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Abstract

Deploying large language models (LLMs) is
challenging because they are memory inef-
ficient and compute-intensive for practical
applications. In reaction, researchers train
smaller task-specific models by either fine-
tuning with human labels or distilling using
LLM-generated labels. However, finetuning
and distillation require large amounts of train-
ing data to achieve comparable performance to
LLMs. We introduce Distilling step-by-step, a
new mechanism that (a) trains smaller models
that outperform LLMs, and (b) achieves so by
leveraging less training data needed by finetun-
ing or distillation. Our method extracts LLM
rationales as additional supervision for train-
ing small models within a multi-task frame-
work. We present three findings across 4
NLP benchmarks: First, compared to both
finetuning and distillation, our mechanism
achieves better performance with much fewer
labeled/unlabeled training examples. Second,
compared to few-shot prompted LLMs, we
achieve better performance using substantially
smaller model sizes. Third, we reduce both
the model size and the amount of data required
to outperform LLMs; our finetuned 770M
T5 model outperforms the few-shot prompted
540B PaLLM model using only 80% of avail-
able data on a benchmark, whereas standard
finetuning the same T5 model struggles to
match even by using 100% of the dataset.'

1 Introduction

Despite the impressive few-shot ability offered by
large language models (LLMs) (Brown et al., 2020;
Chowdhery et al., 2022; Thoppilan et al., 2022;
Hoffmann et al., 2022; Smith et al., 2022b; Zhang
et al., 2022), these models are challenging to de-
ploy in real world applications due to their sheer

*Work done while the author was a student researcher at
Google Cloud AI Research.

'Source code is available at: https://github.com/
google-research/distilling-step-by-step.
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Figure 1: While large language models (LLMs) offer
strong zero/few-shot performance, they are challeng-
ing to serve in practice. Traditional ways of training
small task-specific models, on the other hand, requires
large amount of training data. We propose Distilling
step-by-step, a new paradigm that extracts rationales
from LLMs as informative task knowledge into training
small models, which reduces both the deployed model
size as well as the data required for training.

size. Serving a single 175 billion LLM requires
at least 350GB GPU memory using specialized in-
frastructure (Zheng et al., 2022). To make matters
worse, today’s state-of-the-art LLMs are composed
of over 500B parameters (Chowdhery et al., 2022),
requiring significantly more memory and compute.
Such computational requirements are far beyond
affordable for most product teams, especially for
applications that require low latency performance.

To circumvent these deployment challenges of
large models, practitioners often choose to de-
ploy smaller specialized models instead. These
smaller models are trained using one of two
common paradigms: finetuning or distillation.
Finetuning updates a pretrained smaller model
(e.g. BERT (Devlin et al., 2018) or T5 (Raffel
et al., 2020)) using downstream human annotated
data (Howard and Ruder, 2018). Distillation trains
the same smaller models with labels generated by
a larger LLM (Tang et al., 2019; Wang et al., 2021;
Smith et al., 2022a; Arora et al., 2022). Unfortu-
nately, these paradigms reduce model size at a cost:
to achieve comparable performance to LL.Ms, fine-
tuning requires expensive human labels, and dis-
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tillation requires large amounts of unlabeled data
which can be hard to obtain (Tang et al., 2019;
Liang et al., 2020).

In this work, we introduce Distilling step-by-
step, a new simple mechanism for training smaller
models with less training data. Our mechanism re-
duces the amount of training data required for both
finetuning and distillation of LLMs into smaller
model sizes. Core to our mechanism is changing
our perspective from viewing LLMs as a source
of noisy labels to viewing them as agents that can
reason: LL.Ms can produce natural language ratio-
nales justifying their predicted labels (Wei et al.,
2022; Kojima et al., 2022). For example, when
asked “Jesse’s room is 11 feet long and 15 feet
wide. If she already has 16 square feet of carpet.
How much more carpet does she need to cover
the whole floor?”, an LLM can be prompted by
chain-of-thought (CoT) technique (Wei et al., 2022)
to provide intermediate rationales “Area = length
X width. Jesse’s room has 11 x 15 square feet.”
that better connects the input to the final answer
“(11 x 15) — 16”. These rationales can contain
relevant task knowledge, such as “Area = length x
width”, that may originally require many data for
small task-specific models to learn. We thus utilize
these extracted rationales as additional, richer infor-
mation to train small models through a multi-task
training setup, with both label prediction and ratio-
nale prediction tasks (Raffel et al., 2020; Narang
et al., 2020).

