& GEAR: Augmenting Language Models with
Generalizable and Efficient Tool Resolution

Yining Lu” and Haoping Yu" and Daniel Khashabi
Johns Hopkins University, Baltimore, MD
{ylu130, hyu90, danielk}@jhu.edu

Abstract

Augmenting large language models (LLM) to
use external tools enhances their performance
across a variety of tasks. However, prior works
over-rely on task-specific demonstration of tool
use that limits their generalizability and com-
putational cost due to making many calls to
large-scale LLMs. We introduce GEAR, a com-
putationally efficient query-tool grounding al-
gorithm that is generalizable to various tasks
that require tool use while not relying on task-
specific demonstrations. GEAR achieves better
efficiency by delegating tool grounding and ex-
ecution to small language models (SLM) and
LLM, respectively; while leveraging semantic
and pattern-based evaluation at both question
and answer levels for generalizable tool ground-
ing. We evaluate GEAR on 14 datasets across
6 downstream tasks, demonstrating its strong
generalizability to novel tasks, tools and dif-
ferent SLMs. Despite offering more efficiency,
GEAR achieves higher precision in tool ground-
ing compared to prior strategies using LLM
prompting, thus improving downstream accu-
racy at a reduced computational cost. For ex-
ample, we demonstrate that GEAR-augmented
GPT-J and GPT-3 outperform counterpart tool-
augmented baselines because of better tool use.

1 Introduction

Recently there has been a surge in research on Aug-
mented Language Model (Mialon et al., 2023),
which aims to enable models interface existing
“tools” for various purposes, such as accessing the
latest information (Izacard et al., 2022), interacting
with third-party services (Liang et al., 2023), per-
forming precise calculations (Schick et al., 2023),
or reasoning via code (Cheng et al., 2022; Gao
et al., 2022). The paradigmatic framework of these
tool-augmented LM studies generally comprises
two steps: selecting a tool and executing it via a
generated API call. Consequently, choosing suit-
able tools is essential for task success.
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Figure 1: GEAR leverages small language models
(SLM) to facilitate the process of fool grounding for
a given query and has the ability to add and utilize new
tools for novel tasks without the need for fine-tuning or
extra demonstrations. GEAR utilizes a large language
model (LLM) in the tool execution module to ensure the
accuracy of the final answer.

The existing works teach language models
to select tools using either fine-tuning or in-
context learning approaches. For example, Tool-
former (Schick et al., 2023) is tailored and limited
to a predetermined set of tools observed during
pre-training. On the other hand, approaches based
on in-context learning (Li et al., 2023; Paranjape
et al., 2023; Chen et al., 2023; Sun et al., 2023;
Yao et al., 2022) rely on many calls to LLLM and
task-specific demonstrations which diminish their
cost efficiency and limits their scalability to a large
tool library. To address these limitations, we focus
on making the query-tool grounding process more
efficient, scalable and generalizable.
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Feature CoT Zero-shot CoT Toolformer ToolkenGPT ART GEAR

Tool Use X X

Novel Task Generalization X X X

Extensibility to New Tools at Inference N/A N/A X X

Grounding Algorithm N/A N/A Finetune LLM. LL.M_B.a S?d °' GEAR

Generation Cosine Similarity

# of LLM Calls at Inference 1 1 1 1 N 1

Input Data Task-Specific Single Augmented Supervised  Task-Specific ~ Single
P Demonstrations Query Dataset Data Demonstrations Query

Table 1: Comparing GEAR with the recent related works for generalization, computation efficiency, and key

grounding algorithms. N is the task library size.

In this work, we present GEAR, Augment lan-
guage models with Generalizable and Efficient tool
Resolution, a query-tool grounding algorithm that
enables efficient use of tools while also allowing
for generalization to both new tasks and large tool
libraries. The GEAR framework (Figure 1) is com-
prised of two key modules: (i) Query-Tool Ground-
ing and (ii) Execution. In the query-tool grounding
module, we compute a grounding score comprised
of semantic and pattern based evaluations (intro-
duced in §3). The intuition behind the grounding
score is to enable comprehensive query-to-query
and answer-to-answer comparisons by leveraging
tool description and usage examples, respectively.
By considering both question and answer perspec-
tives, the final grounding score provides a compre-
hensive evaluation of the suitability and compati-
bility between the given queries and the available
tools. Then GEAR passes the selected tool and
the given query to the execution module where a
LLM is prompted to generate the appropriate API
call to obtain the ultimate response from the tool.
In general, given n tools in a tool library, GEAR
makes (n + 1) calls to SLMs and only 1 call to
LLM (Algorithm 1).

Compared to all other in-context learning ap-
proaches (Li et al., 2023; Paranjape et al., 2023),
GEAR significantly reduces the workload on the
LLM to do tool grounding, subtask decomposition
and API call generation across all tools by assign-
ing query-tool grounding to SLM. For instance,
compared to ART (Paranjape et al., 2023), GEAR
reduces the calls to LLM by directing its intermedi-
ate calls to an SLM (e.g., GPT-Neo) leading to 4x
reduction in computational cost (FLOPS), while
providing higher accuracy (details in §5.2; Table 5).

To the best of our knowledge, there is currently
no fine-grained algorithm for query-tool grounding,
nor have there been comprehensive empirical ex-
periments to assess tool grounding accuracy across

various tool library sizes. Thus, we conduct exper-
iments' for GEAR on a variety of different down-
stream tasks and tool libraries. Our experiments
demonstrate that, GEAR improves grounding ques-
tions to tools, which leads to stronger downstream
performance compared to other few-shot or tool-
augmented baselines. For example, GEAR lever-
aging SLMs (e.g., GPT-Neo with 1.3B parameters)
consistently achieves high grounding performance
on 12 datasets from 6 NLP tasks, resulting in bet-
ter downstream accuracy than few-shot prompting
and ART (Paranjape et al., 2023). We also provide
evidence of the strong generalizability of GEAR
to novel tasks, large tool libraries, and different
SLMs.

2 Related Work

We divide the notable prior works on tool-
augmented models into two groups based on how
they modify language models: one uses fine-tuning,
while the other uses in-context prompting. We also
touch upon works in embodied LM applications.

Tool Use via Fine-tuning. There have been some
research efforts focusing on training models to
use various language tools (Thoppilan et al., 2022;
Komeili et al., 2022; Shuster et al., 2022; Khot
et al., 2021, 2022).

More recently, Schick et al. (2023) proposes
Toolformer which uses a self-supervision manner
to train LLMs to use Wikipedia, QA, Calculator,
Machine Translation, and Calendar tools. Parisi
et al. (2022) uses a similar self-supervised approach
for teaching models to use tools. Hao et al. (2023)
treats tools as special tokens of LLM and learns
embeddings for them. Qiao et al. (2023) proposes
a two-stage framework that enables the model to
learn through feedback derived from tool execu-
tion. Yang et al. (2023) employs instruction tuning

!Code to reproduce our results is available.
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to enable LLMs to use multimodal tools. Although
fine-tuning allows somewhat accurate tool ground-
ing among those observed during training, a key
issue with the resulting models is that they cannot
utilize new tools without retraining, thus hindering
models’ generalizability to new tools and tasks.

Tool Use via In-Context Learning. Prior work
has used in-context prompting of LLMs utilizes
prompts to guide language models generating con-
textually relevant responses, which is generally
more generalizable than fine-tuning. Some notable
works here include Chain-of-thought (Wei et al.,
2022), Zero-shot CoT (Kojima et al., 2022), among
others. These, however, have no access or use ex-
ternal tools.

ART (Paranjape et al., 2023), and other concur-
rent studies (Lu et al., 2023; Qian et al., 2023)
support accessing new tools through code or assem-
bling tool sequences to generate the final response.
Nonetheless, their way of accessing tools relies on
extra task-specific information like demonstrations
of how a task needs to be divided or conveyed to ex-
isting tools. This restricts their generalizability to
new tasks that may necessitate new tools or a differ-
ent combination of tools. Concurrent work (Hsieh
et al., 2023) addresses this issue via documental
tool descriptions. However, GEAR complements
this work in that, our approach also uses tool out-
puts for more accurate tool grounding.

Another core issue in all these works is the tool
grounding mechanism. Lu et al. (2023); Qian
et al. (2023) rely solely on LLM prompting for
tool grounding while ART applies cosine similar-
ity query/tool representations for task grounding.
However, little is understood about tradeoffs or lim-
its of these approaches, which we explore in our
experiments. To address these, our method extends
these works and captures both semantic and pattern
relationships (introduced in §3.1 and §3.2) between
query and tools. This allows GEAR to successfully
identify and utilize unseen tools for low-resource
tasks (novel tasks) without the need for additional
task information. Table 1 compares GEAR, CoT,
Zero-shot CoT, Toolformer, and ART.

