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Abstract

Recent works leveraging the in-context learn-
ing capabilities of modern large language mod-
els (LLMs) have independently proposed vari-
ations of a novel technique: Batch Prompt-
ing (BP), wherein b question prompts are in-
dexed and concatenated into a single Batch-
Prompt. The queried LLM then learns from
batch-formatted in-context examples how to
answer all b questions in one generation. In
this work, we consider sufficient conditions of
a BatchPrompt in order to explore the tech-
nique’s efficacy in the zero-shot and multi-
task scenarios. We present new BatchPrompt
templates and demonstrate on both open- and
closed-source models of varying size that BP
is possible without few-shot exemplars and
also robust to in-batch task diversity provided
sufficient instructions. We conclude with a
modification to the token efficiency metric n
proposed by the original work and a discussion
of which regimes of NLG are best suited to the
technique.

1 Introduction

Many tasks in NLP, including question answer-
ing, sentiment analysis, and named entity recog-
nition, which once required specialized training
techniques and intricate pipelines to achieve SOTA
results, are now rivaled by a general LLM with a
prompt of well-chosen instructions and in-context
exemplars (Nori et al., 2023). These prompts, how-
ever, contribute to the large cost (measured in both
compute and time, by way of tokens) of LLM in-
ference. Batch Prompting (Cheng et al., 2023) is
an inference technique that concatenates a batch of
b questions into one prompt submitted for a multi-
answer response. It reduces a job’s inference cost
by amortizing the cost of shared instruction and
few-shot example tokens over b samples. We ex-
pand upon the specific mechanism of BP’s infer-
ence efficiency in Section 5.
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One limitation of current BP methods is the
model’s dependence on learning multi-answer for-
matting from a fixed & = b few-shot in-context
examples of the general form Q[i], A[i]. Un-
fortunately, many domains and use cases remain
where it is not feasible to provide annotated ex-
amples at inference time. To address this, we
present in Section 3.1 the techniques to build a
BatchPrompt that instead draws on the instruction
components laid out by Lin et al. (2023) in an en-
tirely zero-shot manner. Experimental results pre-
sented in Section 4.4 indicate that zero-shot batch
prompting is possible across multiple batch sizes
(b). However, when compared to the few-shot set-
ting, there is a notable increase in the rate of mis-
formatted outputs for zero-shot BatchPrompts.

Encouraged by the promising results of zero-shot
BP, we further examine the potential negative ef-
fects of mixing diverse tasks within a batch which
we hypothesized as a consequence of prior work on
distracting context (Shi et al., 2023). Surprisingly,
results presented in Section 4.5 demonstrate BP’s
robustness to multi-task mixing within a batch.

Our contributions are: 1) We introduce two new
BatchPrompt templates: the first designed for
single-task reasoning and the second for multi-
task reasoning. Both are effective in zero-shot and
few-shot settings, providing unambiguous meta-
instructions for answer formatting and task-specific
instructions for adaptability. 2) We demonstrate the
capability of our new BatchPrompt to work with &
in-context exemplars across multiple batch sizes b
including the zero-shot k = 0 setting, albeit at the
cost of increased formatting errors. 3) In multi-task
batch scenarios, we present evidence that increas-
ing the diversity of tasks within a BatchPrompt
while controlling for batch size does not result in
any noticeable decline in the performance of indi-
vidual tasks. 4) We extend Cheng et al. (2023)’s
explanation of BP’s token efficiency 7, and identify



how other LLM techniques impact BP’s efficiency.

2 Related Works

Batch Prompting, initially proposed by Cheng et al.
(2023), involves a straightforward process of con-
catenating k selected in-context examples with b
queries, indexed as Q[i] and A[1i], into a sin-
gle prompt, enabling a language model to answer
all questions in a single inference call to an LLM.
They validate both its effectiveness and efficiency
(with token cost scaling theoretically inversely lin-
ear to b) on batch sizes up to b = 6 on a range
of common sense QA, arithmetic reasoning, and
NLU/NLI benchmarks. Cheng et al. found that 1)
the particular scheme of selecting in-context exam-
ples did not show improvement over random and
2) BP performance suffers mild degradation with
batch size, which steepens with task complexity.
Approximately contemporaneously' with the orig-
inal work, Lin et al. (2023) similarly develops a
more verbose BatchPrompt that incorporates in-
structions for intermediate reasoning techniques
such as chain-of-thought (Wei et al., 2023). Further-
more, they scale their experiments to a much larger
batch size (b = 64) and subsequently propose an
iterative voting strategy over permuted intra-batch
orders to mitigate the greater observed performance
degradation at larger batch sizes. This large-batch
regime, however, has only recently been made fea-
sible by advancements in attention mechanisms
and long-context training that permit, for example,?
the 32k-token context window of GPT-4 (OpenAl,
2023).

