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Abstract

In this paper, we present our finding that prepending a Task-
Agnostic Prefix Prompt (TAPP) to the input improves the
instruction-following ability of various Large Language Mod-
els (LLMs) during inference. TAPP is different from canonical
prompts for LLMs in that it is a fixed prompt prepended to
the beginning of every input regardless of the target task for
zero-shot generalization. We observe that both base LLMs (i.e.
not fine-tuned to follow instructions) and instruction-tuned
models benefit from TAPP, resulting in 34.58% and 12.26%
improvement on average, respectively. This implies that the
instruction-following ability of LLMs can be improved during
inference time with a fixed prompt constructed with simple
heuristics. We hypothesize that TAPP assists language models
to better estimate the output distribution by focusing more
on the instruction of the target task during inference. In other
words, such ability does not seem to be sufficiently activated
in not only base LLMs but also many instruction-fine-tuned
LLMs.

Introduction

Large Language Models (LLMs) have demonstrated the abil-
ity to follow user instructions through approaches such as
instruction tuning or reinforcement learning from human
feedback (RLHF) (Sanh et al. 2021; Wei et al. 2021; Wang
et al. 2022c; Ouyang et al. 2022; Min et al. 2022a; Chung
et al. 2022; Ye et al. 2022; Bai et al. 2022; Askell et al. 2021).
However, previous work mainly has focused on fine-tuning-
based approaches to enhance the instruction-following ability
of LLMs where the model is fine-tuned on various tasks with
instructions, requiring multiple backpropagation processes
and necessitating access to the model weights which limits
its applicability to proprietary models.

In this paper, we present and analyze our finding that
prepending a Task-Agnostic Prefix Prompt (TAPP) that is de-
termined by simple heuristics during inference significantly
enhances the instruction-following ability of LLMs across
various tasks for both open-sourced and proprietary models
(Zhang et al. 2022; Brown et al. 2020; Wang and Komat-
suzaki 2021; Black et al. 2022). Specifically, TAPP consists
of multiple cross-task demonstrations where each demonstra-
tion is a concatenation of an instruction, input, and output
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instance of a task. Note that TAPP is different from canon-
ical task-specific prompts in that it is a fixed prefix prompt
that is prepended regardless of the target task for zero-shot
generalization.

We first observe that TAPP significantly enhances the
instruction-following performance of various base LLMs
that are not fine-tuned to follow instructions. Notably, even
smaller LLMs with TAPP outperform much larger language
models without TAPP, such as the 6B-sized GPT-J with
TAPP outperforming 30 times larger 175B-sized GPT-3
Davinci without TAPP. Second, we show that applying
TAPP on top of instruction-fine-tuned LLMs also improves
the performance, boosting the performance of one of the
strongest instruction-following LLMs (text-davinci-003) by
9.3%. This indicates that the effect of TAPP during infer-
ence is complementary to the effect of instruction fine-tuning.
Moreover, we demonstrate that prepending TAPP to target
task demonstrations also improves performance, implying
that TAPP also enhances few-shot in-context learning during
inference.

Our analysis shows that TAPP performs best when the
prefix prompt consists of demonstrations of classification
tasks that include explicit answer choice in the instruction
(e.g., expression of “agent” or “customer” in Figure 1). This
holds true even when the target task is a generation task,
which contrasts with the findings of the previous studies that
it is crucial to retrieve a set of prompts that are similar to the
target task (Rubin, Herzig, and Berant 2021; Liu et al. 2022).
We also observe that the performance does not degrade sig-
nificantly even if the input distribution of each demonstration
of TAPP is corrupted. Based on these two observations, we
hypothesize that during inference of TAPP, LLMs learn the
correspondence between the answer choice included in in-
struction and the output of each demonstration of TAPP.
Through this hypothesis, we suggest that the role of TAPP is
to help LLMs focus on the target instruction to better estimate
the output distribution of the target task. This also implies
that this ability does not seem to be sufficiently activated in
both base LLMs and instruction-tuned LLMs, leaving further
investigation as future work.

