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Language Models are Few-Shot Learners

Tom B. Brown* Benjamin Mann* Nick Ryder* Melanie Subbiah*
Jared Kaplan' Prafulla Dhariwal Arvind Neelakantan Pranav Shyam Girish Sastry

Amanda Askell Sandhini Agarwal Ariel Herbert-Voss Gretchen Krueger Tom Henighan

Rewon Child Aditya Ramesh Daniel M. Ziegler Jeffrey Wu Clemens Winter
Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray
Benjamin Chess Jack Clark Christopher Berner
Sam McCandlish Alec Radford Ilva Sutskever Dario Amodei

OpenAl https://arxiv.org/abs/2005.14165
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offE M2 2 Y217
225| 2 [}8Y0| 0| DU BAF 3150| 7H53 (=22 A=)
o HAFSESSHE O|A|IE 07l (zero-shot), 17l (one-shot), 24 7H (few-
shot) 2= AFHEot of& HItH

— H|1: BERT § 7|& 210|222 S8 E{A3 HE (HR2F SHEM|O0[EE
27t 8t& (fine-tuning) 5t0{0F 4L 7Hs
. GPT-34Z0| |8 HO{ZHUS AZ(3HI~44 7§) 2] BHST[O|E{atD
2 SEEAIO0|HIZ HE IS

scaling up language models greatly improves task-agnostic, few-shot performance,
sometimes even reaching competitiveness with prior state-of-the-art finetuning approaches

Copyright© 2020 by ETRI 4/50
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. GPT-3 EAFoi HauH

The three settings we explore for in-context learning

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description

cheese => prompt

One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer example
cheese == prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter == loutre de mer examples

peppermint == menthe poivrée

* No gradient updates plush girafe == girafe peluche
are performed cheese = prompr

Copyright© 2020 by ETRI

Traditional fine-tuning (not used for GPT-3)

Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.

sea otter == loutre de mer example #1
peppermint == menthe poivrée example #2
plush giraffe => girafe peluche example #N
cheese == prompt

5/50
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+ GPT-3 9 H{Z = GPT-2

Language Models are Unsupervised Multitask Learners

Copyright© 2020 by ETRI

Alec Radford *! Jeffrey Wu *! Rewon Child! David Luan! Dario Amodei ! Ilya Sutskever !

Abstract

Natural language processing tasks, such as ques-
tion answering, machine translation, reading com-
prehension, and summarization, are typically
approached with supervised learning on task-
specific datasets. We demonstrate that language
models begin to learn these tasks without any ex-
plicit supervision when trained on a new dataset
of millions of webpages called WebText. When
conditioned on a document plus questions, the an-
swers generated by the language model reach 55
F1 on the CoQA dataset - matching or exceeding
the performance of 3 out of 4 baseline systems
without using the 127,000+ training examples.
The capacity of the language model is essential
to the success of zero-shot task transfer and in-
creasing it improves performance in a log-linear
fashion across tasks. Our largest model, GPT-2,
is a 1.5B parameter Transformer that achieves
state of the art results on 7 out of 8 tested lan-
guage modeling datasets in a zero-shot setting
but still underfits WebText. Samples from the
model reflect these improvements and contain co-
herent paragraphs of text. These findings suggest
a promising path towards building language pro-
cessing systems which learn to perform tasks from
their naturally occurring demonstrations.

= = =
N B o

Perplexity
=
S

—eo— WebText train
24 —o— WebText test

117M 345M 762M 1542M
# of parameters in LM

Figure 4. The performance of LMs trained on WebText as a func-
tion of model size.
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- TAl, 801 &
— In GPT-2, zero-shot transfer learning 0] A2
« 7|& pre-training & fine-tuning A|, transfer learning 20 AF2
— No weight update = zero-shot

— But, Welght updateZ} EELE BEAF
0| ofd (&=

OII

= Of| A A5 Al, 2| zero-example

d

— In GPT-3, meta learning 0 AIE
« outer-loop, inner-loop (in—context learning) 80] A&

Learning via SGD during unsupervised pre-training
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« GPT-3 Hypothesis
— AR 37|19t St loss= power-law 2HAE 71
« Since in-context learning involves absorbing many skills and tasks

within the parameters of the model, it is plausible that in-context
learning abilities might show similarly strong gains with scale.