Embodied Language Model in Robotics. Re-
cent research has focused on employing language
models for robotic agents planning and their com-
munication with the world (Driess et al., 2023;
Zhao et al., 2023; Song et al., 2022; Huang et al.,
2023; Vemprala et al., 2023). This is similar to the

setup here involving a language model’s interaction
with external tools. Huang et al. (2022) and Lynch
et al. (2022) leverage various sources of human lan-
guage and textual feedback to guide robots while
solving complex tasks. GEAR shares the same un-
derlying idea with SayCan (Ahn et al., 2022) which
utilizes binary scores for robotic affordance, while
GEAR employs a distinct method that is designed
for more general tool and task settings.

3 GEAR: Generalizable and Efficient
Augmented Tool Resolution

We start with the formal problem statement. We
are given an input query () that we aim to solve. In
addition, we are provided with a tool library 7~ £
{(Tl, dy, 7T1), (TQ, ds, 7['2), s, (Tn, dy, 7Tn)} with
n tools. Each tool T} can receive an API call (e.g., a
question or a formula) and respond accordingly, of-
ten in the form of natural language. If the provided
input is unparsable to the tool, it would return an
empty response. Each tool is also supplied with its
natural language description (d;) and demonstra-
tions (7;) showing examples of natural language
questions parsed by each tool.

GEAR aims to find the most appropriate tool
for solving (). As it can be observed in the Al-
gorithm 1, GEAR iterates over the tools (line 2)
and scores each tool ¢ with respect to the given
question () (line 5). This score is a linear combi-
nation of two scores, a semantic similarity score
S(.,.) and a pattern similarity score P(.,.). Se-
mantic score (defined in §3.1) provides a measure
of semantic alignment between the tool descrip-
tion d; and the given query (). Pattern similarity
score (defined in §3.2) scores the alignment be-
tween the responses obtained from SLM and each
tool, which provides an indication of how closely
the tool’s output aligns with a preliminary answer.
The algorithm ultimately picks the most appropri-
ate tool based on their scores (line 7) and obtains
the final tool response via an API call generated by
a LLM (line8, line9).

3.1 Semantic Similarity Score

Semantic similarity measures the alignment be-
tween the provided question to the language de-
scription of a tool. For instance, in Figure 2, the de-
scription of Calculator is semantically closer to
a query that contains numbers, leading to a higher
semantic score. Formally, this score is defined as:

S(Q,d;) = fsim(Q, dsi),
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Figure 2: GEAR framework. It computes the pattern score by comparing the preliminary answer (in gray line) to

tool responses (in green box) and the semantic score by comparing the query to tool descriptions (in

box).

Grounding tool with the highest weighted average score and executing it via a LLM to obtain the final answer.

Algorithm 1 GEAR Algorithm

Input: Query @, Tool library 7", Small Language Model
(SLM), Large Language Models (LLM)
Output: Grounded tool, and answer to the input question

1: 4 < SEM(Q)
2: for (T;,d;,m;) in T do
3 g S SLM(7; + Q) > Generate API call
4: a; < Ti(qi) > Get the tool’s response
5: fi(Q) + ~vS(Q,d;) + (1 —~)P(a,a;) > Scoreit
6: end for
7: 1+ argmax; fi(Q) B> Select the best tool
8 q Sumole LLM(7, + Q) > Generate API call
9: a, + T.(q.) > API call to the selected tool
10: Return grounded tool 7, and the final answer a,.

where f is a similarity function utilizing the repre-
sentation of SLM, quantifying the degree to which
the query @ is semantically close to the tool de-
scription d;. A popular choice to implement this
similarity function (used in our experiments) is co-
sine distance between the representations query ()
and tool description d;:

S(Q,d;) = cos (encsLm(Q), encspm(d;))
where encgy v (.) is the representation of SLM.

3.2 Pattern Similarity Score

Pattern similarity provides an answer-level align-
ment score. This score computes an alignment
between a preliminary guess a and the response
generated by each tool a;. For instance, in Fig-
ure 2, the preliminary answer is “4”, which has a
higher pattern similarity score with Calculator’s
response (“450”, denoted in red), as both are num-
bers. Whereas, the responses from Wiki and MT
are descriptive responses with a large proportion of
English tokens (in black) and a non-ASCII token

(in ) that is not exhibited in the preliminary
answer. Pattern similarity is computed based on
the following steps.

Preliminary guess. First, SLM generates a zero-
shot preliminary answer a for the given query using
greedy decoding (line 1).2

Tool-based response. Then SLM is prompted by
the given query and few shot usage examples to
obtain API call g;:

q; (—Silﬂ)l.e SLM(W‘Z + Q)

We then obtain the tool response a; < T;(q;) if ¢;
is parsable by the tool T;, otherwise empty.

Scoring the alignment. The scoring is based on
a predefined pattern set S consisting of distinct
elements that correspond to output patterns of var-
ious tools. These pattern elements, for example,
can represent numbers, English words, symbols,
URLs, or certain robotic movements.> We encode
raw tool response a; to its corresponding pattern
set {e;(t) | Vj € {1,2,---,|S|},Vt € 4;}, where
t is the word token of a; and the encoding func-
tion e; : t — S encodes word token to the ik
pattern of S if token exhibits that pattern, other-
wise empty.* Formally, the output of e ; for t is ei-

*We recommend greedy decoding for this zero-shot SLM-
based step to reduce the risk of significantly poor responses
which may occur in stochastic decoding.

3While our evaluation is focused on language tools, the
idea discussed here should in principle generalize to other
modalities such as physical tools.

*For instance, if S = {e,f,n} consisting of English,
non-ASCII and number patterns respectively, the sentence
“Hello World 2023” would be encoded to {e,e,n}. If mul-
tiple patterns are exhibited in one word token, each pattern
would be encoded separately: the German word “ldcheln”
—{e,f,e}.
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ther a multiset of 5" pattern ({8}, -+, 87} where
n > 1) or an empty set ¢. Thus, the final encoded
pattern set of a; is the multisubset of S. The en-
coding of a follows the same procedure. Let C’;-i
and C;l denote the number of j** pattern encoded
by e; in the pattern set of a and a;. Namely, for
ai, O = |{e;(t) | Vt € a;}|. Let || and |a,| be
the length of final encoded pattern sets of a and a;.
The pattern similarity score between tool response
a; and preliminary answer @& is computed as:

P(a,a;) = Y

je{lv"' 7|S|}

@%M@i%i
(laf +AlSlai| == P57

where P; is the prior probability of the j th pattern
from a prior pattern distribution P. P, S and e;
can be shared across different task and tool library
settings. Add-\ smoothing is applied to solve the
pattern zero-frequency issue. However, if a; is
empty, P(a,a;) will be assigned its lower bound
value 0. In our experiment, we use regular expres-
sions as encoding functions e;.

Intuitively, the pattern similarity score P(a, a;)
is the cross entropy between the prior pattern dis-
tribution P and the smoothed joint pattern distri-
bution from true tool response a; and preliminary
answer a. It is proved to have strict lower and upper
bounds in Appendix A.1 and holds the following
five essential properties: (i) Order Insensitive (ii)
Length Insensitive (iii) Pattern Sensitive (iv) Pat-
tern Set Size Insensitive (v) Commutative. Expla-
nations and proofs of these properties are provided
in Appendix A.2.

We hypothesize that tools could easily elicit their
latent pattern distribution through parsable API
calls, irrespective of its correctness. Therefore,
despite their less reliable performance, SLMs are
sufficient for query-tool grounding, because their
key task is to generate appropriate response pat-
terns in a for the given query and parsable API
call g; for the target tool, which is much simpler
than reasoning to make & (zero-shot result with-
out tool use) or ¢; (API call for result with tool
use) correct. In Appendix A.3, we discuss mock
responses which can further enhance the efficiency
and generalizability of the grounding process.