Distilling step-by-step allows us to learn task-
specific smaller models that outperform LL.Ms us-
ing over 500X less model parameters, and it does
so with far fewer training examples compared to
traditional finetuning or distillation (Figure 1). Our
results show three promising empirical conclusions
across 4 NLP benchmarks. First, compared to both
finetuning and distillation, our resulting models
achieve better performance with over 50% less
training examples on average across datasets (and
up to over 85% reduction). Second, our models
outperform LLMs with much smaller model sizes
(up to 2000x smaller), drastically reducing the
computation cost required for model deployment.
Third, we simultaneously reduce the model size
as well as the amount of data required to outper-
form LLMs. We surpass the performance of 540B
parameter LLLMs using a 770M T5 model; this
smaller model only uses 80% of a labeled dataset
that would otherwise be required if using an exist-

ing finetuning method. When only unlabeled data
is present, our small models still perform on par or
better than LLMs. We outperform 540B PalLM’s
performance with only a 11B TS5 model. We further
show that when a smaller model performs worse
than an LLM, Distilling step-by-step can more effi-
ciently leverage additional unlabeled data to match
the LLM performance compared to the standard
distillation approach.

2 Related work

Our work distills task-specific knowledge of LLMs
into smaller specialist models by leveraging the
emergent reasoning capabilities of today’s LLMs.
We draw on recent knowledge distillation research
and other methods that learn from both human-
generated rationales and LLM-generated ratio-
nales.

Knowledge distillation from large models.
Knowledge distillation has been successfully used
to transfer knowledge from larger, more competent
teacher models into smaller student models afford-
able for practical applications (Bucilua et al., 2006;
Hinton et al., 2015; Beyer et al., 2022; West et al.,
2021). It supports learning from limited labeled
data, since the larger teacher model is often used
to generate a training dataset with noisy pseudo
labels (Chen et al., 2020; Iliopoulos et al., 2022;
Wang et al., 2021; Smith et al., 2022a; Arora et al.,
2022; Agrawal et al., 2022). The one limitation that
knowledge distillation often faces is its reliance on
large amounts of unlabelled data required to cre-
ate a useful noisy training dataset. Although prior
work has explored using data augmentation tech-
niques to reduce this hunger for data (Tang et al.,
2019; Liang et al., 2020; Srinivas and Fleuret, 2018;
Milli et al., 2019), we propose an alternative ap-
proach: we reduce the need for large unlabeled data
by distilling not just labels but also the teacher’s
rationales.

Learning with human rationales. While utiliz-
ing LL.M-generated rationales is a new exciting
area of investigation, using human-generated ratio-
nales has a rich history (Hase and Bansal, 2021).
For instance, human rationales can be used to reg-
ularize model behavior (Ross et al., 2017); it can
be used as additional inputs to guide a model’s
predictions (Rajani et al., 2019); it can be used to
improve overall model performance (Zaidan et al.,
2007; Zhang et al., 2016; Camburu et al., 2018;
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Data

Premise: A person on a horse jumps over a broken down airplane.
Hypothesis: A person is training his horse for a competition.

Luke scored 84 points after playing 2 rounds of a trivia game. If he
gained the same number of points each round. How many points
did he score per round?

Premise: A person on a horse jumps over a broken down airplane.

llabel] + Hypothesis: A person is training his horse for a competition.

Premise: A person on a horse jumps over a broken down airplane.

[rationale] + Hypothesis: A person is training his horse for a competition.

ﬁ(lj:ttlzr;‘:aéeg?enﬂeman is carrying equipment for golf, what is he The answer must be something that is used for golf.
’  — —|Of th hoi ly cl f If.
Answers: (a) club (b) assembly hall (c) meditation center (d) LLM Of the abov.e choices, only clubs are used for golf. So club
A the answer is (a) club
meeting, (e) church

Rationale Label

The person could be training his horse for a

e . . neutral
competition, but it is not necessarily the case.

Luke scored 84 points after 2 rounds. So he scored 84

points in 2 rounds. 84 / 2 = 42. The answer is (84 / 2) 84/2)

neutral

Smaller Model

The person could be training his horse for a
competition, but it is not necessarily the case.

Figure 2: Overview on Distilling step-by-step. We first utilize CoT prompting to extract rationales from an LLM
(Section 3.1). We then use the generated rationales to train small task-specific models within a multi-task learning
framework where we prepend task prefixes to the input examples and train the model to output differently based

on the given task prefix (Section 3.2).

Hancock et al., 2019; Pruthi et al., 2022); and hu-
man rationales can be used as gold standard labels
to make models more interpretable by generating
similar rationales (Wiegreffe et al., 2021; Narang
et al., 2020; Eisenstein et al., 2022). Unfortunately,
human rationales are expensive.