3 Methodology

3.1 Engineering and Designing Robust
Prompt Batching Templates

We use OpenAl Playground and GPT-4 (OpenAl,
2023) to prototype prompt templates that consis-
tently formatted output across various tasks. These
templates were laboriously engineered to ensure
both consistent and reliable output, enabling the
creation of one universal cross-task answer pars-
ing function that can extract batched answers as a
list. We observe that minor modifications to the
prompt can substantially increase the batch parsing

'Lin et al. (2023) was published on ArXiv 8 months after
Cheng et al. (2023) with a footnote acknowledging its late
discovery of the original work.

2We assume, based on current research, as GPT-4 remains
shrouded in secrecy.

error rate, and that even slight ambiguities in the
prompt contribute to a higher rate of LLM parsing
errors. Our templates share a common structure,
with task-specific descriptions replacing generic
placeholders. Our prompt templates incorporate
several key features to ensure robustness:

o Comprehensive Task Description: The
single-task BatchPrompt template starts with
sections labeled “Objective”, an optional
“Complexity”, and a “Method” section. These
sections collectively offer a well-rounded un-
derstanding of the task. The “Objective” clar-
ifies the primary goal, “Complexity” pro-
vides an estimate of the task’s intricacy,
and “Method” outlines the recommended ap-
proach for task execution. The multi-task
BatchPrompt template includes an instruction,
method, intermediate reasoning, and output
meaning section for each task ensuring that
the LLLM has sufficient instruction to answer
each task in the same BatchPrompt. When
needed, the prompts contain extra instructions
defining the output meaning, clearly mapping
the LLM’s response to an integer. This integer
can denote output classes for each question in
the batch, facilitating easier parsing.

e Structured Instructions: Both single-task
and multi-task BatchPrompt templates feature
a concise numbered list of instructions; the in-
structions direct the model to explicitly output
the steps used to obtain each answer, spec-
ify the precise number of questions to answer,
and instruct the model to answer all questions,
even in cases of uncertainty.

e Input and Output Format Specification:
The single-task and multi-task BatchPrompt
templates rigorously define formats for input
questions and output answers to ensure clarity
and facilitate parsing. The input format for
both single-task and multi-task BP templates
employs indexed questions, denoted as Q [1].

For the multi-task BatchPrompt, each
question includes a task_code, for-
matted roughly as Q[i] [task_code]:
{question prompt}, aiding in asso-
ciating each query with the correct task
description in the BatchPrompt. The single-
task BatchPrompt follows a similar indexed
format without the task_code.



Following (Lin et al., 2023), the phrase
The answer is is mandated to pre-
cede each answer to maintain uniformity
in the output, which in turn aids in sim-
plifying the parsing and evaluation of
responses. As a result, the output format
for both templates is structured as A[1i] :
{intermediate_reasoning}; The
answer is {answer}.

These features collectively contribute to the ro-
bustness and reliability of our prompt templates,
making them useful tools for generating consistent
and specified output in batch processing scenarios.
We share our complete Batch Prompt templates in
the appendix.

4 Experiments

4.1 Datasets

We assess the effectiveness of Batch Prompting
across four datasets similar to those assessed in
Cheng et al. (2023), measuring the accuracy of
each task across our experiments. Our evaluations
cover a range of task-oriented datasets: mathe-
matical reasoning, represented by GSM8K (Cobbe
et al., 2021); common sense reasoning with Com-
monsenseQA (Talmor et al., 2019); and natural
language inference (NLI), through the MNLI and
RTE datasets under the GLUE benchmark (Wang
et al., 2019).

4.2 Metrics

We evaluate the individual performance of each
tasks in our batch using accuracy across all exper-
iments. Additionally, we monitor Batch Parsing
Error Rate, which quantifies the collective fre-
quency of two types of parsing failures: 1) when an
answer is not generated for a given question, and
2) when the generated answer does not conform to
the format specified by the prompt.