4 Experiment Setup
4.1 GEAR Implementation.

We implement GEAR according to the construction
described in §3. Throughout the experiments the

Zero-shot Few-shot ART);,, GEAR
GPT-Neo GPT-Neo

Algorithm —
Grounding Model — - _

Execution Model —+ GPT-J GPT-J GPT-J GPT-J
Datasets |

ASDiv 7.5 21.4 16.7 23.3
GSMS8K 0.4 5.6 9.8 3.8
SvAMP_ 20 131 _ 112 186
L, Average (Arithm) 3.3 134 12.6 15.2
IWSLT (cn) 10.5 16.9 4.1 21.1
IWSLT (ar) 8.5 18.7 4.8 17.6
IWSLT (de) 7.7 19.3 5.4 329
IWSLT (fr) 7.9 22.7 6.7 38.4
IWSLT (ja) 5.5 14.4 3.4 12.9
IWSLT(o) B9 _ 15236 149
L, Average (MT) 8.2 17.9 4.7 23.0
NQ-Open 10.2 31.1 21.2 43.4
WebQS 5.3 18.2 11.2 22.1
TiviaQA 273 _ 465 293 503
L, Average (ODQA) 14.3 31.9 20.6 38.6
CSQA 10.9 37.1 6.3 60.7
COPA 6.5 27.0 1.0 13.6
SociallQA 84__ 260 55 45
L, Average (CSQA) 8.6 30.0 4.3 38.6

Table 2: Downstream task performance results (§5.1).
Evidently, GEAR-augmented GPT-J outperforms our
baselines when using a consistent set of grounding and
execution models.

LLMs in our study are GPT-J and GPT34avinci-003
(in short, GPT-3), and our SLMs are GPT-Neo,
GPT2pedium, GPT21arge, MinilM and MPNet.

Specifically for our implementation of GEAR,
we use MPNet to calculate semantic similarity
scores and GPT-Neo for generating preliminary an-
swers and API calls to calculate pattern similarity
scores. For LLLMs, we use either GPT-J or GPT-3
for final tool execution.

Tools. To evaluate the performance for a variety
of purposes, we create a total of 10 different tools,
including 4 basic tools: Calculator, MT, Wiki,
and QA; and 6 novel tools: Timezone Converter,
Multilingual QA, Sleep, Exponential
Calculator, Logarithmic Calculator, and
Movement Controller. All of them are accessi-
ble via specific API calls and have corresponding
returns. Examples of API calls are shown in
Table 13 and more information about tools can be
found in Appendix C.

Datasets. We conduct our experiment on 14
datasets across 6 downstream tasks. The dataset

>We accessed the OpenAl models on April through June,
2023.
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Models ASDiv SVAMP SQuAD T-REX TriviaQA  MLQA(es)
Toolformer (GPT-J) 40.4 294 33.8 535 48.8 20.6
ART},, (GPT-Neo/GPT-3) 37.0 21.3 17.7 20.6 243 14.0
ARTcg (MiniLM/GPT3davinci,oo3) 86.7 773 393 504 610 -
GEAR (GPT-Neo/GPT34avinci-003)  74.9 (-11.8)  79.9 (+2.6) 61.1 (+21.8) 83.1(+32.7) 62.5(+1.5) 58.3(+37.7)

Table 3: Comparing GEAR with Toolformer (Schick et al., 2023) and ART (Paranjape et al., 2023) (§5.1). The
original ART work, ART,,, employs MiniLM for cosine similarity strategy and does not have QA or MT for the

MLQA task.
Evaluate on — . ..
Models Demonstration | ASDiv.  GSM8K SVAMP  TriviaQA NQ-Open  WebQS
ASDiv 97.9 88.5 87.2 2.1 1.4 0.0
GSMS8K 93.8 88.4 81.9 0.3 1.1 0.0
L. SVAMP 98.3 74.5 75.7 0.0 1.1 0.0
ARTes (MinilM/GPTdavinci-003) TriviaQA 258 322 25 08.1 96.2 0.4
NQ-Open 253 25.2 22.4 97.4 98.2 0.4
WebQS 28.6 39.9 28.3 94.8 96.8 1.1
GEAR (GPT-Neo/GPT34avinci-003) 83.1 83.0 89.0 63.0 65.6 54.3

Table 4: Cross-dataset generalization evaluation of tool

grounding accuracy (§5.2). Evidently, GEAR can identify

the appropriate tool for a given task without requiring in-domain demonstrations while ART has a significant
grounding performance decline on out-domain demonstrations, with each score representing grounding accura-

cy/affordance ratio in percentage.

details and evaluation metrics can be found in Ap-
pendix B.4.

4.2 Baseline Systems
We organize our baselines as follows:

Zero-shot: This baseline directly asks questions
to LLM without any instruction.

Few-shot: This baseline involves prompting
LLM with natural language instructions that ar-
ticulate the requirements of the given task.

ART: This approach uses prompting LLLM for
multi-step reasoning and tools execution (Paran-
jape et al., 2023). Besides the results in the orig-
inal paper, we experiment with a reimplementa-
tion of ART (referred to as ART™) adapted to our
tools and tasks. Specifically, following the orig-
inal work, we report two variants of this model
with different tool-grounding strategies proposed
in its paper: (1) LLM-based prompting similarity
(ARTj}; ) and (2) cosine similarity (ART?,).

1Im

To ensure a fair comparison between baselines,
we let few-shot, ART*, and GEAR use the same
prompt examples (Appendix H).

5 Experimental Findings

We compare the downstream performances of mod-
els (§5.1), and compare their generalizability to

new tools or tasks (§5.2).

5.1 Results on Downstream Tasks

We first evaluate all our models on the downstream
task performance with a tool library containing
4 basic tools (Table 2). For consistency of com-
parisons, all the baselines use GPT-J for the final
answer execution. GEAR outperforms all the base-
lines across four basic tasks. For example, the ac-
curacy of GEAR-augmented GPT-J is 24.3% and
6.7% higher than zero-shot and few-shot baselines
on the ODQA (Open-domain QA) task. Compared
to the ART],, GEAR consistently has superior per-
formance because of better tool use. Later in §5.2
we show that this performance gap is due to the
difference in tool grounding accuracy. Additional
results using GPT-3 as execution model (in place
of GPT-J) are provided in Appendix D.

Table 3 puts Toolformer (Schick et al., 2023),
ART (Paranjape et al., 2023) and GEAR together,
evaluating on their shared datasets. All datasets
are evaluated under a 4 basic tools library except
for MLQA which uses a 5-tools library with an
extra Multilingual QA tool. Since Toolformer
code and model are not available online, we are
not able to reproduce their results and therefore,
copy the numbers from its paper. The compari-
son is unfair to Toolformer as it uses a finetuned
GPT-J model. But it is informative that GEAR-
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Algorithm — GEAR ART}, ART}, ARTY,
Grounding Model — GPT-Neo GPT21arge GPT2nedium GPT-Neo GPT34avinci-003 MPNet
Dataset (w/ 4 Tools) |  Target Tool | (1.3B) (774M) (355M) (1.3B) (175B) (110M)
ASDiv Cal 83.1 77.7 58.7 25.6 46.5 98.8
GSMS8K Cal 83.0 65.3 55.6 38.0 45.5 99.5
svamp__________ ¢ Cal ____80 __ 765 651 210 500 100.0_
L, Average (Arithm) 85.0 73.2 59.8 28.2 473 99.4
IWSLT (cn) MT 84.1 95.5 98.2 30.0 63.2 99.9
IWSLT (ar) MT 66.6 - - 27.8 61.6 98.6
IWSLT (de) MT 96.9 94.4 95.2 31.6 66.0 94.0
IWSLT (fr) MT 96.6 94.0 96.0 33.8 64.4 92.2
IWSLT (ja) MT 72.4 89.3 91.1 30.8 62.8 97.8
IWSLT (ko) _ _ _ _ _ __ __ mr_____ 82 _ 667 _ __9L7T __ 259 ___ 727 ____ 94 _
L Average (MT) 83.1 88.0 94.4 30.0 65.1 97.0
NQ-Open Wiki 63.0 61.3 59.1 10.9 44.0 394
WebQS Wiki 65.6 83.1 81.4 13.6 56.8 60.5
TriviaQA _ __ ____ _Wiki 543 7277132 81 415
L Average (ODQA) 61.0 73.9 70.7 12.6 53.0 47.1
CommonsenseQA QA 77.1 84.0 84.9 10.1 34.9 69.7
COPA QA 41.3 77.2 61.2 7.2 24.4 29.7
SociallQA_ QA_ 75T 816595 164 424 141
L Average (CSQA) 64.7 82.9 68.5 11.2 33.9 37.8

# of Operation in GFLOPS® 1573 937 430 5455 728420° 160

Table 5: Tool grounding accuracy for 4 downstream tasks with a 4-tools library (§5.2). Bold denotes the highest
value within its grounding strategy and underline represents the highest among all baselines. We find that GEAR
yields better performance compared to the LL.M-based strategy on all datasets. GEAR is generalizable to
smaller SLMs and even achieve better grounding results on certain tasks.

augmented GPT-3 outperforms the original work
ART, which employs the same-sized model with
task-specific demonstrations, on 4 out of 5 tasks.
This performance gain also emphasizes the strong
generalization capability of GEAR.