Learning with LLLM generated rationales. To-
day’s LLMs are capable of explaining their pre-
dictions by generating high-quality reasoning
steps (Wei et al., 2022; Kojima et al., 2022). These
reasoning steps have been used to augment input
prompts to LLMs, improving their few-shot or zero-
shot performance (Wei et al., 2022; Kojima et al.,
2022; Wang et al., 2022b); reasoning steps have
also been used as additional finetuning data “self-
improve” LLMs (Zelikman et al., 2022; Huang
et al., 2022). Unfortunately, regardless of how
LLMs are improved, their large size limits their
utility in most test-time applications.

By contrast, we leverage generated rationales
as informative supervision to train smaller task-
specific models, i.e. models that can be deployed
without incurring large computation or memory
costs. In the past few months, three concurrent
works have also proposed a similar idea to ours
— that of using extracted rationales as supervi-
sion (Wang et al., 2022a; Ho et al., 2022; Magister
et al., 2022). Amongst them, PINTO (Wang et al.,
2022a) relies on an LLM to generate rationales
at test-time, and thus does not fully solve deploy-
ment challenges. Compared with Ho et al. (2022)
and Magister et al. (2022), we go beyond their ex-
periments to provide a granular study by varying

training dataset size, exploring downstream model
sizes, and demonstrating the effectiveness of our
method on fully unlabeled datasets.

3 Distilling step-by-step

We propose a new paradigm, Distilling step-by-
step, that leverages the ability of LLMs to reason
about their predictions to train smaller models in
a data-efficient way. Our overall framework is il-
lustrated in Figure 2. Our paradigm has two sim-
ple steps: First, given an LLLM and an unlabeled
dataset, we prompt the LLM to generate output
labels along with rationales to justify the labels.
Rationales are natural language explanations that
provide support for the model’s predicted label
(see Figure 2). Second, we leverage these ratio-
nales in addition to the task labels to train smaller
downstream models. Intuitively, rationales provide
richer, more detailed information about why an in-
put is mapped to a specific output label, and often
contain relevant task knowledge that may be hard
to infer solely from the original inputs.

3.1 Extracting rationales from L1L.Ms

Recent studies observe one intriguing emerging
property of LLMs: their ability to generate ra-
tionales that support their predictions (Wei et al.,
2022; Kojima et al., 2022). While the studies have
largely focused on how to elicit such reasoning ca-
pability from LLMs (Nye et al., 2021; Wei et al.,
2022; Kojima et al., 2022), we use them in training
smaller downstream models.

Specifically, we utilize Chain-of-Thought (CoT)
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Question: Sammy wanted to go to where the people were. Where might he go?
Answer Choices: (a) populated areas (b) race track (c) desert (d) apartment (e)
roadblock

Answer: The answer must be a place with a lot of people. Of the above choices,
only populated areas have a lot of people. So the answer is (a) populated areas.

Few-shot CoT

Question: A gentleman is carrying equipment for golf, what is he likely to have?
Answers: (a) club (b) assembly hall (c) meditation center (d) meeting, (¢) church
Answer:

Input

The answer must be something that is used for golf. Of the above choices, only
clubs are used for golf. So the answer is (a) club.

Output

Figure 3: We use few-shot CoT prompting that contains
both an example rationale (highlighted in green) and a
label (highlighted in blue) to elicit rationales from an
LLM on new input examples.

prompting (Wei et al., 2022) to elicit and extract
rationales from LLMs. As illustrated in Figure 3,
given an unlabeled dataset z; € D, we first cu-
rate a prompt template p that articulates how the
task should be solved. Each prompt is a triplet
(zP, 7P, yP), where zP is an example input, yP is
its corresponding label and 7P is a user-provided
rationale that explains why xP can be categorized
as yP. We append each input x; to p and use it as
an input to prompt the LLM to generate rationales
and labels for each x; € D. With the demonstra-
tions seen in p, the LLM is able to mimic the triplet
demonstration to generate the rationale 7; and out-
put g; for ;.

3.2 Training smaller models with rationales

We first describe the current framework for learn-
ing task-specific models. With this framework in
place, we extend it to incorporate rationales into
the training process. Formally, we denote a dataset
as D = {(zi, ;) })\.; where each z; represents an
input and y; is the corresponding desired output
label. While our framework supports inputs and
outputs of any modality, our experiments limits
x and y to be natural language. This text-to-text
framework (Raffel et al., 2020) encompasses a va-
riety of NLP tasks: classification, natural language
inference, question answering and more.

