, which arise from mistakes an agent makes such as passing the wrong
arguments to a function, and (2) external errors that occur for reasons beyond an agent’s control.
As an example of the latter, a flight booking API may not have flights fulfilling the desired criteria,
requiring the LLM agent to try alternate carrier booking APIs. In spite of these obstacles, users
generally expect an agent to complete tasks come hell or high water.2 Prior works have focused
on studying the ability of language agents to correct their own mistakes. In contrast, the effect of
external faults has remained understudied, despite their prevalence in the real world.

∗Equal advising.
2The phrase “hell or high water” denotes an obligation that should be fulfilled regardless of force majeure—

circumstances beyond one’s control.

Preprint. Under review.
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Figure 1: The agent correctly tries to use Func A, but encounters an external error outside its control:
Func A is unavailable. Therefore, it must form a backup plan to use the composition of Func B and
Func C. A full trace can be found in Appendix E

We propose the first benchmark that studies the effect of external errors on language agent per-
formance. Our benchmark satisfies a number of properties that make it suitable for studying this
phenomenon. First, our evaluation consistently places an agent in a situation where the task cannot be
completed without using a backup plan. Secondly, tasks in our benchmark are challenging enough to
require planning, but straightforward enough that a successful backup plan can be found by interacting
with the environment. Furthermore, to actually measure the inherent capabilities of language agents,
our tasks are novel relative to the LLM pre-training data, avoiding solutions based on memorized
behaviors. Finally, solutions are easily evaluated based on functional correctness—an agent’s answer
must match a gold solution. To satisfy this last requirement, we avoid relying on LLM verification to
avoid potential biases and to facilitate reproducibility, and instead employ human-curated datasets
where functional correctness can be automatically checked.

Figure 1 shows an example problem from the benchmark developed as part of this work. Given a
question and access to a library of functions for querying and manipulating the relevant knowledge
bases, the language agent must formulate a plan—a sequence of one or more function calls—and
execute it to obtain the correct answer. Doing so involves not only formulating queries to retrieve the
appropriate functions, but also calling these in the right order and with the right arguments. When the
language agent executes a function, it is interacting with an external environment, which can respond
in unexpected ways. Upon receiving unexpected feedback from the environment (e.g., if the function
was called with the wrong arguments, or was unexpectedly disabled), a successful language agent
must react accordingly by adjusting its plan. Our benchmark is constructed such that each question
can be solved in at least two different ways, involving different functions.

In more detail, our proposed benchmark, Hell-or-High-Water, consists of 830 questions and 4450
functions that must be executed in appropriate contexts to obtain the right answer. Our benchmark
creation process is completely automatic, converting text-to-SQL datasets into questions and tools.
To consistently force a model to resort to a backup plan, we construct these functions such that every
question in the dataset can be solved using either of two non-overlapping sequences of function calls.
The first function an agent calls to attempt at solving the problem can be automatically disabled,
while always leaving possible alternatives to arrive at the correct solution. While problems in our
benchmark are straightforward to solve, involving no more than 3 reasoning steps, the presence of
so many functions requires the agent to plan. As agents are calling functions to generate the output,
rather than generating a natural language output, functional correctness is straightforward for this
benchmark.

Using the proposed benchmark, we conduct an extensive empirical study of language model agents
which focuses on the following main questions:
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• Are language agents capable of fault-tolerant planning? All LLMs evaluated have significant
difficulty recovering from unexpected errors, including commercial models such as GPT-4 and
Gemini 2.0.

• How does size of the search space impact fault-tolerant planning? We compare performance in
two distinct settings: (1) when all required functions are included in-context; (2) when the language
model agent must generate search queries to retrieve relevant tools. We find that the need to search
for relevant tools results in significantly harder challenge.

• Is fault-tolerant planning a property of model size? While larger models perform better in terms
of absolute accuracy, all models tested displayed decreased performance in the face of external
errors, suggesting that resilience to such errors benefits weakly from model scaling.

• Can language agents recognize when no solution is available? In cases where all solutions are
disabled (i.e., are present but return a clear error message), we find that different LLMs exhibit
markedly different ability to recognize the lack of feasible solution, with some exhausting their
turn budget.

• What is the impact of question underspecification? In the real-world, users may fail to adequately
express their instructions, leading to underspecification. We find that the degree of question
underspecification does impact results, with disambiguating information significantly helping
certain models.

Reproducibility. Our benchmark will be released to the community, including the data (problems
and functions) and our software framework that enables interacting with a semantic search tool and
safely executing code in a sandboxed environment. Our goal is make it easy for others validate new
LLMs in our framework. Scripts to reproduce our analysis in §4 and §5 will also be made available.

2 Related Work

Real-world planning benchmarks. A variety of benchmarks have previously been proposed to test
LLM capabilities for real-world planning, with varying levels of complexity between benchmarks.
Some, such as API-bank (Li et al., 2023) and ToolQA (Zhuang et al., 2023) specifically test a model’s
ability to plan, retrieve, and call a tool in a single step. Others, such as ToolSandbox (Lu et al.,
2024a) and AppWorld (Trivedi et al., 2024) extend those capabilities by adding feedback, allowing
for multi-turn interactive dialogues. TravelPlanner (Xie et al., 2024) requires agents to arrange
a multi-day travel itinerary, which necessarily requires LLM agents to be able to navigate many
multi-step tasks and compose outputs. In our benchmark, we provide multiple distinct solutions for
each question with different levels of complexity: one solution solves the question in a single step,
while the other requires the LLM to break the task into subtasks and call the correct function for each.
Having a benchmark with multiple solutions, one of which requires more creativity and reasoning
from the model, allows us to investigate an LLM’s ability to adapt according to feedback. To our
knowledge, prior benchmarks do not provide these types of problems.

Tool use. LLMs with the capability to use tools gain significant advantages, such as access to
specialized knowledge and multimodal functionalities (Qin et al., 2023b). In particular, many systems
have been designed to use tools accessed through APIs. Using APIs remains challenging for LLMs to
use, as LLMs may fail to correctly call an API on the first attempt (Patil et al., 2023; Qin et al., 2023b).
While many methods for creating an agent which can use tools require fine-tuning an LLM (Parisi
et al., 2022; Patil et al., 2023; Qin et al., 2023b; Schick et al., 2023; Yang et al., 2023), modern
LLMs have strong in-context learning abilities that allow for few-shot tool-use (Hao et al., 2023;
Qin et al., 2023a; Lu et al., 2024b). In particular, frameworks such as ReACT (Yao et al., 2023) and
CodeAct (Wang et al., 2024b) use alternating reasoning and action steps to allow LLM agents to
receive feedback and adjust their use of tools accordingly; for instance, receiving an error message
for a failed API call during a reasoning step may result in the model adjusting the call and correctly
using the tool. Multi-step reasoning processes also allows for tool composition when two or more
tools are required: for instance, an agent booking a flight might need to consult both a personal
calendar for available times before filtering a list of flights. This requires an LLM to both break a
task into smaller subtasks and select the correct tool for each subtask. Prior research has shown that
LLMs demonstrate limited capabilities in these situations in comparison to single-tool tasks (Qin
et al., 2023a; Ye et al., 2025; Hosseini et al., 2024).

Self-reflection for planning. As LLMs display increasing reasoning capabilities, prior work has
investigated self-reflection methods which allow LLMs to correct or critique their own responses
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in order to achieve better results (Madaan et al., 2023; Saunders et al., 2022; Tian et al., 2024a).
Self-reflection has also been applied to tool use, as LLMs can use feedback from the tools (e.g.
reasons for failure) to amend their outputs (Du et al., 2024; Gou et al., 2024; Qiao et al., 2023; Wang
et al., 2024a). Using a multi-turn “chain-of-thought” allows a model to use its reasoning ability to
better learn how to call tools (Chen et al., 2023). This is particularly true when there are silent tool
errors, where the tool fails without an error message but produces an incorrect or nonsensical output
anyway. Sun et al. (2024) find that LLMs can frequently detect silent tool errors, for example in
embodied settings with a object detector module, but often fail to recover from them, leading to
cascading errors in multi-tool settings. In contrast, our emphasis is on the ability of LLMs to identify
alternate solutions in large action spaces comprising large numbers of functions.

LLM creativity. Creative problem solving is often broken down into convergent thinking, or finding
a single optimal solution to a problem, and divergent thinking, or coming up with multiple unique
solutions to a problem (Ismayilzada et al., 2024; Lu et al., 2025). Divergent thinking is particularly
important for adaptation to new constraints or environments; LLMs tend to struggle with both.
Previous benchmarks for real-world creative thinking have evaluated on tasks such as escape-room
puzzles (Qian et al., 2024) or real-world object usage (Tian et al., 2024b). While these benchmarks
require creative thinking and compositionality of tools, their settings fall into the narrow category
of physical tool use, preventing their use for assessment of virtual tools requiring API calls. Our
benchmark examines performance with API requests. Aside from having a realistic setting, this has
the advantage of inherent feedback mechanisms such as error message rather than relying on synthetic
feedback in the form of human- or LLM-written descriptions of a fictional real-world setting.

3 Hell-or-High-Water: an Interactive Backup Planning Benchmark

3.1 Task Description

The general workflow for any given problem is as follows. The agent is presented with a description
of the problem and a set of 4450 functions to potentially call. To navigate the large set of functions,
we provide a semantic search tool to find and learn about available functions. If the agent uses the
search tool by generating a query and executing the search tool, it will be provided with a retrieved
set of functions and associated documentation relevant to the search query. The agent can then choose
to either execute observed functions or look for other functions with a revised search query. If the
agent chooses to try any of the observed functions, it must write code to execute those functions.
After the code is executed, the agent observes the output and plans the next action accordingly. We
provide a full trace in §E and more details regarding function search in §A.