5.2 Results on Tool Grounding

We systematically examine the tool grounding ac-
curacy (the percentage of correctly selected tools)
across a variety of tool library sizes and model
sizes. We first calculate the grounding accuracy for
a tool library comprising 4 basic tools. Then we
expand the tool library to a total of 10, as described
in Appendix C.2, by introducing competitor and
distractor tools. We re-evaluate the grounding accu-
racy for the four basic tasks, along with two novel
tasks requiring Multilingual QA and Timezone
Converter tools. The main results are shown in
Table 5 and Figure 3.

GEAR is more generalizable than other query-
tool grounding algorithms. According to Ta-

8Since OpenAl has not open sourced their GPT34ayinci-003,
we approximate the operations as # tokens X # params, which
is the lower bound of operations. The real amount of opera-
tions should exceed this estimation.

ble 5, GEAR utilizing GPT-Neo with 1.3B parame-
ters significantly outperforms the LLM-based strat-
egy proposed by ART (Paranjape et al., 2023), even
when the latter uses GPT-3 which is 134 x larger.
The best-reported similarity strategy in ART, which
calculates the cosine similarity between the given
demonstration and textual description of tasks, per-
forms outstandingly well on Arithmetic and MT
tasks. We hypothesize this is because of the pres-
ence of distinct and unique keywords in Arithmetic
and MT queries, which are easily distinguishable
by word embeddings. However, for more open-
ended NLP tasks like Open-domain and Common-
sense QA, word embeddings are less generaliz-
able in selecting the correct tools, resulting in low
grounding accuracy of 47.1% and 37.8%. In con-
trast, GEAR’s grounding strategy is shown to be
more strong with grounding accuracy of 61.0% and
64.7% on the aforementioned tasks.

Table 4 displays a substantial decline in ground-
ing accuracy of ART (Paranjape et al., 2023)
when using out-domain demonstrations. In con-
trast, GEAR consistently maintains its high perfor-
mance without requiring in-domain demonstrations.
We also demonstrate GEAR outperforms retrieval-
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Figure 3: Grounding accuracy of GEAR when the tool
library is expanded from 4 to 10 tools (§5.2). We in-
crementally incorporate these tools: Multilingual
QA, Timezone Converter, Sleep, Logarithmic
Calculator, and Movement Controller.

based baselines on query-tool grounding, as shown
in Table 11 in Appendix E.

GEAR is generalizable to smaller language mod-
els. We evaluate the grounding performance of
GEAR on two smaller GPT-2 models. As reported
in Table 5, GEAR consistently exhibits high-level
grounding accuracy on both SLMs and even out-
performs GPT-Neo on certain tasks. For example,
GEAR-augmented GPT21.rge achieves 73.9% and
82.9% grounding accuracy for the Open-domain
QA and Commensense QA tasks, greatly higher
than those of ART* baselines. Moreover, as the
model size increases, the marginal grounding ac-
curacy gain diminishes. This is because as long as
the SLM produces expected patterns for the given
query, the correctness of the preliminary answer
has no bearing on the pattern similarity score (see
case study in §6.2). Which, in turn, experimen-
tally proves the feasibility of employing SLMs for
query-tool grounding.

GEAR is generalizable to larger tool libraries.
Because of a more comprehensive grounding pro-
cess, GEAR enables certain tasks to generalize bet-
ter for larger sets of tools. Figure 3 displays the
grounding accuracy changing from 4 to 10 tools.
The general low decreasing rates for Arithmetic,
MT and Open-domain QA demonstrate the ability
of GEAR in handling tool libraries of varying sizes.

We hypothesize the drops between the fourth
and fifth tools of CommonsenseQA and SoicallQA
datasets are likely due to the introduction of the
Multilingual QA tool which has functional over-

Performance change A

Task GEAR —Pattern Sim  —Semantic Sim
Arithm 74.0 2.3 -11.5
MT 80.5 +10.9 -69.9
ODQA 40.7 -15.4 -21.1
CSQA 334 -21.6 -18.9
MLQA 54.4 -10.6 -31.5
TZ Conversion 96.4 +3.6 -94.9

Table 6: The result of leave-one-out ablation study
for 10-tools library (§6.1). The decrease in ground-
ing accuracy on both columns demonstrates the im-
portance of considering both semantic and pattern
scores for query-tool grounding.

lap with the basic QA tool. Specifically, the
Multilingual QA tool can also solve reasoning
tasks by translating contexts from English to En-
glish; therefore, if we consider Multilingual QA
as the correct tool for the Commonsense QA task
as well, the averaged final grounding accuracy of
Commonsense QA task will increase to 49.1%,
with a 15.6% decrease compared to Table 5.

We also compare GEAR and the best variant
ART?Y, under a 10-tools library on 6 downstream
tasks with two extra novel tasks. In short, GEAR
outperforms ARTY, on 5 out of 6 tasks. See Ap-
pendix E for detailed results.

6 Analysis

6.1 Ablation Study

We now perform a leave-one-out experiment to bet-
ter understand the contribution of each score (§3.1
and §3.2) to the final grounding accuracy. We con-
duct experiments for a 10-tools library with only
either semantic similarity score or pattern similar-
ity score. The results are shown in Table 6. For the
10-tools library, there are 4 out of 6 tasks displaying
grounding accuracy decline in both semantic and
pattern columns, suggesting that it is crucial to con-
sider both semantic and pattern similarity scores
for query-tool grounding. Tasks such as MT and
Timezone Conversion show increased grounding
accuracy in the semantic column, which is likely
due to the same reason discussed in §5.2: these two
tasks contain unique keywords so that single se-
mantic similarity score suffices to distinguish them
from other tasks (more results in Appendix F.)

6.2 Case Study on SLM’s Size

It is natural to question whether GEAR will have
much better performance if we replace SLM with
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[Preliminary answer from GPT2peqiun] 1 make $ 2

[Question] Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning and bakes muffins for her
friends every day with four. She sells the remainder at the farmers’ market daily for $2 per fresh duck egg. How
much in dollars does she make every day at the farmers’ market?

[Preliminary answer from GPT21arge] the average american spends $ 1000 a year on food

[Preliminary answer from GPT-Neo] janet’s ducks lay 16 eggs per day

[Preliminary answer from GPT-3] Janet eats 3 of the 16 eggs, so she has 16 - 3 = «16-3=13»13 eggs left. She
bakes muffins with 4 of these eggs, so she has 13 - 4 = «13-4=9»9 eggs left to sell. Thus, she makes $9 * 2 =
$ «9*2=18»18 every day at the farmers’ market. Answer: $ 18.

United States

Chart" in 1936.

[Question] In which decade did Billboard magazine first publish and American hit chart?

[Preliminary answer from GPT2peqiun] the first billboard magazine was published in the fall of 1892.

[Preliminary answer from GPT21arge] the first billboard magazine was published in the united states in the year 900.
[Preliminary answer from GPT-Neo] the billboard hot 100 is a weekly chart that ranks the most popular songs in the

[Preliminary answer from GPT-3] The 1930s. Specifically, Billboard magazine first published its "Music Popularity

Figure 4: A comparison of output patterns between SLMs and LLM. The lines subsequent to [Question] represents
the output generated by the corresponding model, with patterns (number, symbol and English alphabet) labeled in
different colors. While SLMs tend to be less accurate than LLM, their responses provide sufficient clues (pattern

distribution) about the form of the expected answer.
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Figure 5: Averaged GEAR grounding performance over
SLM sizes (number of parameters, in log scale) on Arith-
metic and Commonsense QA tasks. Each task is evalu-
ated by three datasets. GEAR with SLM has a similar
grounding accuracy as with LLM.

LLM, namely, @ Smele LLM(Q) in Algorithm 1.
We provide a case study (Figure 4) showing the im-
pact of various SLM choices, including the setting
where replacing SLM with LLM, to further illus-
trate our observation in §5.2 that as the model size
increases, the marginal grounding accuracy gain
diminishes (Figure 5). In the first example from
GSMSK (Cobbe et al., 2021), we can see that SLM
offers the similar indicative signal as LLM that
the potential answer should contain number and
symbol patterns, despite their responses being in-
correct. We also observe that this phenomenon not
only happens in pattern-specific tasks (e.g. Arith-
metic) but also occurs in more general open-ended
tasks like Commonsense QA. The second Trivi-
aQA (Joshi et al., 2017) example shows that the
pattern distributions generated by the SLMs closely

resemble the LLM’s distribution: a single number
amid English text.

Thus as long as API calls are properly generated,
it is highly likely that GEAR with SLM will select
the same tool as with LLM. In other words, gener-
ating executable API calls from SLM now becomes
the only empirical limitation of the upper bound
of the pattern similarity score. As the model size
increases, this limitation will become less strict,
resulting in a diminished rate of improvement in
grounding performance.