Validation Loss
>
L]
Parameters

-------- L=2.57-Cc~0048

15 - - : 10
10° 10" 107 10° 10° 10"

Compute (PetaFLOP/s-days)

Figure 3.1: Smooth scaling of performance with compute. Performance (measured in terms of cross-entropy
validation loss) follows a power-law trend with the amount of compute used for training. The power-law behavior
observed in [KMH™20] continues for an additional two orders of magnitude with only small deviations from the
Copyright® 2020 by E predicted curve. For this figure, we exclude embedding parameters from compute and parameter counts. 8/50
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-+ (== cid) QOEE F7| B rikets ds
- 38 EfjA3:Random insertionin word (RI)
« Arandom punctuation or space character is inserted between
each letter of a word, and the model must output the original word.
— Example: s.ulc/cle.s si/o/n = succession
— (H|11) &9| = BPE EZ (¥2| Z0|2| subword) T2

Zero-shot One-shot Few-shot

175B Params

Matural Language

60 Prompt

Accuracy (%)

- 13B Params

Number of Examples in Context (K) (H] 1) BERT = 330M Params
Copyright© 2020 by ETRT 9/50
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* OpenAl0f|A FAE-st5= A+lot= 57
— 1) the need for a large dataset of labeled examples for every
new task limits the applicability of language models
 There exists a very wide range of possible useful language tasks
- itisdifficult to collect a large supervised training dataset

— 2) the generalization achieved under the pre-training & fine-
tuning paradigm can be poor because the model is overly
specific to the training distribution

— 3) humans do not require large supervised datasets to learn
most language tasks

« Itis sufficient to enable a human to perform a new task

— a brief directive in natural language (e.g. “please tell me if this
sentence describes something happy or something sad”)

— at most a tiny number of demonstrations (e.g. “here are two
examples of people acting brave; please give a third example of
bravery”)

Copyright© 2020 by ETRI 10/50
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« GPT-3API &
— 1) https://blog.pingpong.us/gpt3-review/

— 2) https://qgithub.com/elyase/awesome-gpt3
« https://twitter.com/i/status/1282676454690451457
* https://twitter.com/FaraazNishtar/status/128593462289166745

/

— 3) https://twitter.com/gdb

— 4) https://gptcrush.com/

Copyright© 2020 by ETRI
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« Original Transformer architecture

Copyright© 2020 by ETRI

Output
Probabilities

t

r ™
Add & Norm
Fead
Forward
s 1 ™) | Add & Norm ;
RNy Multi-Head
Feed Attention
Forward I N
~
N Add & Norm
~—{_Add & Norm | TR
Multi-Head Multi-Head
Attention Attention
tr 1
— v, \. | —
Positional ®_@ & Positional
Encoding Encoding
Input Output
Embedding Embedding
Encoder Inputs ~ Outputs Decoder
(shifted right)
Lt= st of Zhct.

| -) go -) to -) school -) . (auto-regressive manner)
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« BERT & GPT

Output
Probabilities

t

Add & Norm

Feed
Forward

-

Not used in
Decoder-only

, \ model
Feed il
Forward N
— ]
N Add & Norm
~—>{_Add & Norm | RS
Multi-Head Multi-Head
Attention Attention
_t At
th— S N | A
Positional ®_@ & Positional
Encoding Encoding
Input Output
Embedding Embedding
Encoder Pre-training mpTutS Ot Decoder Pre-training
Model = BERT (shifted right) Model = GPT
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* (Building block #1) self-attention mechanism

. QKT
Attention(Q, K, V) = softmax |4
Vdy,

e f ~ 1) Transformer encoder model,
r—>| Add & Norm |
Feed S MH STt
Forward FFNN,,
\ | SAE
N> Add & Norm e Weighted
HALE
| Multi-Head I sum
Attention
— FFNNg (FEFNN,)T
kL r
Positional D
Encoding y —
Input 83 | — SOftmaX ( / \ )
Embedding / \
T Weight of Weight of
nputs SAMHE - HESFIL SAE - U

2) Transformer decoder model,

Softmax ( X )
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Y 2] A

¢ (Building block #2) FFNN

4 I ) 1T = 31 — GELWU
Add & Norm H_|'|||*E-<ID—_I_7|- — r;ftu
Feed | 2
Forward ZAIE

.