4.3 Experimental Setups

We conduct our experiments using three large lan-
guage models. We use GPT-3.5-16K-Turbo for our
experiments due to its larger context window allow-
ing for larger batches and more in-context examples
than its GPT-3 predecessors (Brown et al., 2020).
We also test on the 13B and 70B versions of the
open Llama-2 model (Touvron et al., 2023). In each
experiment, we evaluate the initial 240 samples
from each dataset to stay within budget constraints

and minimize carbon emissions. Our API costs to-
tal to $70.46. We fix the temperature parameter to 0
for all three models during inference to enhance ex-
periment replicability and as a sensible setting for
un-creative short answer tasks. Preliminary experi-
ments conducted with a temperature of 0.3, show
no increase in batch parsing error rate, nor other ex-
perimental trends particularly counter to those pre-
sented in this paper. We use OpenAlI’s commercial
API platform (ope) to query GPT-3.5-16K-Turbo,
and TogetherAI’s commercial API platform (tog,
2023) API to query full-bit-precision versions of
Llama-2-13B and Llama-2-70B models.

4.4 Single-Task Batch Prompting Results

Model k Accuracy (%)

b

1 36
4 43
1 48
4 32
1 55
4 54
1 59
4 57
1 68
4

8

1

4

8

1

4

8

Llama-2-13B

Llama-2-70B

63
58
72
69
62
75
69
68

GPT-3.5-16K-Turbo 1

Table 1: Average accuracy (computed over RTE,
MNLI, GSMSK, and CSQA) of models in zero-shot
and few-shot settings (k) with increasing prompt batch
sizes (b).

Our analysis of single-task performance across
RTE, GSMS8K, MNLI, and Commonsense QA
shows distinct trends. Figure la shows the zero-
shot accuracy of each task in a zero-shot setting. 1c
shows the same accuracy of each task in a few-shot
setting with £ = 6. In the both charts, a decrease in
task performance is evident as Batch Size increases.
Conversely, figures 1b and 1d both show a rise
in batch parsing error rate with larger batch sizes.
Similar patterns emerge in tests on Llama-2-70B,
detailed in appendix A.2. However, Llama-2-13B
presents a contrasting pattern, showing improved
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Tasks (0-Shot)
—e— rte

—e— COMMON_SENSE

:&\_,

2 3 4 5 6 7 8
Batch Size

(a) Zero-Shot Accuracy

GPT-3.5 Turbo (16k) Accuracy over Batch Size with K-shot Size = 6

.\

\

10

0.8

o
o

o
=

Answer Parsing Error Rate

0.2 q

0.0

1.0

0.8 1

GPT-3.5 Turbo (16k) Answer Parsing Error Rate over Batch Size with K-shot Size = 0

Tasks (0-Shot)
—o— 1te

—e— COMMON_SENSE

2 3 4 5 6 7 8
Batch Size

(b) Zero-Shot Batch Parsing Error Rate

GPT-3.5 Turbo (16k) Answer Parsing Error Rate over Batch Size with K-shot Size = 6

Tasks (6-Shot)
—e— rte

GSM8K
—e— MNLI
—e— COMMON_SENSE

1 —e— rte

Tasks (6-Shot)

GSM8BK
—e— MNLI
—e— COMMON_SENSE

1 2 3 4 5 6 7 8
Batch Size

(c) k = 6-shot Accuracy

0.6 1

Answer Parsing Error Rate

0.2 4

0.0

Batch Size

(d) £ = 6-Shot Batch Parsing Error Rate

Figure 1: Single-task, Few- and Zero-Shot Batch Prompting Accuracy and Batch Parsing vs Batch Size.

accuracy with larger batches in zero-shot settings
as seen in Figure 12 in the appendix. Given the
overall low accuracy in Llama-2-13B when b = 1,
we infer that the diminished performance at lower
batch sizes may be attributed to Llama-2-13B’s
inability to effectively understand and process our
BatchPrompts in zero-shot scenarios; we thus focus
our analysis on experimental trends from GPT-3.5-
16K-Turbo and Llama-2-70B.