To validate the above observations, we visualize
the grounding performance of GEAR across dif-
ferent SLM sizes on these two tasks in Figure 5.
Evidently, as the increasing of SLM sizes, the
grounding performance margin tends to decrease.
Note that because of different model families, SLM
grounding performance may not necessarily be
monotonically increasing (orange line).

7 Conclusion

In this paper, we introduce GEAR: a generalizable
query-tool grounding algorithm that enables effi-
cient tool groundings without extra fine-tuning or
task-specific demonstrations. This is accomplished
by introducing a fine-grained scoring mechanism
that leverages both semantic and pattern similar-
ities and leveraging smaller language models for
query-tool grounding. To validate the generalizabil-
ity of GEAR, we conduct extensive experiments
that demonstrate its capacity to deal with large tool
libraries and novel tasks.
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Limitations

While GEAR aims to improve the query-tool
grounding and exhibits strong generalization and
robustness for large tool libraries, including user-
provided pipelines, it has a potential limitation in
lacking support for automatic tool pipeline con-
struction. Future works could focus on how to
combine GEAR with automatic reasoning and task
decomposition works, such as ART (Paranjape
et al., 2023), Chameleon (Lu et al., 2023), and
CREATOR (Qian et al., 2023). We believe that
the combination of generalizable and efficient tool
grounding with multi-hop reasoning would further
boost the performance of the current SOTA LLMs.

Theoretically, GEAR supports tools that have
non-textual returns via mock responses. How-
ever, we only test the Sleep and Movement
Controller tools in the main experiment and the
Image Generation tool in the GEAR-augmented
chatbot. Though achieving promising results on
these three tools, future works, especially in the em-
bodied LM area, could further explore how mock
responses can be used in grounding human lan-
guage with physical world tools.
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A Pattern Similarity Score

A.1 Pattern Similarity Score Bounds

Because the count C' and \ are nonnegative, P; € [0, 1], |a ¢| indicate the total number of encoded
patterns from tool response and preliminary answer, we always have P(a, d;) > 0. In this proof, for
better understanding, we assume a most common case that each word token is encoded to only one
pattern, namely no word token exhibits multiple patterns. Thus, |a;| and ]a\ are equal to the length of

a;

C C
unencoded sequences of tool response and preliminary answer. p;, (-) = ‘a'| and ps(+) = W represent

the probability of jth pattern in raw a; and a.
C4+\)CY 1
Plaa) = 2 \(A J+)\!8) @l B,
je{1, IS} (Ial il J
C’“C‘“ + )\Ca’ 1
P> o6 1

IS Iallazl + A|5|!az|
It A =0:
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- alla ¢ P;
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1

- Z pazva(x y)]I.’E ylog
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= CE(pde)
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Properties a (Encoded) a; (Encoded) a9 (Encoded) Result

Order Insensitive ene ene een P(a,a1) = P(a,as)
Length Insensitive eee en enenen P(a,a,) = P(a,as)
Pattern Sensitive ene ene enn P(a,a1) < P(a,as)
Commutative ene eee nnn  P(a,a;) = P(a,a)

Table 7: Examples illustrating the four essential properties of pattern similarity scores

CE(pgs,, P) is the cross-entropy between the pattern distribution of raw tool response and the prior pattern
distribution. {E(a;)} and {E(a)} are two sets of patterns derived from encoding tool response a; and
preliminary answer a, respectively. pg, a(x,y) is the joint probability of pattern x and y in @; and a.
Because a; and a are obtained independently, we can simply write the joint probability as the product of
Pa; (z) and ps(y). Ly—, is the indicator function. PP(x) is the prior probaility of the pattern . Note that
unlike 7 which is an index variable, x and y here are real pattern variables.

IfA>0:let§ C {1,2,---,|S|} such that C% > 0 fora € § and C4 = 0 for B € {1,2,---,|S|} \ 6.

P(a, &)
72 ACH+ACE | 1
< Jallaa| + AISTla
)\Ca’ 1
* ﬁe{lv;w,}\é AT+ ST 5 75
Zg C’a+)\1 1
5 la;| la| + A|S|

Ccy A 1
> i-&*mg*

A 1

t Y e e
seaysp 14 TSI P

= CE,(pa, P) + ACEg(U(0, |a] + \|S|), P)

where U is the uniform distribution and p; is the smoothed pattern distribution of a.

A.2 Pattern Similarity Score Properties

Order Insensitive: The position of a pattern should not influence the score, as the preliminary answer
generated by the SLM tends to be disorganized.

Length Insensitive: The score should not be biased toward the length of tools’ responses, as certain
tools are inclined to generate longer responses.

Pattern Sensitive: Given the prior distribution P, tools that exhibit rare patterns are more likely to be
chosen when the preliminary answer a also exhibits those patterns.

Pattern Set Size Insensitive: The average pattern similarity score should remain consistent for various
tool library and pattern set sizes. This property ensures a consistent hyperparameter -y (the weight for
semantic and pattern scores).

Commutative: P(a,a;) = P(a;,a) should be hold for any preliminary answer @ and tool responses a;.

Table 7 gives illustrative examples for the pattern similarity score. e and n denote English token pattern
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9 9

and number pattern. The less frequency of numbers “n” in real corpus compared to English tokens “e
results in a smaller prior probability P(n) < P(e), leading to the result in the Pattern Sensitive row. In
other words, with the same length, tool response G containing more rare patterns which also exhibit in
the preliminary answer ¢ would have higher pattern similarity score.

The Pattern Set Size Insensitive property also holds because the denominator (|a| + A|S|)|a;| is
insensitive to the A|S|, given that |a| > |S| and A is typically small. Therefore, as long as the tool
response or preliminary answer does not exhibit the given patterns, namely C'j‘-i =0or Cjal =0, P(a,a;)
would not significantly change regardless of the size of |S|.

To prove the length-insensitive property, we have to first assume tool responses a; and ao share the
same pattern probability distribution. Namely, we have

ai G

J J .

N :Aivvje 1725"'75
Al Toal { S}

Then the comparison of pattern similarity scores for these two tools is only determined by the preliminary
answer a, pattern set size |S| and A, with no sensitivity to the length of tool responses.

A.3 Mock Pattern

When dealing with a large tool library, iterating through all tools for true responses is inefficient and some
tools may not have textual responses to encode. Conversely, through the utilization of pattern scores,
we can set certain tools to generate mock responses with corresponding mock patterns during the tool
grounding process, eliminating the requirement for actual execution, thereby reducing the GEAR’s time
complexity and generalizing it to various types of tools. In the experiment section §5, we test the efficiency
and generalizability of mock patterns for tool grounding by adding Sleep and Movement Controller
to the tool library.
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B Implementation Details

B.1 Hyperparameters

To avoid bias toward to pattern similarity score, we use add-one smoothing and set A = 1. Additionally,
based on our experiment, we observed that the mean of pattern similarity score is consistently three times
greater than the mean of the semantic score. In order to achieve a proper balance between these two
scores, we set v = 0.75 throughout the entire experiment.

B.2 Patterns

For 4 tools experiments, we use the following four patterns: S = { English token pattern: e, non-ASCII
token pattern: f, number pattern: n, symbol pattern: s}. Because we believe these four basic patterns
could cover a lot of language tools. Based on their frequency in the real corpus, we set their prior
probabilities as follows: P = {e: 0.78, £: 0.18, n: 0.05, s: 0.02}.

For generalization experiments where the tool library size varies between 4 to 10, we consistently use
the following prior pattern distribution: P = {e: 0.75, £: 0.15, n: 0.02, s: 0.02, Sleep Pattern: 0.02, Move
pattern: 0.02, Time pattern: 0.02}.

B.3 Models
* GPT-Jis from https://huggingface.co/EleutherAIl/gpt-j-6b

* GPT-Neo is from https://huggingface.co/EleutherAI/gpt-neo-1.3B
e MinilMis from https://huggingface.co/sentence-transformers/all-MinilM-L6-v2

* MPNet is from https://huggingface.co/sentence-transformers/all-mpnet-base-v2

B.4 Tasks and Datasets

We use the following 12 datasets from 6 downstream tasks in our main experiment, plus 2 extra datasets
(SQuAD (Rajpurkar et al., 2016) and Trex (Elsahar et al., 2018)) in Table 3. To keep the evaluation costs
manageable, we use 1K instances per dataset.

¢ Arithmetic (Arithm): We evaluate on ASDiv (Miao et al., 2020), GSMS8K (Cobbe et al., 2021) and
SVAMP (Patel et al., 2021) datastes. Given the arithmetic nature of these datasets, we expect successful
grounding in Calculator tool should improve their performance.