Related Works

Inference-time Task Adaptation In-context learning is
one of the most widely known gradient-free task adaptation
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Figure 1: Overview of Task-Agnostic Prefix Prompt (TAPP). We construct a fixed set of demonstrations consisting of instruction,
input, and output instances to evaluate base and instruction-fine-tuned LLMs for all tasks. The task categories included in the
demonstrations are strictly held-out and from the tasks being evaluated, ensuring a zero-shot setting.

approaches during inference. Language models pretrained
to predict the next token autoregressively possess the abil-
ity to adapt to the target tasks when conditioned on only a
few task-specific training examples without gradient update
(Brown et al. 2020; Chowdhery et al. 2022; Akylirek et al.
2022; von Oswald et al. 2022; Garg et al. 2022; Dai et al.
2022). However, few-shot in-context learning requires access
to target task demonstrations for each task, implying that the
user has to take the effort of generating the demonstrations
for each task by themselves. To address this issue, Lyu et al.
(2022) propose Zero-shot In-Context Learning method (Z-
ICL), retrieving relevant sentences from an external corpus
and assigning random labels to construct demonstrations for
classification target tasks. However, Z-ICL is only applicable
for single-sentence classification tasks and tasks that only
have single-word answer choices. Also, Z-ICL assumes that
the output distribution of the task is given. In contrast, our
work observes the effect of task-agnostic prefix prompts with-
out any restrictions on the type of the downstream task or
the necessity of additional information about the task, which
makes the approach applicable even for real-time scenarios.

Instruction-Following LLMs Recent works have shown
that fine-tuning-based instruction learning, e.g., instruction
tuning or RLHF, can boost the capability of LLMs to follow
instructions or align to human preferences (Sanh et al. 2021;
Wei et al. 2021; Wang et al. 2022c; Chung et al. 2022; Min
et al. 2022a; Ye et al. 2022; Ouyang et al. 2022; Bai et al.
2022; OpenAl 2022). These works have demonstrated that
the effect of instruction fine-tuning can be maximized by
scaling the size of the base model or by training on a more di-
verse set of tasks. However, whether the instruction following
ability of LLMs is newly obtained through instruction tuning
or is already obtained during pretraining is under-explored.
Wang et al. (2022b); Honovich et al. (2022) show that down-
stream tasks generated by LLMs themselves which contain
noisy instances can actually be good training instances for
instruction tuning, implying that LLMs are already somewhat
aware of instructions. We extend this hypothesis that base
LLMs already have the capability to follow instructions by
showing that applying TAPP regardless of the target task
without performing any backpropagation, i.e., using the base
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model checkpoint without any gradient update, improves the
performance on the target downstream tasks.

Task-Agnostic Prefix Prompt

TAPP consists of cross-task demonstrations where each is
a concatenation of instruction, input, and output instance,
as shown in Figure 1. The exact prompt is provided in the
Appendix. In this section, we explain the rules we have used
to construct TAPP. Also, we mention the advantages of ap-
plying TAPP during the inference of LLMs for zero-shot
task generalization.

TAPP Construction

We select K tasks as demonstrations for TAPP from a task
pool containing a total of N tasks, with each task instance
consisting of an instruction, input, and output'. We apply
some simple heuristics to first filter the task set, randomly
sample a single instance per filtered task set, and lastly, sam-
ple K instances all corresponding to different tasks. The rules
are as follows:

1. Task Types: We only sample from classification tasks that
explicitly include an answer choice in the instruction (e.g.,
“agent” or “customer” in Figure 1). We hypothesize that
including the answer choice in the instruction might assist
LLMs to follow instructions during inference.

. Answer Choice Overlap: We ensure that the answer
choices do not overlap between demonstrations. We ex-
pect that the overlap of answer choices leads to LLMs
copying the labels of the demonstrations, similar to the
copying effect during inference of LLMs (Lyu et al. 2022).

. Maximum Length: We restrict the length of the concate-
nation of instruction, input, and output instance for each
demonstration to 256 tokens by a maximum considering
the maximum sequence length?.