In our benchmark, the agent interacts with our environment via the CodeAct framework (Wang et al.,
2024b). CodeAct is an extension of ReAct (Yao et al., 2023), a prompting strategy where a language
agent alternates between verbalized reasoning and taking actions on an environment. In CodeAct,
the actions are concretely defined as executable blocks of code. The workflow is similar to that of
using a Jupyter notebook, where a kernel executes one block of code at a time. By working in the
modality of code, an LLM is theorized to better adhere to logical patterns of thought (Li et al., 2024).
Thus, in our benchmark, each action an agent takes is expressed as a block of code, and each action is
preceded by verbalized rationalization and planning. We view this workflow as blending traditional
tool-use/reasoning approaches with code generation.

Studying external errors. So far we have outlined the agent’s workflow under fault-free conditions.
Recall that the agent must call the available Python functions to complete the task. If we throw errors
during the agent’s workflow, then we create external errors thereby inducing conditions requiring
backup planning. By controlling when and how we throw errors, we can study the effect of external
errors on language agent performance. We describe this process in §A.

3.2 Benchmark Construction

We desire a method to automatically create functions with diverse functionality at scale. For this
purpose, we turn to text-to-SQL datasets which pair natural language instructions with SQL queries
that complete those instructions. In addition to already having instructions which we may reuse,
datasets such as Spider (Yu et al., 2018) offer thousands of unique SQL queries. Additionally, SQL in
these datasets can be queried against actual databases, allowing us to know the expected output for
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Figure 2: Benchmark creation pipeline. The “function sets” refer to groups of functions that together
can be used to solve a given question: one direct solution involving a single function, and one
composition of two or more functions that achieve the same result.

solution verification. Using the Spider dataset, we develop deterministic transformations of SQL to
one or more function calls. This procedure results in a large set of functions with varying numbers of
arguments and return types depending on the underlying SQL commands, which reflect the kind of
diverse functionality that a set of REST API endpoints might provide.

Creating functions from SQL. Using text-to-SQL datasets provides instructions that correspond to
SQL queries. However, our benchmark calls for executable Python functions with inputs and outputs
that an agent may use. At a high-level, we parameterize these SQL queries then wrap them in Python
functions. We first parameterize the queries by substituting literals3 with placeholder variables. This
procedure is performed automatically by converting the SQL command into a parse tree4, where each
node represents an expression (Appendix B.1). To identify literal expressions, we perform depth first
search on the parse tree. DFS yields the nodes of literal expressions in the order they appear-in in the
SQL query, allowing us to replace those nodes with that of a placeholder variable.

By parameterizing the query, we deduce a set of parameters for it. If we wrap the query execution
in a Python function, those parameters can serve as input arguments. The output of these functions
consists of a list of JSON records. Each record is mapping of SQL identifiers to their corresponding
value. In other words, the outputs are a subset of the rows and columns of a database, as specified
by the SQL query it uses. We thus propose a pipeline for converting existing SQL queries into
Python functions that can accept input and produce output. In §B.1 we walkthough an example of
our function creation process.

Function composition. These problem types can be solved by a set of functions {f1, ..., fn}, where
the input to fn is contained wholly in the output of fn−1. Our benchmark creation process is able to
produce problems of this nature. In cases where subqueries are present in the SQL query, we use
our parser to locate and extract the subqueries. Each subquery is converted into tools in the same
manner as before. Instructions in the Spider dataset that are mapped to SQL containing subqueries
can be solved in at least two ways in our benchmark. Our process of creating functions makes at least
three when a subquery is present. Of these three functions, there exist two equivalent combinations
of function calls—one involving the subqueries and the other involving the original parameterized
query (§B.1).

Function documentation. Having created python functions out of SQL queries, we now prompt
a language model5 to create documentation for our tools. We adhere to the documentation format
employed by OpenAI for their language model function-calling feature. This format is chosen
because a growing number of language models (Dubey et al., 2024) have adopted it as their standard
for code generation. Examples of documentation in §C.

Quality control. We removed questions that involved querying empty databases, or otherwise
returned no results when the original Spider SQL query was run. Out of concern for context-length
and the readability of function outputs, we removed questions where the original Spider SQL query

3i.e., values such as names or numbers that are explicitly expressed in the SQL query itself
4We use SQLGlot: https://github.com/tobymao/sqlglot
5hugging-quants/Meta-Llama-3.1-70B-Instruct-AWQ-INT4
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returned an excess of 100 results. To ensure that every problem in our benchmark has a valid
alternative solution, we use the intuition that SQL containing subqueries can be solved in at least two
ways in our benchmark. We filter out all instructions in the Spider dataset that do not correpsond to a
SQL query containing subqueries. After filtering, 413 questions remained. To increase the size of
our benchmark, we augmented the remaining questions, which we describe in Appendix B. After
augmentation, our benchmark includes 922 problems in total.

Dataset statistics. We portion a validation set of 92 examples to perform prompt engineering. This
leaves a test set of 830 examples, each with at least 2 known combinations of function calls that yield
a correct answer. Our benchmark creation process automatically creates a total of 4450 functions. Of
these functions 2160 have no arguments, 1661 have one, 568 have two, 46 have 3, and 15 have 4.

4 Main Experiments

4.1 Experimental Setup

Models. We evaluate a wide range of LLMs in various sizes. Open weight models tested include
Llama-3.1-Instruct, Llama-3.3-Instruct (Dubey et al., 2024), and Qwen-2.5-Instruct (Qwen et al.,
2025). Proprietary models include Gemini-2.0-Flash and GPT-4o. All models were tested using
greedy decoding for consistency. An analysis of the effect of model size on performance is in §5.1.

Evaluation procedure. The models are evaluated by comparing their final prediction to the reference
(human) answer, which is derived deterministically from the underlying SQL. Since the reference
query produces the same output as a correct sequence of function calls, we can verify a solution’s
correctness simply by comparing it to the output of the reference query. In practice, an agent may
provide a solution that is different from but functionally equivalent to the expected solution. For
instance, the agent may choose to give the solution “John Doe” when the expected solution is
[{“Name”: “John Doe”}]. We handle these cases by applying deterministic post-processing to the
final answers, in order to avoid unfairly penalizing models that do not strictly adhere to the expected
type of the output. For each model we report the accuracy and standard error.6

4.2 Main Results

The results for the most difficult version of our benchmark, which requires language model agents
to execute searches to find suitable functions from among thousands of candidates, are reported
in Table 1.

Model External errors (N) External errors (Y) Acc. decrease

Gemini 2.0 (Flash) 71.4± 1.6 41.1± 1.7 42.4%
GPT 4o 60.5± 1.7 38.4± 1.7 36.5%

Llama 3.3 (70b, Instruct) 64.0± 1.7 38.9± 1.7 39.2%
Llama 3.1 (70b, Instruct) 42.3± 1.7 23.3± 1.5 44.9%
Qwen 2.5 (72B, Instruct) 64.1± 1.6 35.3± 1.7 44.9%

Table 1: Functional correctness (accuracy) in the open-world setting where language agents must use
a search function to retrieve relevant tools. All evaluated models exhibit a significant degradation
in performance in the face of external errors.

Discussion. The difference in performance between Llama-3.3 and Llama-3.1 is interesting, since
these models are from the same family and perform quite similarly across certain common benchmark
tasks such as MMLU. However, some of the largest improvements for Llama-3.3 are in instruction-
following capabilities, coding and reasoning capabilities, achieving 92.1 on IFeval (Zhou et al., 2023),
88.4 on HumanEval (Chen et al., 2021), and 77.0 for MATH (Hendrycks et al., 2021) compared to
87.5, 80.5, and 67.8 respectively for Llama-3.1.7 These improvements might partially explain the
difference in performance on our benchmark, which requires robust instruction-following, coding
and reasoning capabilities.

6Standard error here is derived from a bootstrapped confidence interval (0.95) of the accuracy using the
scipy library

7https://www.llama.com/
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Figure 3: Closed world performance with a fixed set of functions provided in the context and no
search tool. We show performance as the number of distractors is varied, both with (True) and without
external errors (False). While fewer distractors corresponds to better performance, the ability to
form a backup plan in the face of external errors decreases as the size of the search space
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Figure 4: The effect of model size on performance, where “True” shows accuracy with forced function
failures and “False” shows accuracy without function failures. Agents consistently perform worse
when external errors are introduced (dashed) regardless of model size.

Closed world experiments. Searching a large set of thousands of candidate functions introduces a
significant challenge, on top of the challenge of forming backup plans. As an ablation of the impact of
search, we experiment with a closed-world setting with a fixed number of functions that are provided
upfront in the context. In these experiments, there is no search tool, and all functions necessary
to address each question are provided, along with a varying number of distractors—extraneous
functions not involved in the solution to the problem but provided in the prompt. These results are
reported in Figure 3. Overall accuracy is significantly higher in this setting, but performance degrades
to levels similar to those of the search setting (under 40% for 34 distractors for Qwen2.5) in the face
of external errors. We note that without distractors (when the number of functions is 3 in the x-axis),
Qwen2.5 suffers only slight degradation from the introduction external errors, suggesting that the
size of the search space plays an important role in the difficulty of our benchmark.