* Machine Translation (MT): We use IWSLT-2017 (Cettolo et al., 2017) dataset to evaluate the utility of
successful grounding to the MT tool. The input data consists of an English prompt and a non-English
context in Simplified Chinese, Arabic, German, French, Japanese, or Korean. We utilize diverse English
prompts for English translation requests (e.g., “How do you say ... in English”, “Speak ... to English”,
etc.). We sample 1K instances for each source language.

* Open-domain QA (ODQA): We experiment with NQ-Open (Lee et al., 2019), WebQS (Berant et al.,
2013), and TriviaQA (Joshi et al., 2017), since open-domain questions require external knowledge,
successful grounding of these tasks to Wiki tool improve their performance.

* Commensense QA (CSQA): To investigate the benefit of utilizing the QA tool, we evaluate all baselines
on CommonsenseQA (Talmor et al., 2019), COPA (Roemmele et al., 2011), and SociallQA (Sap et al.,
2019). Those datasets require the model to perform commonsense reasoning for a given context and
select the answer from a variety of choices.

e Multilingual QA (MLQA): MLQA (Lewis et al., 2020) is a hard multilingual question-answering
benchmark, expecting Multilingual QA to tackle such problem. Each instance includes an English
context and a query presented in Arabic, German, Spanish, Hindi, Vietnamese, or Chinese. We randomly
sample 1K instances for each language.
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* Timezone Conversion: we create this dataset programmatically by iterating over all combinations
of time zones, randomly-generated numbers which are verbalized into the natural language via real
querying scenarios. Specifically, we set 5 querying templates and 3 time formats, combining them with
randomly selected timezones to construct the dataset. Here are two examples:

My friend is in Cordoba, and I am in Madeira. If it is 2016-07-14 08:24:07 here, what time is it there?

I want to make a call to someone. He is in Johannesburg, and I am in Pitcairn. If it is May 16 2023
10:31:14AM here, what time is it there?

Successfully grounding to the Timezone Converter should improve the performance of this task.

Evaluation Metrics. For the Arithmetic task, we convert all English numerals to their numerical
equivalents and then pick the last number as the answer.” These are not needed when using Calculator
tool, as it always outputs a single number. Ultimately, we compute an exact match accuracy between the
resulting numbers and gold answers. For ODQA and MLQA tasks, following (Schick et al., 2023), we
verify if the generated output contains the gold answer. For the CSQA task, we compute the accuracy
as the ratio of accurately selected outputs. For the MT task, the translation quality is evaluated using a
BLEU (as percentage).

"For zero-shot or few-shot baseline the overall answer typically appears after the rationales.
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C Tools

We prioritize two factors for choosing tools: 1) whether they could compete with others 2) whether their
function is naturally beyond the capability of any LLM.

C.1 Basic Tools

Description and usage prompts for each basic tool are provided in Table 15

¢ QA: Our question-answering system is based on an external language model specially trained for answer-
ing questions. We utilize ChatGPT in our experiment, renowned for its performance in comprehending
and reasoning with human language.

* Calculator: The Calculator is built from the Python built-in function eval, which supports four
fundamental arithmetic operations with priorities that can be specified using brackets. The output is
rounded to three decimal places.

* MT: The core of our machine translation tool is the Google Translate API. It accepts two input arguments:
the text to be translated and the target language.

* Wiki: The last basic tool employed in our experiment is the Wikipedia Search (Wikisearch) engine. It
returns wiki paragraphs in response to queries. This tool advances models by supplying external factual
knowledge and its returned output is more formal and informative than that of QA. In our experiment, we
use ColBERTV2 (Santhanam et al., 2022) as the search retriever to index relevant information.

C.2 Novel Tools

For the selection of novel tools, we follow these two factors: whether they could compete with existing
tools or whether their function is naturally beyond the capability of any LLM. Consequently, we add the
following six tools:

* Logarithmic Calculator and Exponential Calculator: These two tools aim to solve logarithm
and exponential problems and serve as competitors to the Calculator tool.

* Multilingual QA: We compose MT and QA tools to form the Multilingual QA pipeline. It involves
two steps: translating the query to the target language using MT, and passing the context and translated
query to the QA to find the final answer.

* Timezone Converter: This tool is implemented by the Python pytz library. It converts a time from
one time zone to another. Such a task is also solvable by the QA tool but not accurately. Therefore, we
want to assess the success rate of grounding the most appropriate tools for such endeavors.

* Sleep: This tool suspends the entire program for a specified duration. This tool is intended to test the
mock response functionality for our system. We do not expect the program to sleep during the tool
grounding procedure; a mocked response is sufficient. However, once selected, this tool should perform
its intended function.

* Movement Controller: This tool instructs a robot to move a specified distance in a chosen direction.
Similarly to Sleep, this tool is used for testing the mock response for grounding tools with non-textual
outputs. During the grounding process, its returned response is a mock text: “Robot is moving
forward for {} meters”.
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Models ASDiv GSMSK SVAMP NQ-Open WebQA TriviaQA

ART¢s (MiniLM/GPT34avinci-003) 86.7 69.7 77.3 56.7 17.7 61.0
GEAR (GPT-Neo/GPT34avinci-o0s)  74.9 (-11.8)  71.1 (+1.4) 79.9 (+2.6) 53.8(-2.9) 23.6 (+5.9) 62.5 (+1.5)

Table 8: Comparing GEAR with ART (Paranjape et al., 2023) on Arithmetic and Open-domain QA tasks

Algorithm — Zero-shot  Few-shot  ARTj, GEAR
Grounding Model — - - GPT-Neo GPT-Neo
Execution Model — GPT-3 GPT-3 GPT-3 GPT-3
Datasets |

ASDiv 78.7 75.3 37.0 74.9
GSMS8K 62.4 69.9 14.7 71.1
SvaMp_______ _~ 54 737 213799
L Average (Arithm) 72.2 73.0 24.3 75.3
IWSLT(cn) 43.1 30.1 19.2 39.2
IWSLT(ar) 47.2 41.1 16.1 41.8
IWSLT(de) 51.6 40.8 25.0 51.0
IWSLT(fr) 55.8 42.7 25.9 55.0
IWSLT(a) 31.4 28.6 13.2 28.8
IWSLT(ko) _ _ _ _ _ _ - 379 313 165 365
L Average (MT) 44.5 35.8 19.3 42.0
NQ-Open 58.0 66.1 24.0 53.8
WebQS 24.9 28.1 11.2 23.6
TrivieQA 549 704 243 625
L Average (ODQA) 45.9 54.9 19.8 46.6
CSQA 74.7 75.6 5.0 70.1
COPA 45.5 33.7 0.3 36.7
SociallQA 68 648 12 595
L Average (CSQA) 59.0 58.0 2.2 554

Table 9: Downstream task performance result. Evidently, GEAR-augmented GPT-3 achieves competitive results
with GPT-3 few-shot and ART, both of which provided with task-specific demonstrations for solutions.

D Downstream Performance

Results for GPT-3 baselines can be seen in Table 9. For MT and Commensense QA tasks, even the
few-shot performance is lower than zero-shot, we hypothesize that this is because the GPT-3 model has
seen those datasets during the pretraining and memorized them.

A comparison of GEAR with ART (Paranjape et al., 2023) on Arithmetic and Open-domain QA tasks is
provided in Table 8. The downstream accuracy of GEAR-augmented GPT-3 is only slightly higher than
those of ART-augmented GPT-3, because according to Table 4, ART achieves at least 90% grounding
accuracy on most Arithmetic and Open-domain QA datasets. However, it is worth noting that ART
requires in-domain demonstration for each task/dataset while GEAR does not.
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Figure 6: Confusion matrix of grounding results of four basic tools. Each number represents the number of examples
being grounded to the tool.

Dataset (w/10 Tools) Target Tool GEAR ART},

Average (Arithm) Cal 74.0 97.2
Average (MT) MT 80.5 78.5
Average (ODQA) Wiki 40.7 21.1
Average (CSQA) QA 334 22.8
Average (MLQA) MLQA 54.4 17.6

Timezone Conversion TZ Conveter 96.4 95.0

Table 10: Tool grounding accuracy for 6 downstream tasks with a 10-tools library (§5.2). GEAR using GPT-Neo
outperforms ART}, using MPNet with the cosine similarity strategy on 5 out of 6 tasks.

E Grounding Performance

According to Figure 6, it is clear that Calculator and MT tools have no strong competitors on Arithmetic
and MT tasks, while QA and Wiki tools are more likely to compete with each other on CommonsenseQA
and Open-domain QA tasks. This is due to the functional overlap of these two tools on open-ended NLP
tasks.