. Ordering: We order the demonstrations by the num-
ber of answer choices for each task in ascending order.
For demonstrations having the same number of answer

"Unless specified, we set K = 8 as default.
*Because we mainly experiment on 175B-sized GPT-3, we set
the default maximum input sequence as 2048.
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Figure 2: Average performance of 119 evaluation tasks on SUPERNI benchmark. TAPP is effective for both base and instruction-
fine-tuned LLMs. We report the mean score of three random seeds for different demonstration sets for TAPP and the error bars of
standard deviation. We also perform an evaluation using INSTRUCTSCORE (Xu et al. 2023) and provide the full demonstration

sets in the Appendix.

choices, we sort by demonstration length in ascending
order.

TAPP for Zero-Shot Task Generalization

After randomly sampling K tasks from a set of tasks that
satisfy the criteria and ordering them by the criterion, we con-
struct a fixed set of demonstrations M = [M;, Mo, ..., M ]
(TAPP) and prepend it on the concatenation of instruction
(I}) and i-th input instance (xy;) of the target task ¢. The re-
sponse (y;) of the model parameterized by 6 is calculated as
follows:

arg max P(ys | M, Iy, x4;;0) (D

where M is invariant regardless of the target task ¢ and K is
the number of demonstrations. We ensure that the K tasks
comprising the demonstration set of TAPP are strictly held-
out from the target task 7" in order to measure the effect of
TAPP for zero-shot task generalization.

It is worth noting that TAPP is different from canoni-
cal task-specific prompts which usually vary depending on
the target task. TAPP is a fixed prefix prompt that can be
prepended to any target task without any restriction, being
easily reproducible and widely applicable. Also, TAPP does
not require any additional information during inference such
as the task category information or the output distribution of
the target task, unlike task-specific prompts such as few-shot
prompting or the approach of Lyu et al. (2022).

Experiments
Experimental Setup

We construct the demonstrations for TAPP by utilizing En-
glish training tasks of SUPER-NATURALINSTRUCTIONS
(SUPERNI) benchmark (Wang et al. 2022c¢) as the task pool,
which includes 756 tasks in total. To evaluate the effective-
ness of TAPP, we use the held-out tasks from SUPERNI
for testing, which consists of 119 tasks across 12 different
categories, including free-form generation, word relation rea-
soning, and various classification tasks. We select SUPERNI
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as our evaluation benchmark because it offers a diverse set
of tasks with varying levels of complexity. Each task has 100
instances, and we exclude instances that exceed the maxi-
mum sequence length, resulting in a total of 11,802 instances.
We use different evaluation metrics for each task, such as Ex-
act Match for classification or single-word prediction tasks
and ROUGE-L for free-form generation tasks, following the
metric used in Wang et al. (2022c¢). We provide the list of
12 evaluation task categories and more detailed evaluation
settings in the Appendix.

Model Types We evaluate 4 LLMs with various model
sizes: 1) GPT-3 (Brown et al. 2020), 2) OPT (Zhang et al.
2022), 3) GPT-NeoX (Black et al. 2022), and 4) GPT-J (Wang
and Komatsuzaki 2021)> For GPT-3, we evaluate not only
the base LLM but also evaluate LLMs that are fine-tuned to
follow instructions and aligned to human preferences through
reinforcement learning (Ouyang et al. 2022). We evaluate
the performance of GPT-3 models with sizes of 6.7B and
175B. For OPT, we evaluate models with 6.7B, 13B, and 30B
parameters, while for GPT-NeoX and GPT-J, we evaluate
models with 20B and 6B parameters, respectively®.

Results

Various base LLMs benefit from TAPP. As shown in the
left part of Figure 2, Task-Agnostic Prefix Prompt (TAPP)
consistently improves the performance of base LLMs (i.e
not fine-tuned with instructions) across all model scales, re-
sulting in over 50% performance increase for OPT-13B. Us-
ing this fixed prompt, smaller models can outperform much
larger models without TAPP (Base Input). Specifically, the
6B-sized GPT-J model with TAPP exceeds 30 times larger

3From preliminary experiments, we observe that applying TAPP
harms the performance for OPT-IML (Iyer et al. 2022) and FLAN-
TS5 (Chung et al. 2022) due to the characteristics of each model. We
provide more discussion in the Appendix.