Nx | —(TAdd & Norm ) ' "] J
Multi-Head 1

Attention Multi-head e
'Y 7 Attention
\ Add & Norm Figure 1: The GELU (¢ = 0,0 = 1), ReLU, and ELU
\ J (a=1).
Positional D
Encoding

crecara | | (R | FRNGO = gelu(xW, +by )W, +b, | I
f

Inputs

Note that,
* Z74Z dim = hiddendim * 4

- BERT-Large: 1024 x 4096
- transformer: 512 x 2048
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23, tlolg, o5

o LG
— 1) GPT-22} st BE A
« the modified initialization, pre-normalization, and reversible
tokenization

- alternating dense and locally banded sparse attention patterns in
the layers of the transformer, similar to the Sparse Transformer

« Z|CH ZO0[: n_ctx = 2048

- 2) B2 37| 8 95 dS= ¢loll 871 27(2l 2R st

Model Name Nparams  Mlayers @model Theads @head | Batch Size  Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 1074
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0x 1074
GPT-3 Large T760M 24 1536 16 06 0.5M 2.5 x 104
GPT-3 XL [.3B 24 2048 24 128 1M 2.0 x 1074
GPT-3 2.7B 2.7B 32 2560 32 80 M 1.6 x 1074
GPT-3 6.7B 6.7B 32 4096 32 128 M 1.2 x 1074
GPT-3 13B 13.0B 40 5140 40 128 M 1.0 x 1074
GPT-3 175B or “GPT-3" 175.0B 06 12288 06 128 3.2M 0.6 x 1074

Table 2.1: Sizes, architectures, and learning hyper-parameters (batch size in tokens and learning rate) of the models
which we trained. All models were trained for a total of 300 billion tokens. *300B/175B




- GIOJH

Quantity Weight in

Epochs elapsed when
training for 300B tokens

Dataset (tokens) training mix
Common Crawl (filtered) 410 billion 60%
WebText2 19 billion 22%
Booksl 12 billion 8%
Books2 55 billion 8%
Wikipedia 3 billion 3%

0.44
2.9
1.9

0.43
3.4

Table 2.2: Datasets used to train GPT-3. “Weight in training mix” refers to the fraction of examples during training
that are drawn from a given dataset, which we intentionally do not make proportional to the size of the dataset. As a
result, when we train for 300 billion tokens, some datasets are seen up to 3.4 times during training while other datasets
are seen less than once.

1)

2)

3)
4)

Copyright© 2020 by ETRI

The CommonCrawl| data was downloaded from 41 shards of monthly CommonCrawl covering
2016 to 2019, constituting 45TB of compressed plaintext before filtering and 570GB after
filtering, roughly equivalent to 400 billion byte-pair-encoded tokens.

an expanded version of the WebText dataset, collected by scraping links over a longer period of
time

two internet-based books corpora (Booksl and Books2)
English-language Wikipedia.
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 Note that, training tokens per params

2

Training Tokens

training tokens
per params

BERT

BERT-Large

24 layers

1024 hidden dims,
16 multi heads

330M

30,000
3.3B

256 * 512 (= 131,072)

1,000,000
131B tokens

396.96

GPT

GPT-3

96 layers

12288 hidden dims,
96 multi heads

175,000M (175B)
50,257
3008

3,200,000 (= 1,563 * 2048)

93,750
300B tokens

1.71

Copyright© 2020 by ETRI
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23, tlolg, o5