4.5 Multi-Task Batch Prompting Results

We next test the performance of our zero-shot multi-
task BatchPrompt on all 15 combinations of the 4
benchmark datasets. Each experiment evaluates
240 samples of each task mixed in batches of 4
such that each batch has at least one sample from
the given combination of tasks. We record in ta-
ble 2 the accuracy and batch parsing error rates of
each task in each combination. Figure 2 plots these

measures against number of tasks. We observe no
significant change in performance with respect to
number of tasks in a batch prompt, which we inter-
pret as BP being robust to multi-task prompts when
provided with a sufficient task description for each
task.

Table 2 and figure 3 also show that there is no clear
benefit nor detriment to having similar (e.g. RTE
and MNLI — similar NLI tasks from GLUE) or dif-
ferent (e.g. RTE and GSM8K — NLI vs arithmetic
reasoning) tasks within a batch. This is counter to
our original hypothesis that more, and especially
very different, tasks in a batch would negatively
affect performance following from work on dis-
tracting contexts. Both Llama-2 models’ accura-
cies and batch parsing error rates are plotted in
appendix A.2.



Batch Task Accuracy (%) Task Parse Error (%)
(b=4) | CSQA GSMS8K RTE MNLI | CSQA GSM8K RTE MNLI
C 67 - - - 4 - - -
G - 47 - - - 11 - -
R - - 65 - - - 3 -
M - - - 60 - - - 6
C,G 69 48 - - 4 4 - -
C.R 61 - 72 - 6 4 -
CM 66 - - 64 6 - - 3
G,R - 47 70 - - 7 7 -
GM - 42 - 56 - 11 - 5
R.M - - 65 60 - - 5 4
C,G,R 66 46 70 - 6 8 3 -
C,G,M 62 41 - 53 3 7 - 3
C,RM 60 - 73 55 7 - 3 3
G,R.M - 42 68 63 - 6 4 4
C,GRM 65 55 71 58 6 5 4 4

Table 2: Per-task Accuracy and Batch Parsing Error Rates for Multi-Task batch combinations (b=4) on GPT-3.5-
16K-Turbo. Tasks in a batch are labeled by their first letter: (C)SQA, (G)SMS8K, (M)NLI, (R)TE. 240 samples per
dataset per combination. Highest accuracy/lowest error is bolded for each task.

5 Discussion

5.1 Batch Prompting Efficiency
5.1.1 Token Efficiency

In their work, (Cheng et al., 2023) define the token
efficiency for standard prompting as 7standard =
ﬁ and for batch prompting as Myqtch, = KLer’
where K denotes the number of in-context exem-
plars, and b is the number of samples in a batch.
However, these definitions assume that the in-
context token count K is identical for both standard
and batch prompting (Kpatcrh, = Kstandard), an as-
sumption that fails to capture the practical complex-
ities of batch prompting. In reality, batch prompts
typically require additional tokens to prime the
model to answer all questions in the desired output
format. Considering these factors, we propose a
refined formulation specifically for token efficiency
in batch and standard prompting. Let K., and
Ktandard represent the total input tokens (includ-
ing in-context examples, instructions, and query to-
kens) for batch and standard prompts, respectively,
with Kbatch > Kstandard- Let Kbatch represent
the total number of input tokens for batch prompts,
and Kiqndarq for standard prompts, excluding the
query tokens. This includes all in-context examples
and instructions. Note that Kpqp, is greater than
Ktandarq- In the multi-task setting, the discrep-
ancy between Kpqscp, and is Kgiqndard €ven larger,

as seen in BatchPrompt examples in appendix A.
Then, let Qpqtcp represent the average number of
input and output tokens required per batched query,
and Q) standard for a standard query, to both ask and
answer the question. Qpatch > Qstandard tO ac-
count for the indexing tokens Q[i] for questions
and A[i] for answers. The revised token efficien-
cies can be defined as:

1

Tstandard = (1)
Kstandard + Qstandard

b
batch = (2)
Tbate Kbatch + Qbatchb

To determine the point at which batch prompt-
ing surpasses standard prompting in terms of in-
put token efficiency, we solve for the condition
Mbatch > Nstandard- After rearranging and solving
for b, the condition for batch prompting to have
higher token efficiency than standard prompting is
found to be:

KCLC
b batch 3)

Kstandard + Qstandard - Qbatch

This inequality presents a more realistic and stricter
bound on the efficiency of batch prompting and the
necessary size of b to justify the use of BP for nat-
ural language tasks. It accounts for the additional
tokens required in batch prompting for managing
multiple queries and specifying the expected input
and output formats.
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Figure 2: Task Accuracies and Batch Parsing Error Rates vs batch task diversity (# tasks in batch) tested on GPT-
3.5-16K-Turbo. All batches are size b = 4 and task metrics are averaged over all combinations of the same size.
Similar plots for the Llama-2 family of models can be found in the appendix.