“We do not evaluate on GPT-3.5 (OpenAlI 2022) or GPT-4 (Ope-
nAI 2023) since the model details such as the model size or archi-
tecture are not known.
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Input-Corrupted TAPP Demonstrations
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Figure 3: (Top) Example of Input-corrupted TAPP, where we corrupt the input instance distribution of the demonstrations.
(Bottom) Comparison with Base Input, TAPP, and Input-corrupted TAPP. For most of the models, input distribution corruption
does not harm the performance much. We report the mean score of three random seeds for different demonstration sets for TAPP.
We report a result of a single seed for 175B-sized models due to inference costs. We provide the full demonstration sets in the

Appendix.

175B-sized GPT-3 model without TAPP. This shows that
TAPP can improve the ability of base LLMs to follow in-
structions without fine-tuning or backpropagation. Moreover,
we observe the gain from TAPP during inference can out-
perform the gain from instruction tuning by comparing the
performance of TAPP applied to GPT-3 model without in-
struction tuning (davinci) and the base input setting of the
instruction-tuned GPT-3 model (text-davinci-001).

The gain from TAPP is complementary to instruction
fine-tuning. As shown in the right part of Figure 2, we
observe that TAPP improves the performance of LLMs fine-
tuned through instruction tuning or RLHF, especially for
models over 100B parameters. This implies that instruction
fine-tuning alone might be sometimes insufficient for larger
models and pretending a fixed prefix prompt can improve
the instruction following ability orthogonally. In particular,
we observe a significant performance improvement for text-
davinci-002 (175B), outperforming an RLHF-tuned model
text-davinci-003 with base input. Also, we demonstrate that
the most powerful model (text-davinci-003) also benefits
from TAPP by 9.3%, achieving the best performance. We
leave detailed analysis on more diverse instruction-fine-tuned
models as future work.

Input Corruption of TAPP does not harm the perfor-
mance much. In Figure 3, we observe that corrupting the
distribution of input instances for each demonstration for
TAPP does not harm the performance much, similar to the ob-
servation in Min et al. (2022b) for few-shot in-context learn-
ing. Instead of perturbing the input-output correspondence,
done in Min et al. (2022b), we perturb the input distribution
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itself, which is a setting where there are more corruptions as
shown at the top of Figure 3. Following Min et al. (2022b),
we use CC-News (Hamborg et al. 2017) as an external corpus
to replace the ground truth input instance with random sen-
tences that have a similar length to the original input instance.
As shown in the bottom of Figure 3, corrupting the input
instance distribution of each demonstration does not harm
the performance much across most model scales. This is in
line with the observations made in previous works that LLMs
do not make full use of all the information provided to them
(Min et al. 2022b; Webson and Pavlick 2021; Madaan and
Yazdanbakhsh 2022; Wang et al. 2022a). Interestingly, unlike
few-shot in-context learning where corrupting the input dis-
tribution itself leads to significant performance degradation,
we demonstrate that not only the input-output correspon-
dence does not matter, but also the input instance distribution
matters little for TAPP.

Analysis

We additionally investigate the factors that make TAPP ef-
fective. We evaluate base GPT-3 175B checkpoint on a single
task per task category, a total of 12 tasks due to API costs’.

Additional Experiments

Comparison with Task-specific Prefix Prompts We com-
pare the performance of TAPP with other prefix prompts that

SWe select a single task per task category with a significant dis-
crepancy between the lower bound and upper bound performance
across davinci, text-davinci-001, 002, 003 models to see the ten-
dency more clearly.
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| Category Output Task AVG
Base (No PP) X X X 29.66
TAPP X X X 4424
Nearest PP X X X 44.16
Category PP v X X 4243
Output PP X v X 34.34
Few-shot ICL v v v 56.65
+ TAPP v v v 60.21

Table 1: We compare the performance of TAPP with differ-
ent strategies to construct task-specific Prefix Prompts (PP):
Nearest PP, Category PP, and Output PP. Unlike other ap-
proaches, TAPP is fixed regardless of the target task and
does not require any information about the task category,
output, or target task. Additionally, we observe prepending
TAPP to target task demonstrations (Few-shot ICL) enhances
the performance.