Standard finetuning and task distillation. The
most common practice to train a task-specific
model is to finetune a pretrained model with su-
pervised data (Howard and Ruder, 2018). In the
absence of human-annotated labels, task-specific
distillation (Hinton et al., 2015; Tang et al., 2019)
uses LLM teachers to generates pseudo noisy train-
ing labels, ¢; in place of y; (Wang et al., 2021;
Smith et al., 2022a; Arora et al., 2022).

For both scenarios, the smaller model f is

trained to minimize the label prediction loss:

N
1
£label = N Zg(f(xl)7g2)7 (1)

i=1

where ¢ is the cross-entropy loss between the pre-
dicted and target tokens. Note that for ease of
exposition, we overload ¢; in Eq. 1 to be either
human-annotated labels y; for the standard finetun-
ing case, or LLM-predicted labels ¢; for the model
distillation case.

Multi-task learning with rationales. To create
a more explicit connection between x;’s to ¢;’s, we
use extracted rationales 7; as additional supervi-
sion. There are several ways to incorporate ratio-
nales into the downstream model’s training process.
One straightforward approach is feed 7; as an ad-
ditional input—as proposed by other concurrent
research (Rajani et al., 2019; Wang et al., 2022a).
In other words, the f(z;,7;) — ¢; is trained with
both text and rationale [z, r| as inputs:

N
1
L= N;K(f(%ﬂ),ﬁi). (2)

Unfortunately, this design requires an LLM to first
generate a rationale before the f can make a pre-
diction. The LLM is still necessary during deploy-
ment, limited its deployability.

In this work, instead of using rationales as ad-
ditional model inputs, we frame learning with ra-
tionales as a multi-task problem. Specifically, we
train the model f(x;) — (9:,7;) to not only predict
the task labels but also generate the corresponding
rationales given the text inputs:

L= Elabel + )\Erationalea (3)

where Liape1 1S the label prediction loss in Eq. 1
and L..tionale 18 the rationale generation loss:

N
1
ﬁrationale - N E e(f(illz), fz) (4)
=1

The rationale generation loss enables the model to
learn to generate the intermediate reasoning steps
for the prediction, and could therefore guide the
model in better predicting the resultant label. This
is our proposed Distilling step-by-step. Compared
with Eq. 2, the rationale 7; is not required in the
test time, which removes the need for an LLM at
test-time.
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We prepend “task prefixes” ([labell,
[rationale]) to the input examples and
train the smaller model to output ¢; when
[label] is provided and to produce 7; with
[rationale] (Raffel et al., 2020).

4 Experiments

We empirically validate the effectiveness of Dis-
tilling step-by-step. First, we show that when
compared to standard finetuning and task distil-
lation approaches, Distilling step-by-step achieves
better performance with much fewer number of
training examples, substantially improving the
data efficiency to learn small task-specific mod-
els (Sec. 4.1). Second, we show that Distilling
step-by-step surpasses the performance of LLMs
with much smaller model size, drastically lowering
the deployment cost compared to LLMs (Sec. 4.2).
Third, we investigate the minimum resources re-
quired, w.r.t. both number of training examples and
model size, for Distilling step-by-step to outper-
form LL.Ms. We show that Distilling step-by-step
outperforms LLMs by using less data and smaller
model, simultaneously improving both data- and
deployability-efficiency (Sec. 4.3). Finally, we per-
form ablation studies to understand the influence
of different components and design choices in the
Distilling step-by-step framework (Sec. 4.4).

Setup. In the experiments, we consider the 540B
PalLM model (Chowdhery et al., 2022) as the LLM.
For task-specific downstream models, we use TS
models (Raffel et al., 2020) where we initialize the
models with pretrained weights obtained from pub-
licly available sources”. For CoT prompting, we
follow Wei et al. (2022) when available, and curate
our own examples for new datasets. We include
more implementation details in Appendix A.1.

Datasets. We conduct the experiments on 4
popular benchmark datasets across 3 different
NLP tasks: e-SNLI (Camburu et al., 2018) and
ANLI (Nie et al., 2020) for natural language infer-
ence; CQA (Talmor et al., 2019; Rajani et al., 2019)
for commonsense question answering; SVAMP (Pa-
tel et al., 2021) for arithmetic math word problems.
We include more dataset details in Appendix A.2.