5.1.2 Time Efficiency

We define time efficiency for prompting as
the ratio of questions answered to the time
taken.  For standard prompting, it’s repre-
sented by Tencode,standard+T;ecode,standard+Tapi

with Tepcode_standard a0d Tdecode_standard s the in-
put encoding and output decoding times, respec-
tively, and T7,;,; as the API network wait time over-
head. For batch prompting, time efficiency can be
measured as Tencode,batch+T5ecode,batch+Tapi » Where
Tencode,batch and Tdecode,batch are the respective
encoding and decoding times for batch queries,
and b is the batch size. Notably, T¢,code batch»
Tiecode_batchs> Lencode_standard> 04 Tiecode_standard
could change as model architectures evolve. In
contrast to our detailed token efficiency section,
we have chosen not to further dissect the relation-
ship between input encoding and output decoding
token times to batch size in the time efficiency
analysis. This decision stems from the presence
of numerous confounding factors that complicate
deriving a meaningful relationship, particularly for
the majority of LLM users who depend on API-
based interactions. Given Tg,;, and API Token
limits as the current primary constraints to time
efficiency, batch prompting could practically pro-
vide up to b-times more time-efficiency over stan-
dard prompting. An alternative to BP that would
enhance time efficiency is independently passing
numerous prompts each through separate API calls.
However, considering token rate limits as a poten-
tial bottleneck for time efficiency, our discussion
and formulas on token efficiency may provide more
insights to comparing the time efficiency of batch

prompting with standard prompting. We defer the
empirical analysis of quantifying the wall clock
benefits of BP as a subject for future research.

5.2 Limitations and Future Work

Despite its demonstrated capability to operate in
zero-shot and multi-task settings, BP still faces key
limitations. First and most clearly, the existence of
parsing errors (particularly in zero-shot) that don’t
exist with single prompts is undesirable. These
errors are persistent and demand a lot of prompt
engineering to be suitably addressed. We, however,
suspect that this issue could be alleviated using
either answer format validation with retries (Liu,
2023) or a constrained decoding strategy using an
automatically-generated grammar based on batch
size and task descriptions (Scholak et al., 2021;
Geng et al., 2023). We leave this hypothesis to
future works.

In addition, Batch Prompting’s token efficiency im-
provement is limited to splitting the cost of shared
input tokens. This means that while BP saves
tokens when a prompt is comprised of many in-
context examples and shared instructions (such
as those in our zero-shot BatchPrompt), it cannot
save on sample-specific tokens of each task such
as question prompts or generated response tokens.
Consequently, Batch Prompting may fail to sig-
nificantly enhance efficiency gains on expensive
reasoning techniques like chain- or tree-of-thought
(Wei et al., 2023; Yao et al., 2023) while consum-
ing the model’s context window at b times the rate.
These efficiency gain limitations point towards BP
being most useful in settings with easy, short out-
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Figure 3: Relative (to single-task case) task accuracies for each task combination using GPT-3.5-16K-Turbo and

b=4.

puts (such as with the datasets we test) that require
minimal reasoning to achieve sufficient accuracy.
We believe that future work on BP should be di-
rected in these domains that are best suited to its
strengths such as a dynamic batch sizing technique
and associated experiments quantifying the relation
between performance decline and task complexity
beyond using length as a proxy. Future research
should investigate fine-tuning a Large Language
Model to minimize the number of input tokens
required for efficient Zero-Shot Single-Task and
Multi-Task Batch Prompting, while also aiming to
lower the Answer Parsing Error Rate.

6 Conclusion

Batch Prompting has been demonstrated as a sim-
ple means of reducing an LLM workload’s token
cost at a minor cost to accuracy and formatting er-
rors that might be mitigated by ensemble voting
and constrained decoding strategies. We present a
further examination of BP in the zero-shot domain
by developing an example-free set of instructions
used to construct a BatchPrompt. Experiments
on both GPT-3.5-Turbo-16K and Llama-2-70B
demonstrate that the loss of in-context examples
is not catastrophic to performance with the correct
format instructions. We also expand this prompt

to the multi-task batch setting and demonstrate the
invariance of overall performance to batch task di-
versity.