are task-specific, meaning that the prefix prompt depends
on the target task rather than being fixed. We compare with
three approaches: Nearest PP, Category PP, and Output PP.
First, for Nearest PP, we construct the prefix prompt by re-
trieving top-K similar instances for each target task from
training tasks of SUPERNI using SimCSE (Gao, Yao, and
Chen 2021) search tool, similar to the setting of Lyu et al.
(2022)°. Second, for Category PP, we construct the prefix
prompt by randomly sampling demonstrations from the task
that belongs to the same task category (e.g., question an-
swering), from the evaluation tasks of SUPERNI benchmark
but excluding the same task, assuming that the task category
information is provided during inference. Third, for Output
PP, we utilize the output label of few-shot demonstrations of
the target task while corrupting the input distribution of each
demonstration, following the input corruption setting of Min
et al. (2022b). This setting is equivalent to providing only the
output distribution through demonstrations.

43.68  44.24

AVG Performance

Base

Generated Sampled

Figure 4: The result of TAPP using demonstrations generated
by ChatGPT (OpenAlI 2022). Machine-generated demonstra-
tions show comparable performance to demonstrations sam-
pled from SUPERNI benchmark.

SNote that the original setting of Lyu et al. (2022) is only ap-
plicable for single sentence classification tasks and for tasks that
have single word answer choices. Therefore, the method cannot be
directly compared to benchmarks that include a diverse collection
of tasks such as SUPERNI.
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Results in Table 1 show that TAPP is comparable to or
outperforms other task-specific prefix prompts. First, we find
that Nearest PP does not outperform TAPP. This indicates
that using an external search tool to find similar demonstra-
tions for each target task might not help much. Second, Cate-
gory PP slightly underperforms TAPP because constructing
cross-task demonstrations that are similar to the target task
sometimes leads to copying the output of the demonstration,
similar to the copying effect observed in Lyu et al. (2022).
Lastly, we observe that Output PP significantly underper-
forms TAPP. Although Output PP outperforms TAPP for
classification tasks (36.83 vs 43.67), it significantly underper-
forms for generation tasks (51.93 vs 24.98). We hypothesize
that this is because while the correspondence between input
and output for each demonstration is less crucial for clas-
sification tasks (Min et al. 2022b), the correspondence is
important for generation tasks, giving a distracting signal
to the LLM if the correspondence is not matched (Shi et al.
2023). Through these results, we observe that TAPP shows
comparable or better performance compared to task-specific
prefix prompts while not requiring any additional information
or search tools.

Orthogonality with Few-shot In-Context Learning From
the result of Figure 2, we have observed that TAPP enhances
the performance of instruction-fine-tuned LLMs. Here, we
investigate if TAPP also enhances few-shot in-context learn-
ing, which assumes that in addition to category and output
information, the target task information is provided through
demonstrations of the target task. We use 4-shot few-shot
demonstrations for Few-shot ICL and prepend 4 demonstra-
tions for TAPP to fit the input into the maximum sequence
length. As shown in Table 1, prepending TAPP to Few-shot
ICL boosts the performance, implying that TAPP can also
enhance few-shot in-context learning through a fixed pre-
fix prompt. Additionally, we observe that prepending 4-shot
TAPP to 4-shot Few-shot ICL setting largely reduces the per-
formance gap between 8-shot Few-shot ICL without TAPP
(60.21 vs 61.71). This suggests the advantage of TAPP in
real-time LLM serving scenarios: while the users can save
the effort of manually constructing twice more task-specific
demonstrations for each task, they can achieve similar perfor-
mance by simply prepending TAPP to the input.

Comparison with Machine-Generated Prefix Prompts
We explore if TAPP shows effectiveness for machine-
generated demonstrations instead of sampling from the task
pool (SUPERNI). We use ChatGPT (OpenAl 2022) for
demonstration generation by specifying the rules used to con-
struct the demonstration set for TAPP. As shown in Figure 4,
TAPP is also effective for machine-generated demonstrations,
showing comparable performance to TAPP with demonstra-
tions from SUPERNI and significantly outperforming the
result without any prefix prompt. This finding suggests that
TAPP is effective even without a sampling process from
benchmarks that consist of diverse instructions, indicating
that the performance enhancement is not from demonstration
construction through sampling, but is from the construction
rule and the format of TAPP. We provide an example of a
machine-generated demonstration set in the Appendix.
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| Inst.  Input Output | AVG
TAPP v/ v/ v 44.24
Random Inst. X 4 v 31.18
Random Input 4 X v 44.27
Random Output | v v X 38.30

Table 2: Corrupting the distribution of each component (in-
struction, input, output) of the demonstration of TAPP by
replacing it with random words or sentences. An example of
each demonstration corruption is shown in the Appendix.