5 Further Analysis

5.1 Does performance scale with size?

We analyze the impact of model size on the ability to find a backup plan. Using the same setup as
described in §4.1 we evaluate two sizes of LLama-3.1-Instruct and 4 sizes of Qwen-2.5-Instruct and
show the results in Figure 4. We find that while absolute model performance tends to improve as
model size increases, the model’s resilience to failure does not, nor does this appear to be an emergent
ability (Wei et al., 2022) of language models. Increasing model size does not address the performance
degradation when agents face external errors, and other methods may be needed to give agents the
ability to find and execute backup plans. For Qwen in particular, we notice a drop in performance
for the 30B parameter model relative to the smaller model; examining the execution traces from this
model, we notice that it has a tendency to ignore instructions regarding the formatting of responses,
which is remedied with further scaling up to 70B.

7



Qwen2.5-72B Llama-3.3-70B
model

0

5

10

15

20

25

tu
rn

s

setting
Distractors only (Y)
Distractors only (N)

Qwen2.5-72B Llama-3.3-70B
model

0

5

10

15

20

tu
rn

s

correctness
False
True

Figure 5: A violin plot showing how many turns the agent takes with only incorrect functions
(Distractors only) and with correct functions included. The two models exhibit markedly different
performance in the Distractors only (Y) setting, with Qwen-2.5-Instruct particularly inclined
to persist with impossible problems.

5.2 Do agents know when to give up?

So far, we have studied the behavior in situations where a correct solution is in principle achievable.
However, in real-world settings, it may not be possible to satisfy a user request. In this experiment,
we analyze the model’s capability to recognize that it cannot solve a problem with the provided
functions. We constrain the agent’s set of possible functions such that it only has access to incorrect
distractor functions, making the problem impossible to solve. Ideally, the agent should give up upon
realizing this problem is impossible. We show the results for this setting in Figure 5. We find that this
is not a clearly exhibited capability for all tested agents. The readiness of a model to give up varies
by model; Llama-3.3-Instruct exhibits significantly more willingness to give up before exhausting the
compute budget, while Qwen-2.5-Instruct generally fails to recognize that it cannot solve the task
with the given functions. Figure 5 also shows the distribution of correct vs. incorrect answers for the
default setting (where the correct functions are provided).

Model External errors (N) External errors (Y) Acc. decrease

Llama 3.3 (70b, Instruct) 54.2± 1.7 36.5± 1.7 32.7%
Qwen 2.5 (72B, Instruct) 71.1± 1.6 47.7± 1.7 32.9%

Table 2: What is the impact of underspecification? This table shows results for two open-weight
models for a modified version of the prompts where additional problem-specific hints are provided
to reduce possible ambiguity (e.g., national elections vs. regional elections). Compared to §4.2,
performance for Qwen is significantly improved, while Llama 3.3 actually performs worse. We
nevertheless observe a significant decrease in performance with the introduction of external errors.

5.3 What if questions are underspecified?

In real-world settings, users may fail to provide sufficient information for a language agent to fulfill
their request. For example, a user may ask a question about election results but fail to specify if they
are asking about regional or national elections. In the context of our benchmark, we can control the
degree of context included with each prompt to vary the amount of uncertainty for each question,
and study the behavior of different LLMs under different degrees of uncertainty. The results from
including additional disambiguating information to each question are provided in Table 2.

6 Discussion and Conclusion

Main findings. We find that language agents are not able to reliably incorporate feedback from the
environment and identify backup plans. In the context of our benchmark, this is surprising for two
main reasons. First, the instructions provided to the language agents explicitly mention the possibility
of failure, and when such a failure occurs, the feedback from the environment is quite explicit (e.g.,
“Function A is disabled. Please find another solution.”). Second, our comparisons include LLMs
which are specifically developed for applications such as the ones studied in this paper. For example,
Google Gemini 2.0 features “action-capabilities, [...], long context understanding, complex instruction
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following and planning, compositional function-calling,”8 but, while it performs best among the
LLMs we compare—performing 11 points better than GPT-4o in the no failure setting—Gemini 2.0
still has a sharp drop in accuracy when forced to explore alternate solutions. Model scale also does
seem to matter; in the category of open-weight models, the 70B parameter configurations perform
drastically better than smaller ones.

Future work. Why are language agents unable to adapt effectively to unexpected feedback? Our
analysis uncovers some common issues among LLMs. Since our benchmark involves new functions,
the biases of the language agents may be quite harmful due to the need to adapt to novel situations.
For example, Figure 5 shows markedly different behavior for two otherwise similar models, which
may suggest that training biases are overriding the behavior of the model, even when faced with
clear-cut feedback from the environment. It would also be interesting to explore whether recent
thinking/reasoning models display improved fault-tolerance. Our preliminary experiments with
thinking models suggested that they may require different prompting strategies; however, their
increased cost precluded a more detailed analysis.

Limitations. For dataset creation, our work builds on the Spider text-to-SQL benchmark (Yu et al.,
2018). Although Spider has been relatively widely used and has undergone improvements and
revisions, we find that it is imperfect and contains instances of under-specified questions, as well
as data quality issues such as empty tables, which we had to manually filter out. Nonetheless, by
basing our benchmark on human-generated source data, we can verify if generated answers match the
reference without being prescriptive about the solution, which is important for our research questions.
As previously mentioned, we find that the studied LLMs can be sensitive to the prompt specification.
Therefore, we use an established prompting framework based on ReAct, but we acknowledge that
further LLM-specific prompt design could improve the performance of specific LLMs. We hope that
our work motivate future work in improving the fault-tolerance of LLMs, via prompt design or more
fundamental training changes.

References
Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde de Oliveira Pinto, Jared

Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, Alex Ray, Raul Puri,
Gretchen Krueger, and Michael Petrov et al. Evaluating large language models trained on code,
2021. URL https://arxiv.org/abs/2107.03374.

Zhipeng Chen, Kun Zhou, Beichen Zhang, Zheng Gong, Wayne Xin Zhao, and Ji-Rong Wen. Chatcot:
Tool-augmented chain-of-thought reasoning on chat-based large language models. arXiv preprint
arXiv:2305.14323, 2023.

Yu Du, Fangyun Wei, and Hongyang Zhang. Anytool: Self-reflective, hierarchical agents for
large-scale api calls, 2024. URL https://arxiv.org/abs/2402.04253.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, ..., Zhiwei Zhao, et al. The llama 3 herd of
models, 2024. URL https://arxiv.org/abs/2407.21783.

Zhibin Gou, Zhihong Shao, Yeyun Gong, Yelong Shen, Yujiu Yang, Nan Duan, and Weizhu Chen.
Critic: Large language models can self-correct with tool-interactive critiquing, 2024. URL
https://arxiv.org/abs/2305.11738.

Shibo Hao, Tianyang Liu, Zhen Wang, and Zhiting Hu. Toolkengpt: Augmenting frozen language
models with massive tools via tool embeddings. arXiv preprint arXiv:2305.11554, 2023. URL
https://arxiv.org/abs/2305.13252.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn Song,
and Jacob Steinhardt. Measuring mathematical problem solving with the math dataset. arXiv
preprint arXiv:2103.03874, 2021.

Arian Hosseini, Alessandro Sordoni, Daniel Toyama, Aaron Courville, and Rishabh Agarwal. Not all
llm reasoners are created equal, 2024. URL https://arxiv.org/abs/2410.01748.

8Gemini 2.0 blog post

9

https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2402.04253
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2305.11738
https://arxiv.org/abs/2305.13252
https://arxiv.org/abs/2410.01748
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024/##gemini-2-0


Mete Ismayilzada, Debjit Paul, Antoine Bosselut, and Lonneke van der Plas. Creativity in ai:
Progresses and challenges, 2024. URL https://arxiv.org/abs/2410.17218.

Chengshu Li, Jacky Liang, Andy Zeng, Xinyun Chen, Karol Hausman, Dorsa Sadigh, Sergey Levine,
Li Fei-Fei, Fei Xia, and Brian Ichter. Chain of code: Reasoning with a language model-augmented
code emulator, 2024. URL https://arxiv.org/abs/2312.04474.

Minghao Li, Feifan Song, Bowen Yu, Haiyang Yu, Zhoujun Li, Fei Huang, and Yongbin Li. Api-bank:
A benchmark for tool-augmented llms. Conference on Empirical Methods in Natural Language
Processing (EMNLP), 2023. URL https://aclanthology.org/2023.emnlp-main.187/.

Jiarui Lu, Thomas Holleis, Yizhe Zhang, Bernhard Aumayer, Feng Nan, Felix Bai, Shuang Ma,
Shen Ma, Mengyu Li, Guoli Yin, et al. Toolsandbox: A stateful, conversational, interactive
evaluation benchmark for llm tool use capabilities. arXiv preprint arXiv:2408.04682, 2024a. URL
https://arxiv.org/abs/2408.04682.

Yining Lu, Haoping Yu, and Daniel Khashabi. GEAR: augmenting language models with generaliz-
able and efficient tool resolution. In Conference of the European Chapter of the Association for
Computational Linguistics (EACL), 2024b. URL https://arxiv.org/abs/2307.08775.

Yining Lu, Dixuan Wang, Tianjian Li, Dongwei Jiang, and Daniel Khashabi. Benchmarking language
model creativity: A case study on code generation. In Conference of the North American Chapter
of the Association for Computational Linguistics (NAACL), 2025. URL https://arxiv.org/
abs/2407.09007.

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler Hallinan, Luyu Gao, Sarah Wiegreffe, Uri
Alon, Nouha Dziri, Shrimai Prabhumoye, Yiming Yang, Shashank Gupta, Bodhisattwa Prasad
Majumder, Katherine Hermann, Sean Welleck, Amir Yazdanbakhsh, and Peter Clark. Self-
refine: Iterative refinement with self-feedback. In Advances in Neural Information Processing
Systems (NeurIPS), 2023. URL http://papers.nips.cc/paper_files/paper/2023/hash/
91edff07232fb1b55a505a9e9f6c0ff3-Abstract-Conference.html.