GEAR is more generalizable than retrieval-based baselines We compare GEAR with two retrieval-
based baselines: Okapi BM25 (Robertson et al., 1995) and KNN (Fix and Hodges, 1989) with 50 training
examples for each tool under the 4-tools library. Like GEAR, BM25 is a general-purpose approach that
does not need supervision. However, from Table 11, the grounding accuracy of BM25 is smaller than
GEAR’s (GPT-Neo version) on 13/15 datasets. All MT tasks get a 0% accuracy from BM25 since their
inputs contain non-ASCII tokens, which are not accounted for in the description of the MT tool. Although
the performance of KNN is generally higher than GEAR on MT and Open-domain tasks, it requires
training and is easily overfitting, which hinders its generalizability to low-resource tasks that utilize novel
tools without sufficient labeled data.

GEAR is generalizable to novel tasks We further evaluate GEAR’s generalizability to novel tasks using
MLQA (Lewis et al., 2020) and Timezone Conversion datasets. From Table 10, GEAR achieves 54.4%
and 96.4% grounding accuracy on these two novel tasks with a 10-tools library. It outperforms ART} on
5 out of 6 tasks, revealing its strong generalizability to both large tool libraries and novel tasks.
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Algorithm — BM25 KNN GEAR(GPT-Neo)

Datasets |

ASDiv 0.5 66.5 83.1
GSMS8K 0.2 58.7 83.0
SVAMP_ 12751 _ 89.0 _ __
L Average (Arithm) 0.6 66.8 85.0
IWSLT(cn) - 100 84.1
IWSLT(ar) - 99.7 66.6
IWSLT(de) - 80.0 96.9
IWSLT(fr) - 84.6 96.6
IWSLT(ja) - 100 72.4
IWSLT(ko) _ _ _ _ _ _ —__100_____ 822 _ _ .
L Average (MT) - 94.1 83.1
NQ-Open 76.2 73.4 63.0
WebQS 454 55.9 65.6
TrivieQA 625 83 43 _ .
L Average (ODQA) 61.4 70.9 61.0
CSQA 24.6 75.8 77.1
COPA 0.6 329 41.3
SockllQA__ 145512 757
L Average (CSQA) 13.2 55.3 64.7

Table 11: Tool grounding accuracy for 4 downstream tasks with a 4-tools library ("-" denotes 0). GEAR with
GPT-Neo consistently achieves high grounding performance compared to BM25 and KNN.

0.25 Grounding Scores for Different APl and Tasks

s semantic
E pattern

0.20 1

Calculator

Grounding Score
Id
i
o
WikiSearch

o

e

o

WikiSearch
QA
WikiSearch

WikiSearch
QA

QA
QA

0.05 -

MT
Calculator
MT

Calculator
MT

Calculator

0.00 -

Math Translation Open-Domain QA Commonsense QA

Figure 7: The average similarity scores for different tasks and tools. Clearly, the semantic and pattern scores
(already weighted by ) collaboratively and accurately identify tools for the four basic tasks.

F Ablation Study

For the 4-tools library, we plot the average final grounding score for each task and tool in Figure 7.
Notably, neither the semantic nor the pattern similarity score dominates the query-tool grounding on most
tasks, but they collaborate with each other to correctly identify the tools.

132



G GEAR Augmented Chatbot

Because GEAR does not require extra task-specific demonstrations, one of its practical applications is that
it can be integrated into any chatbot. To validate it, we create a GEAR augmented chatbot using ChatGPT
as the execution LLLM and conduct a survey experiment.

Figure 8 illustrates the differences between GEAR-augmented chatbot and a normal chatbot and how
GEAR interacts with a LM in a dialogue setting. For each user query, we first prompt the LM to determine
if a tool usage is necessary. If true, the original query will be sent directly to GEAR, and GEAR will return
the response from the selected tool as well as the tool name and confidence score for selecting that tool.
This information is then processed by the LM to generate a more natural, user-friendly response. Figure 9
provides examples of how our GEAR augmented chatbot works. We equip it with the following six
tools: Weather Search, Location Search, Image Generation, Current Time-Timezone Converter Pipeline,
Wikipedia Search and Machine Translation.

We surveyed 50 individuals about the use of our GEAR-augmented chatbot. The evaluators first use
ChatGPT-based chatbot for two weeks, then switch to a GEAR-augmented chatbot for the next two
weeks. After fully experiencing these two chatbots, they are asked to complete the survey (Table 12)
which contains four types of questions regarding tool grounding performance and final answer quality.
Participants are unpaid and their feedback is unmodified.

The survey reveals that 76% of users agree that integrating tool usages makes the chatbot more useful
and fascinating, and more than 90% of queries grounded correct tools. Image generation and weather
search tools are the most popular tools among the 6 tools, with more than 50% of users employing them
to solve problems. Regarding response quality, our survey indicates that an average of 78.4% of questions
are answered to the user’s satisfaction, a 16.9% increase in satisfaction compared to the previous chatbot
that lacks the tool utilization functionality. The Current Time-Time Zone Convertor Pipeline has the
highest accuracy, at 100%, while the Machine Translation tool has the lowest quality, with a satisfaction
ratio of only 50.5%. We infer that the performance of the Google Translate API may not be adequate to
satisfy the needs of our evaluators, given that most of them are translating extremely complex sentences
between English, Japanese, and Chinese.

In summary, GEAR substantially improves users’ experience on ChatGPT, and it also has excellent
generalization capabilities to novel tools. Note that these novel tools lack training data, but with GEAR
and just a few words of tool description and usage examples, they can be easily integrated into a chatbot
to provide precise and reliable answers to users.
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Normal Chatbot Response [w/o GEAR] Tool-A d Chatbot R [w/ GEAR]

23 @5

More Human Supervision Less Human Supervision
@ What time will be tomorrow this time? @ Hello
L~
(@)

I'm sorry, but as an Al language model, I don't have real-time @
data or the ability to predict the future.

Hello! How can I assist you today?
Try again

I apologize for any confusion. If you provide me with your current @ What time will be tomorrow this time? LM

time zone, I can give you the time difference between now and

tomorrow at the same time. 7
=)
@ EP1 =7 [Yes) Origing,
Please wait while I am selecting and calling the APIL... Qu”"i()ﬂ
The Eastern Daylight Time (EDT) is observed in certain regions of = GEAR
North America during the daylight saving time period. However,
as I mentioned earlier, I don't have real-time data. e
Tomorrow's time will be 2023-06-11 23:39:28 @ [Rusu]l]v 2023;06—}0 23:39:28, EDT
@ Try again EDT. I used the Time API and the confidence ) [API] Time [Confidence] 0.4953
score is 0.4953

As of now, EDT is usually UTC-4:00 during daylight saving time.
So, if you are currently in EDT and it is, for example, 3:00 PM,
then tomorrow at the same time would be around 3:00 PM as well.

Figure 8: A comparison between the performance of ChatGPT and GEAR augmented chatbot. GEAR requires
minimal human supervision, excels in numerous tool-solvable tasks, and offers interpretable confidence scores for
users.

@TallChatBot what tools you can use?

TallChatBot 80T 0e/06/2023 2:44 F
| can use the following APIs and tools to help you with your gquestions:

. CurrentTime: Provides the current time in a specified location.
> Weather: Gives you information about the weather in a particular area.
3. Image Generation: Unfortunately, as an Al language model, | cannot generate images.
. Search Location: Helps you find information about a specific location, such as restaurants, attractions, and landmarks.
. Wiki Search: Searches Wikipedia for information on a topic or subject.

6. Machine Translation: Translates text from one language to another.

Please note that you can ask questions related to these tools, and | will try my best to provide you with useful information.

(a) GEAR augmented chatbot screenshot illustrating its tool library.
What time will be tomorrow this time? @TallChatBot
TallChatBot 89T 04/06/2023 2:36 Ph

Please wait while | am selecting and calling the API...
The current time is 14:36 EDT. Tomorrow at this time, it will also be 14:36 EDT. | used the Time API and the confidence score is 0.5723900757941749.

(b) GEAR augmented chatbot screenshot of using the Time tool.

ftalll am living in baltimore. | just want to know where can | eat in baltimore?

TallChatBot [B8T| 05 /062023 12:56 an
Please wait while | am selecting and calling the API...

[name:API] [Result] 1. Restaurante Tio Pepe: 10 E Franklin St, Baltimore, MD 21202, United States
2. Restaurant Depot: 3405 Annapolis Rd, Baltimore, MD . United States
3. The Restaurant Store: 1620 Whitehead Ct, Woodlawn, M| United States [API] LocationSearch [Confidenc

(c) GEAR augmented chatbot screenshot of using the Location Search tool.