— 1) always train on sequences of the full n_ctx = 2048 token
context window

« packing multiple documents into a single sequence in order to
increase computational efficiency

« documents within a sequence are delimited with a special end of
text token

— 2) larger models can typically use a larger batch size, but
require a smaller learning rate

» the gradient noise scale during training and use it to guide our
choice of batch size

— 3) Totrain the larger models without running out of memory,

 we use a mixture of model parallelism within each matrix multiply
and model parallelism across the layers of the network

— (c.f.) 175B parameter needs 700GB GPU memory

Copyright© 2020 by ETRI 20/50



— 4) H/W Environment
« https://blogs.microsoft.com/ai/openai-azure-supercomputer/

— The supercomputer developed for OpenAl is a single system with
more than 285,000 CPU cores, 10,000 GPUs and 400 gigabits per
second of network connectivity for each GPU server.

— Compared with other machines listed on the TOP500
supercomputers in the world, it ranks in the top five, Microsoft says.

Copyright© 2020 by ETRI 21/50
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7} = Test set contamination study

|.

0

o| L EF HAES Ardshs HI0|E 2 AFEoIH, ool O
erotl U= fI¥= A|A (made a best effort)
« remove text from training data by searching for 13 gram overlaps
between all test/development sets used in this work
— Unfortunately, a bug resulted in only partial removal of all

detected overlaps from the training data. (")

e

30%

-~ eval on only
_— clean data
HUAl '
g 20% & did better
c
@~
g é 10%
T m
& 5 Symbol Insertion
- — - e | @
ST o P o *e .—‘—.—‘—“
o P ‘ ®
2z o 3
T © SQuADv2 Winograd PIQA ®
6 8 A40% \_.-.‘.'\_,1—-1 [,_ en->de Anagrams 2 ®
£ 2 WMT16 de->en Anagrams 1
a3 g
<)
2 -20% ®-DROP eval on all data
Reversed Words -@ (including dirty)
.30% did better
0% 25% 50% 75% 100%

Percentage of Data Clean in Dataset

Figure 4.2: Benchmark contamination analysis

Copyright® 2020 by ETRI  the corresponding results in Section 3 with an asterisk. We find no evidence that other benchmarks are affected.

We constructed cleaned versions of each of our benchmarks to
check for potential contamination in our training set. The x-axis is a conservative lower bound for how much of the
dataset is known with high confidence to be clean, and the y-axis shows the difference in performance when evaluating
only on the verified clean subset. Performance on most benchmarks changed negligibly, but some were flagged for
further review. On inspection we find some evidence for contamination of the PIQA and Winograd results, and we mark
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A3z

¢ A TIAHAA
— 2R 7L 7ML S A=, RAH=S GPT-30]| Y=ot w4 7|AE
Adstal, HIFAZL AR RA T|ARRE GPT-37t ddst A T|AE L&
 The articles we selected were not in the models’ training data and
the model outputs were formatted and selected programmatically
to prevent human cherry-picking.

05% Confidence ~ tcomparedto < don’t know”
Mean accuracy Interval (low, hi) control (p-value) assignments
Control 88% 849%-91% - 2.7%
GPT-3 175B 52% 489%—-3T7% 12.7 (3.2e-23) 10.6%

Table 3.12: People’s ability to identify whether ~ 500 word articles are model generated (as measured by the ratio of
correct assignments to non-neutral assignments) was 88% on the control model and 52% on GPT-3 175B. This table
shows the results of a two-sample T-Test for the difference in mean accuracy between GPT-3 175B and the control

model (an unconditional GPT-3 Small model with increased output randomness).

Copyright© 2020 by ETRI 24/50



Title: United Methodists Agree to Historic Split

Subtitle: Those who oppose gay marriage will form their own denomination
Article: After two days of intense debate, the United Methodist Church

has agreed to a historic split - one that is expected to end in the

creation of a new denomination, one that will be '"theologically and

socially conservative,'" according to The Washington Post. The majority of
delegates attending the church’s annual General Conference in May voted to
strengthen a ban on the ordination of LGBTQ clergy and to write new rules
that will "discipline" clergy who officiate at same-sex weddings. But

those who opposed these measures have a new plan: They say they will form a
separate denomination by 2020, calling their church the Christian Methodist
denomination.