Aaron Parisi, Yao Zhao, and Noah Fiedel. Talm: Tool augmented language models. arXiv preprint
arXiv:2205.12255, 2022.

Shishir G. Patil, Tianjun Zhang, Xin Wang, and Joseph E. Gonzalez. Gorilla: Large language model
connected with massive apis, 2023. URL https://arxiv.org/abs/2305.15334.

Cheng Qian, Peixuan Han, Qinyu Luo, Bingxiang He, Xiusi Chen, Yuji Zhang, Hongyi Du, Jiarui
Yao, Xiaocheng Yang, Denghui Zhang, Yunzhu Li, and Heng Ji. Escapebench: Pushing language
models to think outside the box, 2024. URL https://arxiv.org/abs/2412.13549.

Shuofei Qiao, Honghao Gui, Huajun Chen, and Ningyu Zhang. Making language models better
tool learners with execution feedback. arXiv preprint arXiv:2305.13068, 2023. URL https:
//arxiv.org/abs/2305.13252.

Yujia Qin, Shengding Hu, Yankai Lin, Weize Chen, Ning Ding, Ganqu Cui, Zheni Zeng, Yufei
Huang, Chaojun Xiao, Chi Han, et al. Tool learning with foundation models. arXiv preprint
arXiv:2304.08354, 2023a. URL https://arxiv.org/abs/2304.08354.

Yujia Qin, Shihao Liang, Yining Ye, Kunlun Zhu, Lan Yan, Yaxi Lu, Yankai Lin, Xin Cong, Xiangru
Tang, Bill Qian, Sihan Zhao, Lauren Hong, Runchu Tian, Ruobing Xie, Jie Zhou, Mark Gerstein,
Dahai Li, Zhiyuan Liu, and Maosong Sun. Toolllm: Facilitating large language models to master
16000+ real-world apis, 2023b. URL https://arxiv.org/abs/2307.16789.

Qwen, :, An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei Zhang,
Jianxin Yang, Jiaxi Yang, Jingren Zhou, Junyang Lin, Kai Dang, Keming Lu, Keqin Bao, Kexin
Yang, Le Yu, Mei Li, Mingfeng Xue, Pei Zhang, Qin Zhu, Rui Men, Runji Lin, Tianhao Li, Tianyi
Tang, Tingyu Xia, Xingzhang Ren, Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang, Yu Wan,
Yuqiong Liu, Zeyu Cui, Zhenru Zhang, and Zihan Qiu. Qwen2.5 technical report, 2025. URL
https://arxiv.org/abs/2412.15115.

10

https://arxiv.org/abs/2410.17218
https://arxiv.org/abs/2312.04474
https://aclanthology.org/2023.emnlp-main.187/
https://arxiv.org/abs/2408.04682
https://arxiv.org/abs/2307.08775
https://arxiv.org/abs/2407.09007
https://arxiv.org/abs/2407.09007
http://papers.nips.cc/paper_files/paper/2023/hash/91edff07232fb1b55a505a9e9f6c0ff3-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2023/hash/91edff07232fb1b55a505a9e9f6c0ff3-Abstract-Conference.html
https://arxiv.org/abs/2305.15334
https://arxiv.org/abs/2412.13549
https://arxiv.org/abs/2305.13252
https://arxiv.org/abs/2305.13252
https://arxiv.org/abs/2304.08354
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2412.15115


William Saunders, Catherine Yeh, Jeff Wu, Steven Bills, Long Ouyang, Jonathan Ward, and Jan
Leike. Self-critiquing models for assisting human evaluators, 2022. URL https://arxiv.org/
abs/2206.05802.

Timo Schick, Jane Dwivedi-Yu, Roberto Dessı̀, Roberta Raileanu, Maria Lomeli, Luke Zettlemoyer,
Nicola Cancedda, and Thomas Scialom. ToolFormer: language models can teach themselves to use
tools. arXiv preprint arXiv:2302.04761, 2023. URL https://arxiv.org/abs/2302.04761.

Jimin Sun, So Yeon Min, Yingshan Chang, and Yonatan Bisk. Tools fail: Detecting silent errors
in faulty tools. In Yaser Al-Onaizan, Mohit Bansal, and Yun-Nung Chen (eds.), Proceedings of
the 2024 Conference on Empirical Methods in Natural Language Processing, pp. 14272–14289,
Miami, Florida, USA, November 2024. Association for Computational Linguistics. doi: 10.18653/
v1/2024.emnlp-main.790. URL https://aclanthology.org/2024.emnlp-main.790/.

Ye Tian, Baolin Peng, Linfeng Song, Lifeng Jin, Dian Yu, Haitao Mi, and Dong Yu. Toward self-
improvement of llms via imagination, searching, and criticizing, 2024a. URL https://arxiv.
org/abs/2404.12253.

Yufei Tian, Abhilasha Ravichander, Lianhui Qin, Ronan Le Bras, Raja Marjieh, Nanyun Peng, Yejin
Choi, Thomas L. Griffiths, and Faeze Brahman. Macgyver: Are large language models creative
problem solvers?, 2024b. URL https://arxiv.org/abs/2311.09682.

Harsh Trivedi, Tushar Khot, Mareike Hartmann, Ruskin Manku, Vinty Dong, Edward Li, Shashank
Gupta, Ashish Sabharwal, and Niranjan Balasubramanian. AppWorld: a controllable world of
apps and people for benchmarking interactive coding agents. arXiv preprint arXiv:2407.18901,
2024. URL https://arxiv.org/abs/2407.18901.

Boshi Wang, Hao Fang, Jason Eisner, Benjamin Van Durme, and Yu Su. Llms in the imaginarium:
tool learning through simulated trial and error. arXiv preprint arXiv:2403.04746, 2024a.

Xingyao Wang, Yangyi Chen, Lifan Yuan, Yizhe Zhang, Yunzhu Li, Hao Peng, and Heng Ji.
Executable code actions elicit better llm agents, 2024b. URL https://arxiv.org/abs/2402.
01030.

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel, Barret Zoph, Sebastian Borgeaud, Dani
Yogatama, Maarten Bosma, Denny Zhou, Donald Metzler, Ed H. Chi, Tatsunori Hashimoto,
Oriol Vinyals, Percy Liang, Jeff Dean, and William Fedus. Emergent abilities of large lan-
guage models. Transactions on Machine Learning Research (TMLR), 2022. URL https:
//openreview.net/forum?id=yzkSU5zdwD.

Jian Xie, Kai Zhang, Jiangjie Chen, Tinghui Zhu, Renze Lou, Yuandong Tian, Yanghua Xiao, and
Yu Su. Travelplanner: A benchmark for real-world planning with language agents. In International
Conference on Machine Learning (ICML), 2024. URL https://arxiv.org/pdf/2402.01622.

Rui Yang, Lin Song, Yanwei Li, Sijie Zhao, Yixiao Ge, Xiu Li, and Ying Shan. Gpt4tools: Teaching
large language model to use tools via self-instruction. arXiv preprint arXiv:2305.18752, 2023.
URL https://arxiv.org/abs/2305.18752.

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak Shafran, Karthik R. Narasimhan, and Yuan
Cao. React: Synergizing reasoning and acting in language models. In International Conference
on Learning Representations (ICLR), 2023. URL https://openreview.net/pdf?id=WE_
vluYUL-X.

Junjie Ye, Zhengyin Du, Xuesong Yao, Weijian Lin, Yufei Xu, Zehui Chen, Zaiyuan Wang, Sining
Zhu, Zhiheng Xi, Siyu Yuan, Tao Gui, Qi Zhang, Xuanjing Huang, and Jiecao Chen. Toolhop: A
query-driven benchmark for evaluating large language models in multi-hop tool use, 2025. URL
https://arxiv.org/abs/2501.02506.

Tao Yu, Rui Zhang, Kai Yang, Michihiro Yasunaga, Dongxu Wang, Zifan Li, James Ma, Irene
Li, Qingning Yao, Shanelle Roman, Zilin Zhang, and Dragomir Radev. Spider: A large-scale
human-labeled dataset for complex and cross-domain semantic parsing and text-to-SQL task.
In Ellen Riloff, David Chiang, Julia Hockenmaier, and Jun’ichi Tsujii (eds.), Proceedings of
the 2018 Conference on Empirical Methods in Natural Language Processing, pp. 3911–3921,

11

https://arxiv.org/abs/2206.05802
https://arxiv.org/abs/2206.05802
https://arxiv.org/abs/2302.04761
https://aclanthology.org/2024.emnlp-main.790/
https://arxiv.org/abs/2404.12253
https://arxiv.org/abs/2404.12253
https://arxiv.org/abs/2311.09682
https://arxiv.org/abs/2407.18901
https://arxiv.org/abs/2402.01030
https://arxiv.org/abs/2402.01030
https://openreview.net/forum?id=yzkSU5zdwD
https://openreview.net/forum?id=yzkSU5zdwD
https://arxiv.org/pdf/2402.01622
https://arxiv.org/abs/2305.18752
https://openreview.net/pdf?id=WE_vluYUL-X
https://openreview.net/pdf?id=WE_vluYUL-X
https://arxiv.org/abs/2501.02506


Brussels, Belgium, October-November 2018. Association for Computational Linguistics. doi:
10.18653/v1/D18-1425. URL https://aclanthology.org/D18-1425/.