Our zero-shot single-task and multi-task Batch-
Prompts lead to a broader understanding of BP’s
token efficiency n and its limitations. It highlights
the specific contexts where BP is most beneficial
and points towards potential areas for future re-
search.

7 Project Contributions

We have split the workload of this project fairly
and in a way that preserves autonomy of tasks.
Rohan implemented the generic experiment frame-
work that constructs the batch prompts and queries
the models in frequent design conversation with
Alex. Alex implemented evaluation code and has
conducted the model queries and prompt tuning
to arrive at a suitably general prompt for all cases.
Throughout the writing and implementation stages,
we’ve kept each other well-informed regarding spe-
cific implementation details to allow for different
experiment configurations (datasets, k-shot, model,
etc), and what metrics and configurations to sup-
port/aim for. We also share the responsibility of
devising the given set of experimental configura-
tions to execute to test our research questions, as



well as writing proposals and reports.
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A Appendix

A.1 Example Single-Task BatchPrompt:
GSMSK Zero-Shot

Batch Prompt Example

Objective:

Your task is to solve a set of math questions
in a batch. The total number of questions in
the batch is defined as {batch_size}.
Complexity:
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Each question in the batch will require you
to perform between 2 and 8 steps to arrive
at the final answer.

Method:

Use basic arithmetic operations to perform
a sequence of calculations for solving these
questions.

Instructions:

1. Intermediate Reasoning: Include all
the intermediate steps you took to ar-
rive at each answer. This ensures that
the answer is both well-reasoned and
reliable.

2. Batch Size: The number of answers
you provide must exactly match the
specified {batch_size}.

Input Format:

Q[0]: {Question_0_Text}
QO[1]1: {Question_1 Text}

Q[{batch_size - 1}1]:
{Question_{batch_size-1} Text}

Output Format:
A[index]:
Reasoning}; The answer is
{Answer_Integer}

{Intermediate_

e index: This is the index of the ques-
tion you are answering. It must be pre-
fixed with A’ and enclosed in square
brackets.

e {Intermediate Reasoning}:
This is where you provide all the
intermediate steps that led you to the
final answer.

e {Answer_Integer}: This is the fi-
nal integer answer to the question.

The phrase The answer is’ must directly
precede the integer answer and come after
the intermediate reasoning, separated by a
semicolon. Please adhere strictly to these
guidelines to ensure the output is in the de-
sired format.

A.2 Multi-Task BatchPrompt - Various
Domains

Batch Prompt Example

Objective:

Your task is to solve a variety of questions
across multiple domains in a single batch
operation. The total number of questions in
the batch to answer is defined as batch_size
= {{batch_size}}.

Task Descriptions:

COMMON_SENSE: Instruction - our task
is to solve a set of multiple-choice ques-
tions from the CommonsenseQA dataset
in a batch. CommonsenseQA is a new
multiple-choice question answering dataset
that requires different types of common-
sense knowledge to predict the correct an-
swers . You will be given {{batch_size}}
questions each time, as input. These ques-
tions are designed to test your ability to
answer queries that often require contex-
tual understanding and general world knowl-
edge. Your goal is to select the letter cor-
responding to the most appropriate answer
among five options labeled ’a’, ’b’, °c’, °d’,
and ’e’ for each question in the batch. COM-
MON_SENSE: Method - Use your exper-
tise in NLP and contextual understanding
to perform a sequence of logical evalua-
tions for solving these questions. COM-
MON_SENSE: Intermediate Reasoning - In-
clude all the steps you took to arrive at your
answer. This could include identifying key
phrases, contradictions, or logical connec-
tions that led you to choose a particular op-
tion. COMMON_SENSE: Output Meaning
- Select the most appropriate answer and
output the letter after “The answer is” with
the corresponding letter.

GSMB8K: GSMSK: Instruction - Your task
is to solve a set of math questions in a batch.
GSMB8K: Method - Use basic arithmetic op-
erations to perform a sequence of calcula-
tions for solving these questions. GSM8K:
Intermediate Reasoning - Each question in
the batch will require you to perform be-
tween 2 and 8 steps to arrive at the final
answer. GSM8K: Output Meaning - Each
answer is an integer that is the answer to the




question.