The Post notes that the denomination, which claims 12.5 million members, was
in the early 20th century the "largest Protestant denomination in the U.S.,"
but that it has been shrinking in recent decades. The new split will be the
second in the church’s history. The first occurred in 1968, when roughly

10 percent of the denomination left to form the Evangelical United Brethren
Church. The Post notes that the proposed split "comes at a critical time
for the church, which has been losing members for years," which has been
"pushed toward the brink of a schism over the role of LGBT( people in the
church." Gay marriage is not the only issue that has divided the church. In
2016, the denomination was split over ordination of transgender clergy, with
the North Pacific regional conference [voting to ban them from serving as
clergy, and the South Pacific regional conference voting to allow them.

Figure 3.14: The GPT-3 generated news article that humans had the greatest difficulty distinguishing from a human
written article (accuracy: 12%).

Copyright© 2020 by ETRI
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« (7} EfA3) Learning and Using Novel Words
— the ability to learn and utilize new words, for example using a word in a sentence after

seeing it defined only once, or conversely inferring a word’s meaning from only one usage.

« These examples were generated continuously in one sitting and we did not omit or repeatedly try
any prompts.

A "whatpu" is a small, furry animal native to Tanzania. An example of a sentence that uses
the word whatpu is:
We were traveling in Africa and we saw these very cute whatpus.

To do a "farduddle" means to jump up and down really fast. An example of a sentence that uses
the word farduddle is:

One day when I was playing tag with my little sister, she got really excited and she
started doing these crazy farduddles.

A "yalubalu" is a type of vegetable that looks like a big pumpkin. An example of a sentence
that uses the word yalubalu is:

I was on a trip to Africa and I tried this yalubalu vegetable that was grown in a garden
there. It was delicious.

A "Burringo" is a car with very fast acceleration. An example of a sentence that uses the
word Burringo is:
In our garage we have a Burringo that my father drives to work every day.

A "Gigamuru" is a type of Japanese musical instrument. An example of a sentence that uses the
word Gigamuru is:
I have a Gigamuru that my uncle gave me as a gift. I love to play it at home.

To "screeg" something is to swing a sword at it. An example of a sentence that uses the word
screeg is:
We screeghed at each other for several minutes and then we went outside and ate ice cream.

Figure 3.16: Representative GPT-3 completions for the few-shot task of using a new word in a sentence. Boldface is
GPT-3’s completions, plain text is human prompts. In the first example both the prompt and the completion are provided
by a human; this then serves as conditioning for subsequent examples where GPT-3 receives successive additional

prompts and provides the completions. Nothing task-specific is provided to GPT-3 other than the ﬁonditioning shown
Copyright© 2020 by ET here.
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« (7 EfAZT) Arithmetic
— asking GPT-3 a simple arithmetic problem in natural language

2 digit addition (2D+) — The model is asked to add two integers sampled uniformly from [0, 100), phrased in

the form of a question, e.g. “Q: What is 48 plus 767 A: 124"

2 digit subtraction (2D-) — The model is asked to subtract two integers sampled uniformly from [0, 100); the

answer may be negative. Example: “Q: What is 34 minus 53?7 A: -197,

3 digit addition (3D+) — Same as 2 digit addition, except numbers are uniformly sampled from [0, 1000).

3 digit subtraction (3D-) — Same as 2 digit subtraction, except numbers are uniformly sampled from [0, 1000).
4 digit addition (4D+) — Same as 3 digit addition, except uniformly sampled from [0, 10000).

4 digit subtraction (4D-) — Same as 3 digit subtraction, except uniformly sampled from [0, 10000).

5 digit addition (5D+) — Same as 3 digit addition, except uniformly sampled from [0, 100000).