Jeffrey Zhou, Tianjian Lu, Swaroop Mishra, Siddhartha Brahma, Sujoy Basu, Yi Luan, Denny
Zhou, and Le Hou. Instruction-following evaluation for large language models. arXiv preprint
arXiv:2311.07911, 2023.

Yuchen Zhuang, Yue Yu, Kuan Wang, Haotian Sun, and Chao Zhang. Toolqa: A dataset for llm
question answering with external tools. Advances in Neural Information Processing Systems, 36:
50117–50143, 2023. URL https://proceedings.neurips.cc/paper_files/paper/2023/
file/9cb2a7495900f8b602cb10159246a016-Paper-Datasets_and_Benchmarks.pdf.

12

https://aclanthology.org/D18-1425/
https://proceedings.neurips.cc/paper_files/paper/2023/file/9cb2a7495900f8b602cb10159246a016-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/9cb2a7495900f8b602cb10159246a016-Paper-Datasets_and_Benchmarks.pdf


A Additional Task Information

We here provide further context into the task definition discussed in §3.1.

Function search. To allow an agent to explore what tools are available in our environment, we
provide two special functions. The output of each function is observed and processed by the agent
in accordance with CodeAct. The first function, search tools, accepts a search query as input
and returns a list of relevant tool names with a brief description. The number of tools returned can
be specified by the agent. Should the agent wish to learn more about a tool, such as the names of
arguments, it can call the second function get info. This function accepts a tool name as input
and returns the full documentation for the tool, which includes a list of required arguments and a
description of their function. We design our search functions in this way in the hopes of reducing the
number of tokens an LLM must process in context: documentation can contain many tokens, and
therefore it should only be returned if necessary.

Studying external errors (continued). For a given problem we are given knowledge of Fs, or the
set of all functions that can lead to a correct solution. We can replace the first function f ∈ Fs that
the agent tries with a modified version f ′ that always throws an error. With the function f effectively
unusable, the agent must discover and compose the other functions in Fs over the course of solving
the problem.9 We therefore view our method of introducing inexplicable function errors as a means
to study the ability of language agents to find a successful backup plan when their original plan fails
unexpectedly.

B Additional Benchmark Creation Details

We provide further context into the benchmark construction discussed in §3.2.

Function documentation (continued) We provide the language model the code for the function
itself, a brief description of the database it accesses, and two in-context demonstrations. To ensure
the quality of our synthetic documentation, we pass them through a series of unit tests, which include
checks for the presence of important fields and alignment with code. If the generated documentation
fails to pass the checks, the language model has three attempts to correct itself. In practice, we find
that documentation which passes the unit tests is produced for all tools we create.

Names of functions and arguments. LLMs train on large amounts of code during pre-training.
The effects of code seen during pre-training can confound the conclusions of our benchmark—the
agent may rely on memorization of prior examples to complete the task, rather than genuine reasoning.
To control for the effects of previously-seen code in our benchmark, we give un-descriptive names to
tools and their input argument. This way, the purpose of a tool cannot be guessed through its name or
arguments, forcing the agent to consult documentation.

Function composition (continued). While the process of creating Python functions from SQL
subqueries may appear straightforward, deducing the arguments for a function fn based on the outputs
of the previous tool fn−1 is not. Tool outputs take the form of a list of JSONs, but tool inputs in our
benchmark take the form of SQL literals. To reconcile this difference, we extract values from the
JSON list by field name, creating a mapping field name (str) → values (list). This allows
us to set the input arguments for a tool Tn to the fields of the previous fn−1, where the expected input
for each argument is a list of values. This introduces another issue—inputs are Pythonic datatypes,
but the underlying functionality is in SQL. To reconcile the input values of Pythonic datatypes with
the wrapped SQL query, we create a temporary SQL table called scratchpad that loads the input
values to the function. This and other implementation details can be found in an example of a Python
function below.

Data augmentation. Consider the instruction “What are the employee ids of employees
who report to Shelley, and what are their salaries?” This corresponds to the paramter-
ized query SELECT employee id, salary FROM employees WHERE manager id = (SELECT

9Recall that in practice, there will always exist multiple subsets of Fs that lead to a correct solution
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employee id FROM employees WHERE first name = ?). As a byproduct of our automatic
function creation pipeline, we know for certain instructions, the input values for calling the appropri-
ate function are present verbatim in the text (e.g., “Shelley”). We can use this knowledge to alter the
value that appears in the instruction with other values present in the same column of the database. We
can also parameterize the query with these alternative values and run them against the database to
obtain the updated reference solutions. As a result we are able to more than double the size of our
benchmark.

B.1 Function Creation Example

We provide an example for creating executable python functions from SQL commands (discussed in
§3.2).

1. SQL We begin the process of automated Python function creation with a SQL query.

SELECT employee_id, salary FROM employees WHERE manager_id = (SELECT employee_id FROM employees WHERE
first_name = ’Payam’)

2. Parsed SQL We convert the SQL command into a parse tree using SQLGlot (Figure 3.2), where
each node represents an expression:

Select(
expressions=[

Column(
this=Identifier(this=employee_id, quoted=False)),

Column(
this=Identifier(this=salary, quoted=False))],

from=From(
this=Table(

this=Identifier(this=employees, quoted=False))),
where=Where(

this=EQ(
this=Column(

this=Identifier(this=manager_id, quoted=False)),
expression=Subquery(

this=Select(
expressions=[

Column(
this=Identifier(this=employee_id, quoted=False))],

from=From(
this=Table(

this=Identifier(this=employees, quoted=False))),
where=Where(

this=EQ(
this=Column(

this=Identifier(this=first_name, quoted=False)),
expression=Literal(this=Payam, is_string=True))))))))

3. Query Parametrization We parameterize the query by substituting literals with placeholder
variables. This is done deterministically with a depth-first-search for literal type expressions.

Select(
expressions=[

Column(
this=Identifier(this=employee_id, quoted=False)),

Column(
this=Identifier(this=salary, quoted=False))],

from=From(
this=Table(

this=Identifier(this=employees, quoted=False))),
where=Where(

this=EQ(
this=Column(

this=Identifier(this=manager_id, quoted=False)),
expression=Subquery(

this=Select(
expressions=[

Column(
this=Identifier(this=employee_id, quoted=False))],

from=From(
this=Table(

this=Identifier(this=employees, quoted=False))),
where=Where(

this=EQ(
this=Column(
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this=Identifier(this=first_name, quoted=False)),
expression=Placeholder())))))))

We use SQLGlot to convert the modified parse tree back to the following parametrized query:

SELECT employee_id, salary FROM employees WHERE manager_id = (SELECT employee_id FROM employees WHERE
first name = ?)

4. Subquery Decomposition In cases where subqueries are present in the SQL query, we use our
parser to locate and extract the subqueries. Considered in conjunction with the parametrized query
from the previous step, this provides 3 synthesized queries.

SELECT employee_id FROM employees WHERE first_name = ?

SELECT employee_id, salary FROM employees WHERE manager_id = (SELECT * FROM scratchpad)

5. Function Wrapping Having parametrized the queries and identified the potential input argu-
ments, we wrap the queries in a Python function. Note that a SQL query with a single subquery can
be made into 3 functions (function 985, function 986, and function 987). Of these functions,
calling function 987 is equivalent to calling function 985 followed by function 986, assuming
correct input arguments.

def function_985(lambda_sigma: str):
### SETUP ###
# connect to database
db_path = "spider_data/database/hr_1/hr_1.sqlite"
conn = sqlite3.connect(db_path)
cursor = conn.cursor()

### EXECUTE QUERY ###
query = "SELECT employee_id FROM employees WHERE first_name = ?"
args = (lambda_sigma,)
cursor.execute(query, args)
res = cursor.fetchall()
columns = [description[0] for description in cursor.description]
data = [dict(zip(columns, row)) for row in res]
cursor.close()
conn.close()

### HINT ###
if not len(data) or not len([_ for _ in res[0] if _ is not None]):

from difflib import get_close_matches
var_identifiers = {"lambda_sigma": "first_name"}
var_aliases = ["lambda_sigma"]
var_types = {"lambda_sigma": "str"}
var_data = [lambda_sigma]
var_values = dict(zip(var_aliases, var_data))
with open("lookup_table_cache.json", ’r’) as infile:

column_data_lookup = json.load(infile)
for alias, identifier_ in var_identifiers.items():

hint_data = column_data_lookup[’hr_1’][identifier_][’values’]
arg_value = var_values[alias]
if var_types[alias] == ’str’ and arg_value not in hint_data:

hint_data = {string.lower(): string for string in hint_data}
print(f"Could not find entry with ‘{alias}‘ value ’{arg_value}’")
close_matches = get_close_matches(arg_value.lower(), list(hint_data.keys()), n=1, cutoff

=.8)
if close_matches:

print(f"Did you mean ’{hint_data[close_matches[0]]}’ ?")

return data

def function_986(beta_epsilon: list):
### PREPROCESSING ###
# organize input data as list
input_data = [beta_epsilon]
# map identifier aliases to names
identifier_info = {"EMPLOYEE_ID": "beta_epsilon"}
identifier_types = {"beta_epsilon": "list"}
# map identifier names to input data
result_ = dict(zip(identifier_info.keys(), [d if type(d) == list else [d] for d in input_data]))
for identifier_alias, value in zip(identifier_info.values(), input_data):

assert identifier_types[identifier_alias] == str(type(value).__name__), f"Expected {
identifier_types[identifier_alias]} but got {type(value)} for {identifier_alias}"