RTE: RTE: Instruction - Your task is to
solve a set of recognizing textual entailment
(RTE) questions in a batch. You will be
given {{batch_size}} sentence pairs from
the Textual Entailment Recognition dataset
each time, as input. Your goal is to classify
each sentence pair into two classes. RTE:
Method - Use your expertise in NLP and
sentence pair relationship annotation to per-
form a sequence of logical evaluations for
solving these questions. RTE: Intermedi-
ate Reasoning - Include all the steps you
took to evaluate the relationship between
the Premise and Hypothesis. This could
include identifying key phrases, contradic-
tions, or logical connections. RTE: Output
Meaning - An answer of O signifies entail-
ment between the Hypothesis and Premise,
while 1 signifies non-entailment.

MNLI: MNLI: Instruction - Your task is
to solve a set of MultiNLI (MNLI) ques-
tions in a batch. You will be given premise-
hypothesis pairs from the MNLI dataset as
input. Your goal is to classify each pair
into one of three classes: entailment, neu-
tral, or contradiction. MNLI: Method - Use
your expertise in NLP and sentence pair re-
lationship annotation to perform a sequence
of logical evaluations relationship between
each Premise and Hypothesis pair. Given a
premise sentence and a hypothesis sentence,
the task is to predict whether the premise en-
tails the hypothesis (entailment), contradicts
the hypothesis (contradiction), or neither
(neutral). MNLI: Intermediate Reasoning
- Include all the steps you took to evaluate
the relationship between the Premise and
Hypothesis. This could include identify-
ing key phrases, contradictions, or logical
connections. MNLI: Output Meaning - An
answer of 0 means the premise entails the
hypothesis, indicating that if the premise is
true, the hypothesis must also be true. In
this case, the information in the hypothesis
is a logical subset of the information in the
premise. An answer of 1 means the relation-
ship between the premise and the hypothesis
is neutral, suggesting that the truth of the
premise neither guarantees nor contradicts

the truth of the hypothesis. The hypothesis
could be either true or false regardless of
the premise’s truth value. An answer of 2
means the premise contradicts the hypoth-
esis, implying that both cannot be true at
the same time. If the premise is true, the
hypothesis must necessarily be false, and
vice versa.

Instructions:

1. Intermediate Reasoning: Include all
the steps you took to evaluate the rela-
tionship between the Premise and Hy-
pothesis.

2. Batch Size: You must provide an an-
swer for each question in the batch, en-
suring that the number of answers you
provide exactly matches the specified
{{batch_size}}.

3. Handling Ambiguities: Answer ev-
ery question even if you are unsure
about the answer.

Unified Input Format:

The batch will contain questions each
tagged with a unique index and a task code,
formatted as follows:

Q[index][task_code]: {{Question_Text} }

Output Format:

You must adhere to the following format
rigorously for each answer:

Alindex]: {{Intermediate_Reasoning}};
The answer is {{Answer_Integer} }
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Figure 12: Line Plot illustrating the Accuracy of One-
Shot Single-Task Batched Prompts with Llama2-13B at
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Figure 13: Line Plot illustrating the Batch Parsing Er-
ror Rate of One-Shot Single-Task Batched Prompts with

Llama2-13B Turbo at various batch sizes
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Figure 14: Line Plot illustrating the Zero-Shot Accuracy
of Each Task against the Number of Unique Task Types
in Multi-Task Batched Prompt for GPT-3.5-Turbo-16K
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Figure 15: Line Plot illustrating the Batch Parsing Error
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Figure 16: Line Plot illustrating the Zero-Shot Accuracy
of Each Task against the Number of Unique Task Types
in Multi-Task Batched Prompt for GPT-3.5-Turbo-16K
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Figure 17: Line Plot illustrating the Batch Parsing Error
Rate of Each Task against the Number of Unique Task
Types in Multi-Task Batched Prompt for GPT-3.5-Turbo-
16K

Figure 19: Line Plot illustrating the Batch Parsing Error
Rate of Each Task against the Number of Unique Task
Types in Multi-Task Batched Prompt for Llama2-70B
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Figure 20: Line Plot illustrating the Zero-Shot Accuracy
of Each Task against the Number of Unique Task Types
in Multi-Task Batched Prompt for Llama2-13B
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Figure 21: Line Plot illustrating the Batch Parsing Error
Rate of Each Task against the Number of Unique Task
Types in Multi-Task Batched Prompt for Llama2-70B