4.1 Reducing training data

We compare Distilling step-by-step to two most
common methods in learning task-specific models:

2https ://huggingface.co/

(1) STANDARD FINETUNING when human-labeled
examples are available, and (2) STANDARD TASK
DISTILLATION when only unlabeled examples are
available. Specifically, standard finetuning refers to
the prevailing pretrain-then-finetune paradigm that
finetunes a model with ground-truth labels via stan-
dard label supervision (Howard and Ruder, 2018).
On the other hand, when only unlabeled examples
are available, standard task distillation learns the
task-specific model by treating a teacher LLM’s
predicted labels as ground-truths (Hinton et al.,
2015; Chen et al., 2020; Wang et al., 2021; Smith
et al., 2022a; Arora et al., 2022).

In the following set of experiments, we fix the
task-specific models to be 220M T5-Base models,
and compare the task performances achieved by dif-
ferent methods under varying number of available
training examples.

Distilling step-by-step outperforms standard
finetuning with much less labeled examples.
When finetuned with human-labeled examples, Fig-
ure 4 shows that Distilling step-by-step consistently
achieves better performance than standard finetun-
ing across varying numbers of labeled examples
used. Furthermore, we see that Distilling step-by-
step can achieve the same performance as stan-
dard finetuning with much less labeled examples.
In particular, by using only 12.5% of the full e-
SNLI dataset, Distilling step-by-step can outper-
form standard finetuning trained with 100% of the
full dataset. Similarly, we achieve 75%, 25%, and
20% reduction in training examples required to out-
perform standard finetuning on ANLI, CQA, and
SVAMP respectively.

Distilling step-by-step outperforms standard
distillation with much less unlabeled examples.
When only unlabeled data is available, we compare
Distilling step-by-step to standard task distillation.
In Figure 5, we observe an overall similar trend to
the finetuning setup. Specifically, we see that Dis-
tilling step-by-step outperforms standard task distil-
lation on all 4 datasets under different numbers of
unlabeled data used. We as well see that Distilling
step-by-step requires much less unlabeled data to
outperform standard task distillation. For instance,
we need only 12.5% of the full unlabeled dataset
to outperform the performance achieved by stan-
dard task distillation using 100% of the training
examples on e-SNLI dataset.
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Figure 4: We compare Distilling step-by-step and Standard finetuning using 220M T5 models on varying sizes of
human-labeled datasets. On all datasets, Distilling step-by-step is able to outperform Standard finetuning, trained
on the full dataset, by using much less training examples (e.g., 12.5% of the full e-SNLI dataset).
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Figure 5: Similar to the plots above, we compare Distilling step-by-step and Standard task distillation using 220M
T5 models on varying sizes of unlabeled datasets. Distilling step-by-step is able to outperform Standard task
distillation by using only a small subset of the full unlabeled dataset (e.g., 12.5% on ANLI dataset).

4.2 Reducing model size

In the following set of experiments, we hold the
training set size fixed (using 100% of the datasets),
and compare varying sizes of small TS models
trained with Distilling step-by-step and standard
approaches to LLMs. Specifically, we consider 3
different sizes of TS models, i.e., 220M T5-Base,
770M T5-Large, and 11B T5-XXL. For LLMs,
we include two baseline methods: (1) FEW-SHOT
COT (Wei et al., 2022), and (2) PINTO TUN-
ING (Wang et al., 2022a). Few-shot CoT directly
utilizes CoT demonstrations to prompt the 540B
PalLM to generate intermediate steps before pre-
dicting the final labels without any further fine-
tuning of the LLM. PINTO tuning refers to our
extension of Wang et al. (2022a) to handle tasks
beyond question-answering, which are not stud-
ied by Wang et al. (2022a). Here, we finetune a
220M T5-Base model on top of the outputs gener-
ated from the PaLM model, which can be viewed
as a finetuning method for LLMs with additional
parameters (Zhang et al., 2020; Lester et al., 2021).

We present the experimental results under the

two broad scenarios of having access to labeled
datasets or unlabeled datasets in Figure 6 and Fig-
ure 7, respectively. We plot each method by their
deployed model sizes for prediction (z-axis), and
their corresponding task performances (y-axis).

Distilling step-by-step improves over standard
baselines across varying model sizes used. In
Figure 6 and Figure 7 respectively, we see that
Distilling step-by-step consistently improves over
standard finetuning and standard distillation across
all sizes of T5 models. The improvements are most
pronounced on ANLI, where Distilling step-by-
step outperforms standard finetuning and distilla-
tion by an average of 8% and 13% on task accuracy
respectively.