# transpose result_ into result
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list_length = len(next(iter(result_.values())))
result = []
for i in range(list_length):

temp_record = {}
for identifier, values in result_.items():

temp_record[identifier] = values[i]
result.append(temp_record)

### SETUP ###
# connect to database
db_path = "spider_data/database/hr_1/hr_1.sqlite"
conn = sqlite3.connect(db_path)
cursor = conn.cursor()

# create scratchpad
quotes = "\""
cursor.execute(’DROP TABLE IF EXISTS scratchpad’) # remove scratchpad if it exists
temp_query = f"CREATE TEMPORARY TABLE scratchpad ([{’, ’.join([k for k, _ in result_.items()])}])"
cursor.execute(temp_query)
for temp_record in result:

temp_insert = f’INSERT INTO scratchpad ([{", ".join([k for k, _ in result_.items()])}]) VALUES ({",
".join([quotes + str(val) + quotes if type(val) == str else str(val) for val in temp_record.values()

])});’
cursor.execute(temp_insert)

### EXECUTE QUERY ###
query = "SELECT employee_id, salary FROM employees WHERE manager_id = (SELECT * FROM scratchpad)"
cursor.execute(query)
res = cursor.fetchall()
columns = [description[0] for description in cursor.description]
data = [dict(zip(columns, row)) for row in res]
cursor.close()
conn.close()

### HINT ###
if not len(data) or not len([_ for _ in res[0] if _ is not None]):

from difflib import get_close_matches
var_identifiers = {}
var_aliases = []
var_types = {}
var_data = []
var_values = dict(zip(var_aliases, var_data))
with open("lookup_table_cache.json", ’r’) as infile:

column_data_lookup = json.load(infile)
for alias, identifier_ in var_identifiers.items():

hint_data = column_data_lookup[’hr_1’][identifier_][’values’]
arg_value = var_values[alias]
if var_types[alias] == ’str’ and arg_value not in hint_data:

hint_data = {string.lower(): string for string in hint_data}
print(f"Could not find entry with ‘{alias}‘ value ’{arg_value}’")
close_matches = get_close_matches(arg_value.lower(), list(hint_data.keys()), n=1, cutoff

=.8)
if close_matches:

print(f"Did you mean ’{hint_data[close_matches[0]]}’ ?")

return data

def function_987(lambda_epsilon: str):
### SETUP ###
# connect to database
db_path = "spider_data/database/hr_1/hr_1.sqlite"
conn = sqlite3.connect(db_path)
cursor = conn.cursor()

### EXECUTE QUERY ###
query = "SELECT employee_id, salary FROM employees WHERE manager_id = (SELECT employee_id FROM
employees WHERE first_name = ?)"

args = (lambda_epsilon,)
cursor.execute(query, args)
res = cursor.fetchall()
columns = [description[0] for description in cursor.description]
data = [dict(zip(columns, row)) for row in res]
cursor.close()
conn.close()

### HINT ###
if not len(data) or not len([_ for _ in res[0] if _ is not None]):

from difflib import get_close_matches
var_identifiers = {"lambda_epsilon": "first_name"}
var_aliases = ["lambda_epsilon"]
var_types = {"lambda_epsilon": "str"}
var_data = [lambda_epsilon]
var_values = dict(zip(var_aliases, var_data))
with open("lookup_table_cache.json", ’r’) as infile:

column_data_lookup = json.load(infile)
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for alias, identifier_ in var_identifiers.items():
hint_data = column_data_lookup[’hr_1’][identifier_][’values’]
arg_value = var_values[alias]
if var_types[alias] == ’str’ and arg_value not in hint_data:

hint_data = {string.lower(): string for string in hint_data}
print(f"Could not find entry with ‘{alias}‘ value ’{arg_value}’")
close_matches = get_close_matches(arg_value.lower(), list(hint_data.keys()), n=1, cutoff

=.8)
if close_matches:

print(f"Did you mean ’{hint_data[close_matches[0]]}’ ?")

return data

C Examples of documentation

The following are examples of documentation produced automatically via LLM prompting.

function_985: {
"type": "function",
"function": {

"name": "function_985",
"description": "Get the employee_id from the ‘employees‘ table for a specific first_name. The

employees table stores information about employees in a multinational corporation’s human resources
management system",

"parameters": {
"type": "object",
"properties": {

"lambda_sigma": {
"type": "str",
"description": "The first_name to query"

}
},
"required": [

"lambda_sigma"
]

}
}

function_986: {
"type": "function",
"function": {

"name": "function_986",
"description": "Get the employee_id and salary from the ‘hr_1‘ database for employees with a

manager_id matching the provided input. The ‘hr_1‘ database is a human resources management system
storing information about employees, departments, job roles, locations, and countries, as well as
employment history and organizational structure.",

"parameters": {
"type": "object",
"properties": {

"beta_epsilon": {
"type": "list",
"description": "A list of manager_ids to query"

}
},
"required": [

"beta_epsilon"
]

}
}

}

function_987: {
"type": "function",
"function": {

"name": "function_987",
"description": "Get the employee_id and salary of employees who report to a manager with a

specific first name. The data is retrieved from a human resources management system database.",
"parameters": {

"type": "object",
"properties": {

"lambda_epsilon": {
"type": "str",
"description": "The first name of the manager to query"

}
},
"required": [

"lambda_epsilon"
]

}
}

}
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We include the documentation used for search functions.

search_tools: {
"type": "function",
"function": {

"name": "search_tools",
"description": "Retrieves descriptions of tools that are relevant to a provided search query. This

function can be used to explore what tools are available to use.",
"parameters": {

"type": "object",
"properties": {

"query": {
"type": "string",
"description": "description used to search for tools"

},
"num_results": {

"type": "integer",
"description": "number of results to return (max 9)",
"default": 9

}
},
"required": ["search_query"]

}
}

}
get_info: {

"type": "function",
"function": {

"name": "get_info",
"description": "Retrieves the documentation for a specific tool. The documentation will include

the tool’s name, description, and usage instructions.",
"parameters": {

"type": "object",
"properties": {

"tool_name": {
"type": "string",
"description": "name of the tool to retrieve documentation for"

}
},
"required": ["tool_name"]

}
}

}

D Prompts

We here provide the prompts we use, both for in-context functions and for function search.

D.1 In-context functions

You are a helpful assistant assigned with the task of problem-solving. To achieve this, you will be using
an interactive coding environment equipped with a variety of tool functions to assist you throughout
the process.

At each turn, you should first provide your step-by-step thinking for solving the task. Your thought
process should be enclosed using "<thought>" tag, for example: <thought> I need to print "Hello World
!" </thought>.

After that, you have two options:

1) Interact with a Python programming environment and receive the corresponding output. Your code should
be enclosed with the "<execute>" tag, for example: <execute> print("Hello World!") </execute>.

2) Stop execution when you have encountered a correct solution. Save the final answer to the ‘solution‘
variable and enclose the code with the "<solution>" tag, for example: <solution> solution = output </
solution>.

To help us verify your solution, your solution should contain the values and *original keys* returned by
the tools

Each tool will return a list of JSONs, and you may need to perform postprocessing on the output. Print the
output to see how the data is structured.

Here are some examples (tool definitions in each example have been truncated for brevity):

---

{{
tool definitions omitted...

}}
...
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Task: What is the names of movies whose created year is after all movies directed by Steven Spielberg?

Assistant:
<thought> I can use function_3694 to get the movies released after Steven Spielberg’s last movie </thought

>

<execute>
output = function_3694(’Steven Spielberg’)
result = [item[’movie’] for item in output]
print(result)
</execute>

Observation:
Traceback (most recent call last):

Cell In[1], line 2
result = [item[’movie’] for item in output]

Cell In[1], line 2 in <listcomp>
result = [item[’movie’] for item in output]

KeyError: ’movie’

Assistant:
<thought> ’movie’ doesn’t appear to be a key in the outputs. To correct the error, I will first try

printing out the output of function_3694 </thought>

<execute>
output = function_3694(’Steven Spielberg’)
print(output)
</execute>

Observation:
[{{’title’: ’Titanic’}}, {{’title’: ’Avatar’}}]

Assistant:
<thought> The output seems reasonable. The movies released after Steven Spielberg’s last movie are ’

Titanic’ and ’Avatar’. I will report the solution below </thought>

<solution>
solution = output
</solution>

---

{{
tool definitions omitted...

}}
...

Task: Find the average age of students who are living in the dorm with the largest capacity.

Assistant:
<thought> I need to use function_3643 to figure out the largest capacity, then use function_3644 to get

the average of the students living in the dorm with that capacity. I will first run function_3643 </
thought>

<execute>
output = function_3643()
print(output)
</execute>

Observation:
[{{’MAX(student_capacity)’: 400}}]

Assistant:
<thought> Now I will postprocess the output of function_3643 to use as the input to function_3644 </

thought>

<execute>
input1 = output[0][’MAX(student_capacity)’]
output2 = function_3644(input1)
print(output2)
</execute>

Observation:
Traceback (most recent call last):

Cell In[1], line 2
output2 = function_3644(input1)

File ~/sandbox_utils.py:21114 in function_3644
assert field_types[field_name] == str(type(value).__name__), f"Expected {{field_types[field_name]}}
but got {{type(value)}} for {{field_name}}"
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AssertionError: Expected float but got <class ’int’> for xray_tau

Assistant:
<thought> It seems my code had an error. Based on the error, I will convert the input from an int to a

float </thought>

<execute>
input1 = output[0][’MAX(student_capacity)’]
output2 = function_3644(float(input1))
print(output2)
</execute>

Observation:
[{{’AVG(T1.age)’: 19.6}}]

Assistant:
<thought> The result seems reasonable. The average age of the students in the dorm with the largest

capacity is 19.6. I will report the solution below </thought>

<solution>
solution = output2
</solution>

---

Here are some of the tools you can use for the current task:
[FUNCTIONS HERE]

D.2 Function search

You are a helpful assistant assigned with the task of problem-solving. To achieve this, you will be using
an interactive coding environment equipped with a variety of tool functions to assist you throughout
the process.