Ablation Studies

Instruction and output distribution of the demonstrations
of matters. We further analyze the effectiveness of each
component of the demonstrations for TAPP by corrupting the
distribution of each component: instruction, input, and output
instance. For instruction corruption, we replace the ground
truth sequences with random sequences from an external cor-
pus, which is similar to how we corrupt the input distribution.
For output corruption, we replace ground truth labels with
random English words, following Min et al. (2022b). The
results are shown in Table 2. Unlike input distribution cor-
ruption results of Figure 3, corrupting the distribution of the
instruction or the output instance of each demonstration sig-
nificantly harms the performance. In particular, corrupting the
instruction distribution shows little improvement compared
to base input without any prefix prompts (31.18 vs 29.67).
This suggests that, unlike input instances, the distribution
of instruction and output instances significantly affects the
performance of TAPP.

Constructing the demonstration set with classification
tasks is important. We analyze the heuristic of construct-
ing the demonstration set from only classification tasks in
TAPP by varying the ratio of classification tasks consist-
ing of the demonstration set. As shown in Figure 5a, the
average performance increases as the ratio of classification
tasks increases. Interestingly, we observe that constructing
the demonstration set with classification tasks also enhances
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generation (non-classification) target tasks. This finding con-
trasts with few-shot in-context learning setting, where retriev-
ing demonstrations similar to the target query enhances the
few-shot performance (Rubin, Herzig, and Berant 2021; Liu
etal. 2021) 7.

Increasing the number of demonstrations improves the
performance. We study the impact of the number of
demonstrations that consist TAPP. Results are shown in
Figure 5b. As expected, the mean performance improves
as the number of demonstrations increases. Notably, the
instruction-following ability significantly improves even with
2 demonstrations, implying that using only a small set of pre-
fix prompts can still improve the performance of LLMs. This
also suggests that for settings where efficient computation
during inference is crucial, reducing the number of demon-
strations that consist TAPP might be an optimal approach
since the performance degradation is not severe.

Ordering the demonstrations by the number of answer
choices reduces the variance. To examine the impact of
different orderings of the demonstration set, we compare the
ordering of demonstrations that consist TAPP based on the
number of answer choices with a random ordering. Figure
5c shows the result of 10 different demonstration sets by
sampling them with 10 different random seeds. Although
the mean performance does not show a significant difference
between the two settings, we observe that applying ordering
based on the number of answer choices reduces the variance
and improves the worst-case accuracy.

Answer choice overlap between demonstrations harms
the performance. We analyze the effect of answer choice
overlap between demonstrations, which is one of the rules
used to construct the demonstration set. We compare the
demonstration set used for TAPP with the demonstration
set that has the same answer choice for all demonstrations.
The result is demonstrated in Table 3. We observe that the

"Note that the classification ratio of 0% in Figure 5a corresponds
to constructing the demonstration set solely from generation (non-
classification) tasks.
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\ Classification Generation Total
Overlap 35.14 52.32 42.30
No Overlap 33.86 58.77 44.24

Table 3: Effect of answer choice overlap between demon-
strations. The demonstration set that has an overlap under-
performs the set without overlap on average, especially for
generation tasks.

demonstration set with answer choice overlap underperforms
the demonstration set without overlap on average, especially
for generation tasks. We find that the demonstration set with
answer choice overlap tends to make the model generate short
sequences for long text generation or predict the output by
copying one of the labels of the demonstration set, leading to
poor performance.

Discussion

From previous sections, we have observed that TAPP signifi-
cantly boosts the performance of both base and instruction-
fine-tuned LLMs. Also, we have demonstrated that corrupting
the input distribution does not harm the performance much
and analyzed that constructing the demonstration set from
classification tasks is crucial for performance improvement.
In this section, we suggest the role of TAPP based on the
findings from the previous sections.