Distilling step-by-step outperforms LLMs by
using much smaller task-specific models. In
Figure 6 when human-labeled datasets are avail-
able, Distilling step-by-step can always outper-
form Few-shot CoT and PINTO tuning on all 4
datasets considered, by using much smaller T5
models. For instance, we can achieve better perfor-
mances than 540B PalLM model’s Few-shot CoT
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Figure 6: We perform Distilling step-by-step and Standard finetuning, using the full human-labeled datasets, on
varying sizes of T5 models and compare their performance to LLM baselines, i.e., Few-shot CoT and PINTO
Tuning. Distilling step-by-step is able to outperform LLM baselines by using much smaller models, e.g., over
700x smaller model on ANLI. Standard finetuning fails to match LLM’s performance using the same model size.
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Figure 7: Using unlabeled datasets, we perform Distilling step-by-step and Standard task distillation on varying
sizes of TS models and compare them to Few-shot CoT. Distilling step-by-step outperforms Few-shot CoT by using
2000x smaller models on e-SNLI and 45 x smaller models on ANLI and CQA. On SVAMP, by adding unlabeled
examples from ASDiv, we close the gap to Few-shot CoT whereas Standard distillation still struggles to catch up.

with 220M (over 2000x smaller) T5 model on e-
SNLI, 770M (over 700x smaller) TS models on
ANLI and SVAMP, and 11B (over 45x smaller)
T5 model on CQA. These results hold true even
by further finetuning the 540B PalLM model on
available labeled data with PINTO tuning’.

In Figure 7, by only utilizing unlabeled exam-
ples, Distilling step-by-step also outperforms the
teacher LLM on 3 out of 4 datasets. Specifically,
Distilling step-by-step surpasses the 540B PaLM
model’s Few-shot CoT performance by using 11B
T5 with less than 3% of PaLM’s size. On SVAMP
where the distilled model underperforms, we hy-
pothesize that the performance gap is due to the
relatively small number of data points in the dataset
(i.e., 800). In reaction, we propose to augment the
dataset with additional unlabeled examples to close
the performance gap as shown in next.

3We note that PETuning methods may outperform PINTO
tuning. However, they require massive resource in both train-
ing and deployment, which is not the focus of this work.

Unlabeled data augmentation further im-
proves Distilling step-by-step. We augment the
SVAMP training set with unlabeled examples from
the ASDiv dataset (Miao et al., 2020). ASDiv
dataset contains a total of 2, 305 examples, where
each example is a math word problem similar to the
ones in SVAMP. In Figure 7 on SVAMP, we show
the performances of Distilling step-by-step and
standard task distillation using 11B TS model after
augmenting the training set with ASDiv. We see
the data augmentation much improves the perfor-
mance for both Distilling step-by-step and standard
task distillation. However, even with the added
unlabeled examples, standard task distillation still
underperforms Few-shot CoT. On the other hand,
Distilling step-by-step is able to much more effi-
ciently exploit the value of the added examples to
achieve the same performance level of Few-shot
CoT, again, using a T5 model of size less than 3%
of the 540B PaLM.

8009



—8— DISTILLING STEP-BY-STEP STANDARD FINETUNING —#— Few-sunot CoT

e-SNLI ANLI CQA SVAMP

90 63
80 MODEL SIZE
. 82

66 78 220M

3
&

%
L

80

-1
-
=

64

540B

Test accuracy (%)

62

=)

|
0.1 5.0 10.0 125 0 25 50 80 100 0 25 50 75 100 0 25 50 5 100
Training set size (% of full dataset) Training set size (% of full dataset) Training set size (% of full dataset) Training set size (% of full dataset)

Figure 8: We show the minimum size of T5 models and the least amount of human-labeled examples required
for Distilling step-by-step to outperform LLM’s Few-shot CoT by a coarse-grained search. Distilling step-by-step
is able to outperform Few-shot CoT using not only much smaller models, but it also achieves so with much less
training examples compared to Standard finetuning. On ANLI, we outperform the LLM CoT with a 770M model
using only 80% of the dataset, whereas Standard finetuning struggles to match even using 100% of the dataset.
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Figure 9: Similar to Figure 8 but using only unlabeled examples, Distilling step-by-step is able to outperform
Few-shot CoT using much smaller models and with much less examples compared to Standard task distillation.
On SVAMP, the z-axis corresponds to the size of ASDiv dataset used for augmenting the original SVAMP dataset,
i.e., ¢ = 0 is without augmentation and z = 100 corresponds to adding the full ASDiv dataset.

4.3 Outperforming LLMs using minimum ter performance than Few-shot CoT with a model

model size and least training data over 2000x smaller (220M T5) and only 0.1% of
the full dataset. In Figure 9 where only unlabeled
datasets are available, we observe the same trend
that Distilling step-by-step can, at most time, out-
perform Few-shot CoT with smaller model as well
as less data. For instance, on ANLI, Distilling step-
by-step outperforms the LLM with a 45x smaller
model and 50% of the full unlabeled set.