5 digit subtraction (5D-) — Same as 3 digit subtraction, except uniformly sampled from [0, 100000).

2 digit multiplication (2Dx) — The model is asked to multiply two integers sampled uniformly from [0, 100),

e.g. “Q: What is 24 times 427 A: 1008™.

One-digit composite (1DC) — The model is asked to perform a composite operation on three 1 digit numbers,

with parentheses around the last two. For example, “Q: What 1s 6+(4%8)7 A: 38", The three 1 digit numbers
are selected uniformly on [0, 10) and the operations are selected uniformly from {+,-,*}.

Copyright© 2020 by ETRI

* To spot-check whether the model is simply memorizing specific arithmetic problems,

we took the 3-digit arithmetic problems in our test set and searched for them in our training data
in both the forms "<NUM1> + <NUM2> =" and "<NUM1> plus <NUM2>".

Out of 2,000 addition problems we found only 17 matches (0.8%) and

out of 2,000 subtraction problems we found only 2 matches (0.1%),

suggesting that only a trivial fraction of the correct answers could have been memorized.
4//50



o (HAEJAZA) Arithmetic

Setting 2D+ 2D- 3D+ 3D- 4D+ 4D- 5D+ 5D- 2Dx

1DC

GPT-3 Zero-shot 769 580 342 483 40 75 07 08 198
GPT-3 One-shot  99.6 864 655 787 140 140 35 38 274
GPT-3 Few-shot ~ 100.0 989 804 942 255 268 93 99 292

0.8
14.3
21.3

Table 3.9: Results on basic arithmetic tasks for GPT-3 175B. {2.3.4.5}D{+.-} is 2, 3, 4, and 5 digit addition or
subtraction, 2Dx is 2 digit multiplication. 1DC is 1 digit composite operations. Results become progressively stronger
moving from the zero-shot to one-shot to few-shot setting, but even the zero-shot shows significant arithmetic abilities.

Arithmetic (few-shot)

100
—e— Two Digit Addition

—e— Two Digit Subtraction
8 Three Digit Addition
—e— Three Digit Subtraction
—e— Four Digit Addition
—e— Four Digit Subtraction
—— Five Digit Addition
Five Digit Subtraction
Two Digit Multiplication
—e— Single Digit Three Ops

Accuracy

40

0.8B 1.3B 26B 6.7B 13B 175B
Parameters in LM (Billions)

0.1B 0.4B

Figure 3.10: Results on all 10 arithmetic tasks in the few-shot settings for models of different sizes. There is a
significant jump from the second largest model (GPT-3 13B) to the largest model (GPT-3 175), with the latter being
able to reliably accurate 2 digit arithmetic, usually accurate 3 digit arithmetic, and correct answers a significant fraction

of the time on 4-3 digit arithmetic, 2 digit multiplication, and compound operations. Results for one-shot and zero-shot

Copyright© 2020 by ETRI gre shown in the appendix.
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Setting CoQA DROP QuAC SQuADv2 RACE-h RACE-m

Fine-tuned SOTA  90.7¢  89.1°  74.4¢  93.0¢ 90.0° 93.1°
GPT-3 Zero-Shot ~ 81.5 23.6 41.5 59.5 455 584
GPT-3 One-Shot ~ 84.0 343 43.3 65.4 459 574
GPT-3 Few-Shot ~ 85.0 36.5 443 69.8 46.8 58.1

Table 3.7: Results on reading comprehension tasks. All scores are F1 except results for RACE which report accuracy.
AJZCH19] 2[IN20] €[A119] 4[QIA20] ¢[SPPT 19]

ine-tuned SOTA
90 CHUM@an T

«H|1: GPT-2
Q Reading Comprehension
3 90 Human-——————— -
2
80 -
70 -
40 —s— Zero-Shot DrQA+PGNet----------------- S -
—e— One-Shot T 60 DroA Y
________________________ o
20 —e+— Few-Shot (K=5) 50 | B}
0.18 048 08B 138 268  67B 13B 1758 PGNet- - g
Parameters in LM (Billicns) 40
Figure 3.7: GPT-3 results on CoQA reading comprehension task. GPT-3 175B achieves 85 F1 in the few-shot setting, 0 s Seq2seq
only a few points behind measured human performance and state-of-the-art fine-tuned models. Zero-shot and one-shot 117M 345M 76°M  1542M
performance is a few points behind, with the gains to few-shot being largest for bigger models. # of parameters in LM
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» Closed-book 2t 2|8
— Alarge language model can perform surprisingly well directly answering the
questions without conditioning on auxilliary information.