Figure 9: Screenshots of GEAR augmented chatbot using various tools. Using the command /GEAR to ask GEAR
chatbot to output tool response directly without going through the ChatGPT. While the command @TallChatBot
enables a normal conversation where GEAR interacts with ChatGPT to provide more human-readable answers.
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Survery Question Question Type Answer
How would you rate your overall experience with GEAR-augmented chatbot? rating scale 0-10
Do you think GEAR-augmented chatbot has become smarter compared to the previous  rating scale 0-10
version?
Do you think GEAR-augmented chatbot has become more helpful than the previous one?  rating scale 0-10
How accurate do you think the answers of the older bot are? rating scale 0-10
How accurate do you think the answers of the new version bot are? rating scale 0-10
Have you noticed that the chatbot is using external tools to help you? Likert scales yes or
no
How would you rate the chatbot’s accuracy in choosing the right tool to answer your rating scale 0-10
query?
Can you recall a situation where the chatbot chose the wrong tool for your query? If so, open-ended open-
please describe it briefly. ended
Have you ever instructed the chatbot to use a different tool for your query, or did the  Likert scales yes or
chatbot automatically choose a different tool because you weren’t satisfied with the results? no
Will the chatbot be able to switch to the right tool based on your instructions? Likert scales yes or
no
When a chatbot uses an external tool, how would you rate its response accuracy? rating scale 0-10
Can you recall any instances where the chatbot used external tools to produce output errors  open-ended open-
or didn’t meet your expectations? If so, please describe it briefly ended
What tools of chatbots have you used? multiple-choice multiple-
choice
How would you rate the accuracy of the output generated by the chatbot using the Time  rating scale 0-10
tool?
How would you rate the accuracy of the output generated by the chatbot using the rating scale 0-10
Wikisearch tool?
How would you rate the accuracy of the output generated by the chatbot using the Weather  rating scale 0-10
Lookup tool?
How would you rate the accuracy of the output generated by the chatbot using the Location  rating scale 0-10
Search tool?
How would you rate the accuracy of the output generated by the chatbot using the Image  rating scale 0-10
Generation tool?
How would you rate the accuracy of the output generated by the chatbot using the Machine  rating scale 0-10
Translation tool?
Please provide any additional feedback or suggestions you have for improving GEAR-  open-ended open-
augmented chatbot performance. ended
Overall Score you want give to the GEAR-augmented chatbot rating scale 0-100

Table 12: Survey Questions
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H Prompts

Table 13 provides examples of API calls and outputs for each tool

Table 14 shows task-specific demonstrations used for the few-shot baseline in the experiment
Table 15 presents the description and usage example of each basic tool.

Tool Example API Call Example Output

Question QA("What century did the Normans first gain The Normans first gained their

Answering their separate identity?") separate identity in the 11th cen-
tury.

Calculator Calculator(2 + 4) 6

Machine Trans-
lation

Wikipedia
Search

Multilingual
QA

Exponential
Logarithm

Timezone Con-
verter

Sleep

Movement Con-
troller

MT("K 2% R BEAEXI8 BN AR T - ",

||enn

WikiSearch("Lord Of The Flies")

Multilingual QA("question:
FEN) KPR EE 2/ DR T A e
[EJEH1R? context: For example, the six but-
ton layout of the arcade games Street Fighter 11
or Mortal Kombat cannot be comfortably em-
ulated on a console joypad, so licensed home
arcade sticks for these games have been manu-
factured for home consoles and PCs.")

Pow(2, 3)

Log(2, 8)

TimezoneConverter("2022-01-02 22:00:00",
"Asia/Shanghai”, "America/New_York")

Sleep(20)

RobotMove(0.3)

(BRI e =k

There are too many things to be
described in this 18 minutes.

Lord of the Flies (song) "Lord
of the Flies" is an Iron Maiden
single and second track on their

1995 album "The X Factor".

Six

2022-01-02 09:00:00
Sleep for 20 seconds (Mock Re-
sponse)

Robot is moving forward for 0.3
meters (Mock Response)

Table 13: Examples of API Calls and Outputs for Each Tool
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Task

Demonstration

Math

Commonsense Rea-
soning

Open-domain Ques-
tion Answering

Machine Translation

You are the Calculator tool. Your task is to answer
the questions that contain numbers and require
arithmetic operations, including addition, subtraction,
multiplication, division. Here are some examples:
Input: There were 86 pineapples in a store. The owner
sold 48 pineapples. 9 of the remaining pineapples were
rotten and thrown away. How many fresh pineapples are
left?

Output: There are total 86 pineapples. 48 pineapples
are sold out, so there are 86 - 48 pineapples now. 9 of
the remaining are thrown away, so there are 86 - 48 - 9
pineapples. That is 29 pineapples.

You are the Question Answering tool that answers questions
by reasoning and commonsense knowledge. Here are some
examples:

Input: The women met for coffee. What was the cause of
this? A: The cafe reopened in a new location. B: They
wanted to catch up with each other.

OQutput: Considering the options, the more likely cause
for the women meeting for coffee would be B: They wanted
to catch up with each other. Meeting for coffee is
often chosen as a way to have a relaxed and informal
conversation, providing an opportunity for friends or
acquaintances to reconnect and share updates about their
lives.

You are the Wikipedia Search tool that is to look up
information from Wikipedia that is necessary to answer

the question. Here are some examples:

Input: The colors on the flag of Ghana have the following
meanings: green for forests, and gold for mineral wealth.
What is the meaning of red?

Output: The color Red commemorates those who died or
worked for the country’s independence.

You are the Machine Translation tool that is used for
translating text from one language to another. Here are
some examples:

Input: How do I ask Japanese students if they had their
dinner yet?

Output: &2 EIBENFEL ZHh .

Table 14: Example of Various Task Demonstrations for Few-Shot Baselines
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Tool

Description

Few-Shot Prompt

Calculator

Question
Answering

Wiki Search

Machine
Translation

Calculator API is
used for answering
questions that
contain numbers and
require arithmetic
operations,
including addition,
subtraction,
multiplication,
division.

Question Answering
API answers
questions by
reasoning and
commonsense
knowledge.

Wikipedia Search
API is to look up
information from
Wikipedia that is
necessary to answer
the question.

Machine Translation
API is used for
translating text
from one language
to another.

Calculator API is used for solving questions that require
arithmetic operations, including addition, subtraction,
multiplication, division. You task is to rephrase

the question prepended by the special token <Q>and

generate Calculator API call prepended by <API>for

solving that question. You can call the API by writing
"[Calculator(formula)]" where "formula" is the arithmetical
formula you want to solve. Here are some examples of
Calculator API calls:

Input: There were 86 pineapples in a store. The owner sold
48 pineapples. 9 of the remaining pineapples were rotten and
thrown away. How many fresh pineapples are left?

Output: <Q>There are total 86 pineapples. 48 pineapples

are sold out, so there are 86 - 48 pineapples now. 9 of the
remaining are thrown away, so there are 86 - 48 - 9 pineapples.
<API>[Calculator(86 - 48 - 9)].

Question Answering API answers questions by reasoning and
commonsense knowledge. You task is to rephrase the question
prepended by the special token <Q>and generate QA API call
prepended by <API>for solving that question. Here are some
examples of API calls: You can call the API by writing
"[QA(question)]" where "question" is the question you want
to ask. Here are some examples of QA API calls:

Input: What do people want to acquire from opening business?
A: home B: wealth C: bankruptcy D: get rich

Output: <Q>What do people want to acquire from opening
business? A: home B: wealth C: bankruptcy D: get rich
<API>[QA("What do people want to acquire from opening
business? A: home B: wealth C: bankruptcy D: get rich")].

Wikipedia Search API is to look up information from Wikipedia
that is necessary to answer the question. You task is

to rephrase the question prepended by the special token
<Q>and generate Wikipedia Search API call prepended by
<API>for solving that question. You can do so by writing
"[WikiSearch(term)]" where "term" is the search term you want
to look up. Here are some examples of WikiSearch API calls:
Input: The colors on the flag of Ghana have the following
meanings: green for forests, and gold for mineral wealth.
What is the meaning of red?

Output: <Q>Ghana flag green means forests, Ghana flag gold
means mineral wealth, what is the the meaning of Ghana flag
red? <API>[WikiSearch("Ghana flag red meaning")].

Machine Translation API is used for translating text from one
language to another. You task is to rephrase the question
prepended by the special token <Q>and generate MT API call
prepended by <API>for solving that question. You can do so
by writing "[MT(text, target_language)]" where "text" is the
text to be translated and "target_language" is the language to
translate to. Here are some examples of MT API calls:

Input: How do I ask Japanese students if they had their
dinner yet?
Output: <Q>Translate "Did you have dinner yet" in Japanese

<API>[MT("Did you have dinner yet?", "ja")].

Table 15: Descriptions and Usage Prompts of Four Basic Tools
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