Here, using the LLM’s performance as an anchor
point, we explore the most efficient resource re-
quirements in terms of both number of training
examples and deployed model size, that Distill-
ing step-by-step and standard finetuning/distillation
need to outperform the LLM. We present the re-
sults, again under human-labeled setting and unla-
beled setting, in Figure 8 and Figure 9 respectively.
We visualize the results by plotting different resul-  Standard finetuning and distillation require
tant models by (1) the number of training exam- more data and larger model. Finally, in Fig-
ples used (x-axis), (2) the final task performance  ure 8 and Figure 9, we see that standard finetuning
achieved (y-axis), and (3) the size of the model  and distillation often need either more data or larger
(visualized by the size of the shaded area). models to match LLM’s performance. For instance,

on e-SNLI in Figure 8, we observe that Distilling
Distilling step-by-step outperforms LLMs with  step-by-step outperform the LLM using only 0.1%
much smaller models by using less data. On  of the dataset while standard finetuning requires
all datasets in Figure 8, we see that Distilling step-  more data to match the performance. Furthermore,
by-step outperforms PalLM’s Few-shot CoT with  on ANLI in Figure 8, we observe that Distilling
much smaller TS models using only a subset of  step-by-step can outperform PalLM using 770M
the available training examples. Specifically, on  model with only 80% of the training set while stan-
e-SNLI, Distilling step-by-step can achieve bet-  dard finetuning struggles to match the LLM even
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Table 1: Distilling step-by-step works with different
sizes of LLMs. When rationales are extracted from a
20B GPT-NeoX model, Distilling step-by-step is still
able to provide performance lift compared to standard
finetuning on 220M T5 models.

Table 2: Our proposed multi-task training framework
consistently leads to better performances than treating
rationale and label predictions as a single task. Single-
task training can at times lead to worse performance
than standard finetuning.

Dataset
Method LLM e-SNLI ANLI CQA SVAMP

STANDARD FINETUNING N/A 88.38 4358 62.19 62.63
DISTILLING STEP-BY-STEP ~ 20B 89.12 48.15 63.25 63.00
DISTILLING STEP-BY-STEP ~ 540B 89.51 49.58  63.29 65.50

using the full dataset and thus requires larger model
to close the performance gap.

4.4 Further ablation studies

So far, we have focused on showing the effective-
ness of Distilling step-by-step on reducing the train-
ing data required for finetuning or distilling smaller
task-specific models. In this section, we perform
further studies to understand the influence of dif-
ferent components in the Distilling step-by-step
framework. Specifically, we study (1) how differ-
ent LLMs, from which the rationales are extracted,
affect the effectiveness of Distilling step-by-step,
and (2) how the multi-task training approach com-
pares to other potential design choices in training
small task-specific models with LLM rationales.
Here, we fix the small task-specific models to be
220M T5 models, and utilize 100% of the data on
all datasets.

Distilling step-by-step works with different
sizes of decently trained LLMs. In addition
to using 540B PalLM as the LLM, here we con-
sider a relatively smaller LLM, 20B GPT-NeoX
model (Black et al., 2022), from which we extract
rationales for Distilling step-by-step. In Table 1,
we see that when coupled with LLMs of different
sizes, Distilling step-by-step can still provide per-
formance improvements compared to standard fine-
tuning. However, the performance lift is smaller
when rationales are extracted from the 20B GPT-
NeoX model instead of from the 540B PaLLM. This
can be due to the fact that the larger PaALM model
provides higher-quality rationales that are more
beneficial for learning the task.

Multi-task training is much more effective than
single-task rationale and label joint prediction.
There are different possible ways to train task-
specific models with LLM-rationales as output su-
pervisions. One straightforward approach is to con-
catenate the rationale 7; and label g; into a single

Dataset
Method e-SNLI ANLI CQA SVAMP
STANDARD FINETUNING 88.38 43.58 62.19 62.63
SINGLE-TASK TRAINING  88.88 43.50 61.37 63.00
MULTI-TASK TRAINING 89.51 49.58 63.29 65.50

sequence [, J;| and treat the entire sequence as
the target output in training small models, as con-
sidered in (Magister et al., 2022; Ho et al., 2022):

| N
Lgingle = ~ Zf(f(xi), [, 9i])- )
=1

In Table 2, we compare this single-task training
approach to our proposed multi-task training ap-
proach for utilizing LLM-rationales. We see that
not only multi-task training consistently leads to
better performance, single-task training with LLM-
rationales can at times leads to worse performance
than standard finetuning, e.g., on ANLI and CQA.
In fact, similar results have also been observed
in (Wiegreffe et al., 2021; Magister et al., 2022;
Ho et al., 2022) that simply treating rationale and
label predictions as a single joint task may harm the
model’s performance on label prediction. This val-
idates our use of the multi-task training approach,
and highlights the need to treat the rationales care-
fully so as to unleash their actual benefits.