« They denote this more restrictive evaluation setting as “closed-book”.

Setting NaturalQS  WebQS  TriviaQA
RAG (Fine-tuned. Open-Domain) [LPPT20] 44.5 45.5 68.0
T5-11B+SSM (Fine-tuned. Closed-Book) [RRS20]  36.6 44.7 60.5
T5-11B (Fine-tuned, Closed-Book) 34.5 37.4 50.1
GPT-3 Zero-Shot 14.6 14.4 64.3
GPT-3 One-Shot 23.0 25.3 68.0
GPT-3 Few-Shot 29.9 41.5 71.2

Table 3.3: Results on three Open-Domain QA tasks. GPT-3 is shown in the few-, one-, and zero-shot settings, as
compared to prior SOTA results for closed book and open domain settings. TriviaQA few-shot result is evaluated on the
wiki split test server.

TriviaQA

70 FinetunedSOTA

—e— Zero-Shot
—e— One-Shot
—+— Few-Shot (K=64)

0.1B 0.4B 08B 1.3B 26B 6.7/8 13B 1758
Parameters in LM (Billions)
Figure 3.3: On TriviaQA GPT3’s performance grows smoothly with model size, suggesting that language models

continue to absorb knowledge as their capacity increases. One-shot and few-shot performance make significant gains
over zero-shot behavior, matching and exceeding the performance of the SOTA fine-tuned open-domain model, RAG
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Setting En—Fr Fr—En En—De De—En En—+Ro Ro—En

SOTA (Supervised)  45.6° 350° 41.2° 40.2¢ 38.5°¢ 39.9¢

XLM [LC19] 33.4 33.3 26.4 343 33.3 31.8
MASS [STQ*19] 37.5 34.9 28.3 35.2 352 33.1
mBART [L.GGT20] - . 29.8 34.0 35.0 30.5
GPT-3 Zero-Shot 25.2 21.2 24.6 27.2 14.1 19.9
GPT-3 One-Shot 28.3 337 26.2 30.4 20.6 38.6
GPT-3 Few-Shot 326 392 29.7 40.6 21.0 39.5

Table 3.4: Few-shot GPT-3 outperforms previous unsupervised NMT work by 5 BLEU when translating
into English reflecting its strength as an English LM. We report BLEU scores on the WMT 14 Fr+En,
WMT' 16 De++En, and WMT 16 Ro<+En datasets as measured by multi-bleu.perl with XLM’s tokeniza-
tion in order to compare most closely with prior unsupervised NMT work. SacreBLEU' [Pos!8] results re-
ported in Appendix H. Underline indicates an unsupervised or few-shot SOTA, bold indicates supervised SOTA
with relative confidence. “¢[EOAG18] ’[DHKH14] S [WXHT18] “[oR16] ¢[LGGT20] f[SacreBLEU signature:
BLEU+case.mixed+numrefs. 1+smooth.exp+tok.intl+version. 1.2.20]

Translation (Multi-BLEU)

40
35
30
25
i
= 20
15 N e P —e— French -> English
P - .
T il --+- English -> French
10 Pose —e— German -> English
e --e- English -> German
5 4 —e— Romanian -> English
--s- English -> Romanian
0
0.1B 0.4B 0.8B 1.3B 26B 6.7/B 13B 175B

Parameters in LM (Billions)

Figure 3.4: Few-shot translation performance on 6 language pairs as model capacity increases. There is a consistent
trend of improvement across all datasets as the model scales, and as well as tendency for translation into English to be
stronger than translation from English.
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« 7|AHS: GPT-2

“I’'m not the cleverest man in the world, but like they say in
French: Je ne suis pas un imbecile [I’'m not a fool].