At each turn, you should first provide your step-by-step thinking for solving the task. Your thought
process should be enclosed using "<thought>" tag, for example: <thought> I need to print "Hello World
!" </thought>.

After that, you have two options:

1) Interact with a Python programming environment and receive the corresponding output. Your code should
be enclosed with the "<execute>" tag, for example: <execute> print("Hello World!") </execute>.

2) Stop execution when you have encountered a correct solution. Save the final answer to the ‘solution‘
variable and enclose the code with the "<solution>" tag, for example: <solution> solution = output </
solution>.

To help us verify your solution, your solution should contain the values and *original keys* returned by
the tools

Each tool will return a list of JSONs, and you may need to perform postprocessing on the output. Print the
output to see how the data is structured.

Here are some examples (tool definitions in each example have been truncated for brevity):

---

{{
tool definitions omitted...

}}
...

Task: What is the names of movies whose created year is after all movies directed by Steven Spielberg?

Assistant:
<thought> To find the names of movies created after all movies directed by Steven Spielberg, I first need

to find the year of Steven Spielberg’s last movie and then find all the movies that were released
after. I can use the search_tools function to find relevant tools that can help with this task. </
thought>

<execute>
search_tools(query=’movie directors’, num_results=9)
</execute>

Observation:
[’{{"function_4359": "Get the number of distinct movie titles directed by a specific director. The imdb

database stores information about movies and TV series, including their casts, crews, genres,
keywords, and production details."}}’,

’{{"function_4161": "Get the directors from the ‘movie_1‘ database who have directed a specific number of
movies. The movie_1 database stores information about movies, reviewers, and their corresponding

ratings."}}’,
’{{"function_74": "Retrieve a list of film titles and their corresponding directors from the cinema

database."}}’,
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’{{"function_2309": "Get a list of distinct directors from the ‘film_rank‘ database. The film_rank
database stores information about films, including their titles, studios, directors, and box office
gross, as well as market estimations for these films in various countries."}}’,

’{{"function_3429": "Get the count of distinct movie titles directed by a specific director and released
before a certain year. The imdb database stores information about movies and TV series, including
their casts, crews, genres, keywords, and production details."}}’

...results truncated]

Assistant:
<thought> These tools don’t seem like they would help us solve the task. I should refine my search query

to be more specific and see if that returns more relevant tools </thought>

<execute>
search_tools(query=’movie directors year’, num_results=9)
</execute>

Observation:
[’{{"function_3648": "Get the count of distinct movie titles directed by a specific director, released

within a specified year range. The imdb database stores information about movies and TV series,
including their casts, crews, genres, keywords, and production details."}}’,

’{{"function_3429": "Get the count of distinct movie titles directed by a specific director and released
before a certain year. The imdb database stores information about movies and TV series, including
their casts, crews, genres, keywords, and production details."}}’,

’{{"function_1933": "Get the count of distinct movie titles directed by a specific director and released
after a certain year. The imdb database stores information about movies and TV series, including
their casts, crews, genres, keywords, and production details."}}’,

’{{"function_1451": "Get the distinct directors of films released in a specific year. The function uses
data from the ‘film_rank‘ database, which stores information about films and their market estimations
."}}’,

’{{"function_3692": "Get the latest year of release for movies directed by a specific director. The data
is sourced from the ‘movie_1‘ database, which stores information about movies, reviewers, and their
corresponding ratings."}}’

...results truncated]

Assistant:
<thought> I can use function_3692 to find the year of Steven Spielberg’s last movie. I should find out

more about function_3692 using the get_info tool </thought>

<execute>
get_info(’function_3692’)
</execute>

Observation:
{{

tool definitions omitted...
}}

Assistant:
<thought> I can call function_3692 with the lambda_mu parameter to get the year of Steven Spielberg’s last

movie </thought>

<execute>
year = function_3692(lambda_mu=’Steven Spielberg’)
print(year)
</execute>

Observation:
[{{’MAX(YEAR)’: 1982}}]

Assistant:
<thought> Steven Spielberg’s last movie was released in 1982. I need to find all the movies that were

released after. I can use the search_tools function to find relevant tools that can help with this
task </thought>

<execute>
search_tools(’movie after year’, num_results=9)
</execute>

Observation:
[’{{"function_3693": "Get the titles of movies released after a specified year. The movie_1 database

stores information about movies, reviewers, and their corresponding ratings, allowing for the
tracking and analysis of movie reviews and ratings from multiple reviewers."}}’,

’{{"function_3628": "Get the number of unique movie titles released in a specific year. The imdb database
stores information about movies and TV series, including their casts, crews, genres, keywords, and

production details."}}’,
’{{"function_1933": "Get the count of distinct movie titles directed by a specific director and released

after a certain year. The imdb database stores information about movies and TV series, including
their casts, crews, genres, keywords, and production details."}}’,

’{{"function_1976": "Get movie titles from the ‘imdb‘ database for a specific genre and release year. The
imdb database stores information about movies and TV series, including their casts, crews, genres,

keywords, and production details."}}’,
’{{"function_3648": "Get the count of distinct movie titles directed by a specific director, released

within a specified year range. The imdb database stores information about movies and TV series,
including their casts, crews, genres, keywords, and production details."}}’

...results truncated]
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Assistant:
<thought> I can use function_3693 to find the titles of movies released after 1982. I should find out more

about function_3693 using the get_info tool </thought>

<execute>
get_info(tool_name=’function_3693’)
</execute>

Observation:
{{

tool documentation omitted...
}}

Assistant:
<thought> I can call function_3693 with the beta_papa parameter to get the titles of movies released after

1982 </thought>

<execute>
titles = function_3693(beta_papa=year[0][’MAX(YEAR)’])
print(titles)
</execute>

Observation:
Traceback (most recent call last):

Cell In[1], line 1
titles = function_3693(beta_papa=year[0][’MAX(YEAR)’])

File ~/sandbox_utils.py:159922 in function_3693
assert identifier_types[identifier_alias] == str(type(value).__name__), f"Expected {{identifier_types[
identifier_alias]}} but got {{type(value)}} for {{identifier_alias}}"

AssertionError: Expected float but got <class ’int’> for beta_papa

Assistant:
<thought> It seems my code had an error. Based on the error, I will convert the input from an int to a

float </thought>

<execute>
titles = function_3693(beta_papa=float(year[0][’MAX(YEAR)’]))
print(titles)
</execute>

Observation:
[{{’title’: ’Titanic’}}, {{’title’: ’Avatar’}}]

<thought> The output seems reasonable. The movies released after Steven Spielberg’s last movie are ’
Titanic’ and ’Avatar’. I will report the solution below </thought>

<solution>
solution = titles
</solution>

---

Task: Find the average age of students who are living in the dorm with the largest capacity.

Assistant:
<thought> To find the average age of students in the dorm with the largest capacity, I first need to find

the dorm with the largest capcity and then find the average age of students living there. I can use
the search_tools function to find relevant tools that can help with this task. </thought>

<execute>
search_tools(query="age students dorm capacity", num_results=9)
</execute>

Observation:
[’{{"function_3644": "Get the average age of students living in dorms with a specific student capacity.

The function uses data from the ‘dorm_1‘ database, which manages information about university
students, including their personal details, dorm assignments, and the amenities available in each
dorm."}}’,

’{{"function_3643": "Get the maximum student capacity from the dorm information. The dorm information is
managed by the ‘dorm_1‘ database, which stores data about university students, including their
personal details, dorm assignments, and the amenities available in each dorm."}}’,

’{{"function_2491": "Get the total student capacity across all dorms. The data is retrieved from the ‘
dorm_1‘ database, which manages information about university students, including their personal
details, dorm assignments, and the amenities available in each dorm."}}’,

’{{"function_3645": "Get the average age of students living in the dorm with the highest student capacity.
The function retrieves data from the ‘dorm_1‘ database, which manages information about university

students, including their personal details, dorm assignments, and the amenities available in each
dorm."}}’,

’{{"function_2676": "Get the count of students and dorm names for students older than a specified age.
The data is retrieved from the ‘dorm_1‘ database, which manages information about university students,
including their personal details, dorm assignments, and the amenities available in each dorm."}}’

...results truncated]
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<thought> I can use function_3645 to directly find the average age of students living in the dorm with
highest capacity. I should find out more about function_3645 using the get_info tool </thought>

<execute>
get_info(tool_name="function_3645")
</execute>

Observation:
{{

tool documentation omitted...
}}

<thought> I can call function_3645 to find the average age of students living in the dorm with highest
capacity </thought>

<execute>
average_age = function_3645()
print(average_age)
</execute>

Observation:
[{{’AVG(T1.age)’: 19.6}}]

<thought> The result seems reasonable. The average age of the students in the dorm with the largest
capacity is 19.6. I will report the solution below </thought>

<solution>
solution = average_age
</solution>

---

To start with, you will have access to two tools to help you explore other tools that are available to use.

search_tools = {
"type": "function",
"function": {

"name": "search_tools",
"description": "Retrieves descriptions of tools that are relevant to a provided search query. This

function can be used to explore what tools are available to use.",
"parameters": {

"type": "object",
"properties": {

"query": {
"type": "string",
"description": "description used to search for tools"