5 Discussion

We propose Distilling step-by-step to extract ra-
tionales from LLMs as informative supervision in
training small task-specific models. We show that
Distilling step-by-step reduces the training dataset
required to curate task-specific smaller models; it
also reduces the model size required to achieve,
and even surpass, the original LLM’s performance.
Distilling step-by-step proposes a resource-efficient
training-to-deployment paradigm compared to ex-
isting methods. Further studies demonstrate the
generalizability and the design choices made in
Distilling step-by-step. Finally, we discuss the lim-
itations, future directions and ethics statement of
our work below.
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Limitations

There are a number of limitations with our ap-
proach. First, we require users to produce a few
example demonstrations (~ 10-shot for all tasks)
in order to use the few-shot CoT (Wei et al., 2022)
prompting mechanism. This limitation can be
improved by using recent advances that suggest
that rationales can be elicited without any user-
annotated demonstrations (Kojima et al., 2022).
Second, training task-specific models with ratio-
nales incur slight training-time computation over-
head. However, at test time, our multi-task design
naturally avoids the computation overhead since it
allows one to only predict labels without generat-
ing the rationales. Finally, while we observe suc-
cess using LLM rationales, there is evidence that
LLMs exhibit limited reasoning capability on more
complex reasoning and planning tasks (Valmeekam
et al., 2022). Future work should characterize how
rationale quality affects Distilling step-by-step.

Ethics statement

It is worth noting that the behavior of the our down-
stream smaller models is subject to biases inherited
from the larger teacher LLM. We envision that the
same research progress in reducing anti-social be-
haviors in LLMs can also be applied to improve
smaller language models.
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A Experiment detail

A.1 Implementation

We perform our experiments on cloud A100x 16
GPU instances. We train the TS models with
the following hyperparameters, using publicly
available packages from https://github.com/
huggingface/transformers:

* T5-Base (220M) and T5-Large (770M): We
train the models with learning rate = 5 X
10~°, batch size = 64, max input length =
1024, for a maximum of 10000 steps.

e T5-XXL (11B): We train the models with
learning rate = 5 x 107, batch size = 32,
max input length = 1024, for a maximum of
4000 steps.

We report all the results over 4 random runs, and
include the standard error in the presented plots.

A.2 Datasets

We provide more detailed descriptions on the
datasets used in our experiments. We include the
sources from which we obtain the datasets as well
as their original sources released from the authors.
We refer readers to these sources for their license or
terms for use and/or distribution. To the best of our
knowledge, the datasets used do not contain infor-
mation that names or uniquely identifies individual
people or offensive content.

e e-SNLI: The dataset was originally re-
leased in (Camburu et al., 2018), and made
publicly available at https://github.com/
OanaMariaCamburu/e-SNLI.  We obtain
the dataset from https://huggingface.co/
datasets/esnli.

* ANLI: The dataset was originally released
in (Nie et al., 2020), and made pub-
licly available at https://github.com/
facebookresearch/anli. We obtain the
dataset from https://huggingface.co/
datasets/anli. We use the R1 split in our
experiments.

* CQA: The dataset was originally released
in (Talmor et al., 2019), and made publicly
available at https://www.tau-nlp.sites.
tau.ac.il/commonsenseqa. It was then
augmented with human-labeled explanations

Table 3: Dataset statistics used in our experiments.

Dataset Train Validation  Test
e-SNLI 549,367 9,842 9,824
ANLI 16,946 1,000 1,000
CQA 8,766 975 1,221
SVAMP 720 80 200

by (Rajani et al., 2019), which is avail-
able at https://github.com/salesforce/
cos-e. We obtain the dataset used in our ex-
periments from https://huggingface.co/
datasets/cos_e.

* SVAMP: The dataset was originally re-
leased in (Patel et al., 2021). We ob-
tain the dataset from https://github.com/
arkilpatel/SVAMP.

* ASDiv: The dataset was originally re-
leased in (Miao et al.,, 2020). We ob-
tain the dataset from https://github.com/
chaochun/nlu-asdiv-dataset.

For each dataset, we randomly subsample 10%
of the original training set to serve as validation set
when validation set is not originally provided. For
CQA, we use the original validation set to serve
as our test set since the ground-truth labels are not
available for the original test set. We provide the
dataset statistics in Table 3.
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