Translation | - .
In a now-deleted post from Aug. 16, Soheil Eid, Tory candidate
55 [Unsupervised Statistical MT 3 in the riding of Joliette, wrote in French: “Mentez mentez,
3 il en restera toujours quelque chose,” which translates as,
:— “Lie lie and something will always remain.”
20 1 —
W 2 “I hate the word ‘perfume,” Burr says. ‘It’s somewhat better
r\j . . . L]
. in French: ‘parfum.
5 15 |Denoising + Backtranslate 8 2 P
- x5 If listened carefully at 29:55, a conversation can be heard
@ _ o between two guys in French: “-Comment on fait pour aller
10 {Embed Nearest Neighbor & 2 de ’autre coté? -Quel autre coté?”, which means “- How
Denoising E . do you get to the other side? - What side?”.
=
=N < If this sounds like a bit of a stretch, consider this ques-
1 tion in French: As-tu aller au cinéma?, or Did you go to
the movies?, which literally translates as Have-you to go to

0 ' - 1
2M117M 345M 762M  1542M° movies/theater?

# of parameters in LM
“Brevet Sans Garantie Du Gouvernement”. translated to

*H|1: GPT-2 (Fr > En) English: “Patented without government warranty”.

Table 1. Examples of naturally occurring demonstrations of En-
glish to French and French to English translation found throughout
the WebText training set.
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* (1) in-context learning2 2 M2 taskE F= {9

uncertainty

A Timitation, or at least uncertainty, associated with few-shot learning in GPT-3 is ambiguity about whether few-shot
learning actually learns new tasks “from scratch™ at inference time, or if it simply recognizes and identifies tasks that it
has learned during training. These possibilities exist on a spectrum, ranging from demonstrations in the training set that
are drawn from exactly the same distribution as those at test time, to recognizing the same task but in a different format,
to adapting to a specific style of a general task such as QA. to learning a skill entirely de novo. Where GPT-3 is on
this spectrum may also vary from task to task. Synthetic tasks such as wordscrambling or defining nonsense words
seem especially likely to be learned de novo, whereas translation clearly must be learned during pretraining, although
possibly from data that 1s very different in organization and style than the test data. Ultimately, it 1s not even clear what
humans learn from scratch vs from prior demonstrations. Even organizing diverse demonstrations during pre-training
and identifying them at test time would be an advance for language models, but nevertheless understanding precisely
how few-shot learning works 1s an important unexplored direction for future research.
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 (2) still has notable weaknesses in text synthesis and
several NLP tasks.

— still sometimes repeat themselves semantically at the
document level, start to lose coherence over sufficiently long
passages, contradict themselves, and occasionally contain
non-sequitur sentences or paragraphs.

— it does little better than chance when evaluated one-shot or
even few-shot on some “comparison” tasks, such as
determining if two words are used the same way in a sentence,
or if one sentence implies another (WIC and ANLI respectively),
as well as on a subset of reading comprehension tasks.
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« (3) several structural and algorithmic limitations

— do not include any bidirectional architectures or other training
objectives such as denoising

* (4) limits of the pretraining objective

— current objective weights every token equally and lacks a notion
of what is most important to predict and what is less important.

— ultimately, useful language systems (for example virtual
assistants) might be better thought of as taking goal-directed
actions rather than just making predictions

— not grounded in other domains of experience, such as video or
real-world physical interaction

« (5) Others

— poor sample efficiency during pre-training
— both expensive and inconvenient to perform inference
— its decisions are not easily interpretable
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. ) ?_‘|0'|E':‘"°| g_l-;(l' HISE
- 2|5 704 (2 T, T supervised learning)
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+ 4) more biggerQ} CIE M HIGF T Q
— Restricted computation, data 2t40{|A2| 254 LM 2 &

« 5) GPT-39|C}=227
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