Why is constructing the demonstration set from classifica-
tion tasks important? Figure 5a shows that constructing
the demonstration set with classification tasks is important
for TAPP. Then, what is the difference between classification
and generation (non-classification) tasks? Because one of our
heuristics for demonstration construction is to only consider
classification tasks that include an answer choice in the in-
struction (e.g. “agent” or “customer” in Figure 1), these
demonstrations have more explicit cues about the output dis-
tribution. We hypothesize that during inference, LLMs learn
the correspondence between answer choice in the instruc-
tion (e.g. Determine the speaker of the dialogue, “agent” or
“customer”.) and the label (e.g. agent) from demonstrations.
Especially, because the label word appears in the instruction
for classification tasks, it would be easy to exploit this rela-
tionship for LLMs. We observe that adding only a sentence
that includes answer choices for corrupted instruction demon-
strations in Table 2 leads to an increase in the performance
of TAPP (31.18 — 38.92), supporting the hypothesis.

What does the result of input-corrupted TAPP imply?
From Figure 3 and Table 2, we observe that the input distri-
bution of demonstrations for TAPP does not matter much,
while instruction and output distribution matter significantly.
This observation bolsters the above hypothesis that LLMs
learn the correspondence of answer choice in the instruction
and the label of the demonstrations during TAPP. Instead of
relying on complex correspondence such as the relationship
between instruction, input, and output altogether, LLMs tend
to focus on simple correspondence such as string matching
between the instruction including answer choices and the
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label. Previous work also demonstrates similar findings that
LLMSs takes less effort to adapt to a task, similar to shortcut
learning (Webson and Pavlick 2021; Min et al. 2022b).

What is the role of TAPP? If LLMs learn the correspon-
dence of the answer choice in the instruction and the label of
the demonstrations during TAPP, then how does this assist
the instruction-following ability? During TAPP, we hypothe-
size that the demonstrations give a signal that assists LLMs
focus on the instruction to more accurately estimate the out-
put distribution, making LLMs better follow instructions. We
suggest that this hypothesis explains why constructing the
demonstration set from classification tasks also improves the
performance of generation target tasks. As a preliminary ex-
periment, we calculate the ratio of how much the first output
token attends to the target task instruction compared to the
target task input and observe that TAPP leads to increased
attention to the task instruction in the Appendix. Meanwhile,
our observations imply that such ability does not seem to be
sufficiently activated for both base LLMs and instruction-fine-
tuned LLMs. Although instruction fine-tuning also assists
the signal of focusing on the instructions, we hypothesize
that TAPP directly enforces the correspondence between
the instruction and the label of the demonstrations during
inference.

Limitations

First, although TAPP leads to significant performance gain
across various LLMs, it suffers from increased computation
during inference due to the increased number of input se-
quences. However, since we use a fixed prefix prompt for all
tasks, the inference cost can be minimized through caching.
Second, our evaluation is mainly based on heuristic metrics
such as ROUGE and Exact Match scores. We leave investigat-
ing the effect of TAPP using qualitative evaluation settings
by recruiting human evaluators as future work. Third, our
interpretation of the role of TAPP is hypothetical, whereas
further interpretation of the role of TAPP can be conducted
by analyzing the inner operation inside the model (Lieberum
et al. 2023; Grosse et al. 2023).

Conclusion

In this paper, we explore the effectiveness of Task-Agnostic
Prefix Prompt (TAPP) for instruction-following during infer-
ence of LLMs. We observe that prepending TAPP that is de-
termined through simple heuristics significantly enhances the
performance of both base and instruction-fine-tuned LLMs.
TAPP differs from task-specific prompts in that it is a fixed
prompt that can be prepended to any target task. Through
detailed analysis, we hypothesize that the effect of TAPP
comes from learning the correspondence between answer
choice in the instruction and the label of the classification
task demonstrations consisting of TAPP, leading LLMs to
better focus on the instruction. To this end, our work demon-
strates the effect of task-agnostic prefix prompts for a diverse
set of tasks and suggests research direction for exploring vari-
ous approaches that further activate the instruction-following
ability of LLMs.
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