},
"num_results": {

"type": "integer",
"description": "number of results to return (max 9)",
"default": 9

}
},
"required": ["search_query"]

}
}

}

get_info = {
"type": "function",
"function": {

"name": "get_info",
"description": "Retrieves the documentation for a specific tool. The documentation will include

the tool’s name, description, and usage instructions.",
"parameters": {

"type": "object",
"properties": {

"tool_name": {
"type": "string",
"description": "name of the tool to retrieve documentation for"

}
},
"required": ["tool_name"]

}
}

}

E Example Trace (Success)

We include an example of successful task completion with Qwen2.5-72B-Instruct.
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Task: What are the employee ids of employees who report to Shelley, and what are their salaries?
<thought> To find the employee ids and salaries of employees who report to Shelley, I need to find a tool

that can query the employee database and filter by manager name. I can use the search_tools function
to find relevant tools. </thought>

<execute>
search_tools(query="employee manager salary", num_results=9)
</execute>

Observation:
[’{"function_1800": "Get the salary of an employee from the ‘hr_1‘ database, which stores information

about employees, departments, job roles, locations, and countries, as well as employment history and
organizational structure."}’,

’{"function_987": "Get the employee_id and salary of employees who report to a manager with a specific
first name. The data is retrieved from a human resources management system database."}’,

’{"function_1460": "Get the salary and manager_id of employees who do not report to a specific manager.
The data is retrieved from the ‘hr_1‘ database, a human resources management system for a
multinational corporation."}’,

’{"function_766": "Get the phone numbers of employees with salaries within a specified range. The data is
sourced from a human resources management system for a multinational corporation."}’,

’{"function_3979": "Get employee information from the ‘hr_1‘ database where the salary falls within a
specified range. The ‘hr_1‘ database is a human resources management system for a multinational
corporation, storing information about employees, departments, job roles, locations, and countries,
as well as employment history and organizational structure."}’,

’{"function_906": "Get employee information from the ‘hr_1‘ database for employees with a specific salary.
The ‘hr_1‘ database is a human resources management system storing information about employees,

departments, job roles, locations, and countries."}’,
’{"function_986": "Get the employee_id and salary from the ‘hr_1‘ database for employees with a

manager_id matching the provided input. The ‘hr_1‘ database is a human resources management system
storing information about employees, departments, job roles, locations, and countries, as well as
employment history and organizational structure."}’,

’{"function_849": "Get employee information from the ‘hr_1‘ database based on salary range, commission
percentage, and department ID. The ‘hr_1‘ database stores information about employees, departments,
job roles, locati...

<thought> I can use function_987 to get the employee_id and salary of employees who report to a manager
with a specific first name. I should find out more about function_987 using the get_info tool. </
thought>

<execute>
get_info(tool_name="function_987")
</execute>

Observation:
{’type’: ’function’,
’function’: {’name’: ’function_987’,
’description’: ’Get the employee_id and salary of employees who report to a manager with a specific

first name. The data is retrieved from a human resources management system database.’,
’parameters’: {’type’: ’object’,
’properties’: {’lambda_epsilon’: {’type’: ’str’,

’description’: ’The first name of the manager to query’}},
’required’: [’lambda_epsilon’]}}}

<thought> I can call function_987 with the lambda_epsilon parameter set to "Shelley" to get the
employee_id and salary of employees who report to Shelley. </thought>

<execute>
result = function_987(lambda_epsilon="Shelley")
print(result)
</execute>

Observation:
Traceback (most recent call last):

Cell In[1], line 1
result = function_987(lambda_epsilon="Shelley")

File ~/sandbox_utils.py:42831 in function_987
raise ValueError(f"function_987 is currently unavailable. Please try a different function.")

ValueError: function_987 is currently unavailable. Please try a different function.

<thought> It seems function_987 is currently unavailable. I should try a different function. I can use
function_986 to get the employee_id and salary of employees with a specific manager_id. I should find
out more about function_986 using the get_info tool. </thought>

<execute>
get_info(tool_name="function_986")
</execute>

Observation:
{’type’: ’function’,
’function’: {’name’: ’function_986’,
’description’: ’Get the employee_id and salary from the ‘hr_1‘ database for employees with a manager_id

matching the provided input. The ‘hr_1‘ database is a human resources management system storing
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information about employees, departments, job roles, locations, and countries, as well as employment
history and organizational structure.’,

’parameters’: {’type’: ’object’,
’properties’: {’beta_epsilon’: {’type’: ’list’,

’description’: ’A list of manager_ids to query’}},
’required’: [’beta_epsilon’]}}}

<thought> I can call function_986 with the beta_epsilon parameter set to the manager_id of Shelley.
However, I don’t have the manager_id of Shelley. I need to find a function that can get the
manager_id of an employee by their first name. I can use the search_tools function to find relevant
tools. </thought>

<execute>
search_tools(query="employee manager id", num_results=9)
</execute>

Observation:
[’{"function_1628": "Get information about employees who do not belong to departments with managers within

a specified range of manager IDs. The data is retrieved from a human resources management system
database."}’,

’{"function_987": "Get the employee_id and salary of employees who report to a manager with a specific
first name. The data is retrieved from a human resources management system database."}’,

’{"function_1626": "Get the department_id from the ‘departments‘ table for a range of manager_id values.
The departments table is part of a human resources management system for a multinational corporation,
storing information about employees, departments, job roles, locations, and countries, as well as

employment history and organizational structure."}’,
’{"function_3038": "Get the employee_id and job_title for employees in a specific department. The data is

sourced from a human resources management system for a multinational corporation."}’,
’{"function_2390": "Get the manager with the most direct reports from the ‘store_1‘ database. The store_1

database manages information about a music store, including employees and their reporting
relationships."}’,

’{"function_588": "Get the employee_id from the ‘cre_Doc_Tracking_DB‘ database for employees with
specific roles. The database manages and tracks documents, including their types, storage locations,
and destruction schedules, while also storing information about employees and their roles within an
organization."}’,

’{"function_986": "Get the employee_id and salary from the ‘hr_1‘ database for employees with a
manager_id matching the provided input. The ‘hr_1‘ database is a human resources management system
storing information about employees, departments, job roles, locations, and countries, as well as
employment history and organizational structure."}’,

’{"function_3103": "Get the first name and job ID of employees in a specific department. The data is
retrieved from a human resources management system database."}’,

’{"function_113": "Get...
<thought> I can use function_987 to get the manager_id of Shelley. However, function_987 is currently

unavailable. I should try a different function. I can use function_1626 to get the department_id for
a range of manager_id values. However, I don’t have the manager_id of Shelley. I need to find a
function that can get the manager_id of an employee by their first name. I can use the search_tools
function to find relevant tools. </thought>

<execute>
search_tools(query="employee manager id first name", num_results=9)
</execute>

Observation:
[’{"function_987": "Get the employee_id and salary of employees who report to a manager with a specific

first name. The data is retrieved from a human resources management system database."}’,
’{"function_3103": "Get the first name and job ID of employees in a specific department. The data is

retrieved from a human resources management system database."}’,
’{"function_3201": "Get the first name, last name, and hire date of employees in the same department as a

given employee. The data is sourced from a human resources management system for a multinational
corporation."}’,

’{"function_985": "Get the employee_id from the ‘employees‘ table for a specific first_name. The
employees table stores information about employees in a multinational corporation\’s human resources
management system"}’,

’{"function_303": "Get the department_id of an employee from the ‘hr_1‘ database based on their first
name. The ‘hr_1‘ database is a human resources management system storing information about employees,
departments, job roles, locations, and countries."}’,

’{"function_1819": "Get employee information from the ‘hr_1‘ database for employees with a matching first
name. The hr_1 database stores information about employees, departments, job roles, locations, and

countries, as well as employment history and organizational structure."}’,
’{"function_1628": "Get information about employees who do not belong to departments with managers within

a specified range of manager IDs. The data is retrieved from a human resources management system
database."}’,

’{"function_576": "Get employee information from the ‘hr_1‘ database for employees with a matching first
name. The ‘hr_1‘ database is a human resources management system storing information about employees,
departments, job roles, locations, and countries."}’,

’{"function_3038": "Get the employee_id and job_title for employees in a specific department. The data is
sourced from a human resources management system for a multinational corporation."}’]

<thought> I can use function_985 to get the employee_id of Shelley. I should find out more about
function_985 using the get_info tool. </thought>

<execute>
get_info(tool_name="function_985")
</execute>

Observation:
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{’type’: ’function’,
’function’: {’name’: ’function_985’,
’description’: "Get the employee_id from the ‘employees‘ table for a specific first_name. The employees

table stores information about employees in a multinational corporation’s human resources management
system",

’parameters’: {’type’: ’object’,
’properties’: {’lambda_sigma’: {’type’: ’str’,

’description’: ’The first_name to query’}},
’required’: [’lambda_sigma’]}}}

<thought> I can call function_985 with the lambda_sigma parameter set to "Shelley" to get the employee_id
of Shelley. </thought>

<execute>
shelley_id = function_985(lambda_sigma="Shelley")
print(shelley_id)
</execute>

Observation:
[{’EMPLOYEE_ID’: 205}]

<thought> I have the employee_id of Shelley, which is 205. I can now call function_986 with the
beta_epsilon parameter set to [205] to get the employee_id and salary of employees who report to
Shelley. </thought>

<execute>
result = function_986(beta_epsilon=[205])
print(result)
</execute>

Observation:
[{’EMPLOYEE_ID’: 206, ’SALARY’: 8300}]

<solution>
solution = result
</solution>
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