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Paradigm Shift: Pre-train fine-tune

Classification task: p(y |x)

• Traditional: hand-crafted features to represent x , and then
apply machine learning

• Deep learning: learn latent features of x

• Idea: learn a generic latent feature once, and then share it
across all NLP tasks.

• Language modelling is such a generic task:

p(xi |x0, x1, . . . , xi−1)

• Abundant amount of naturally occuring text
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Figure from [Devlin et al., 2019]

Deep contextualized word representations [Peters et al., 2018]
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Transformer

Figure from [Bloem, 2019]
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BERT vs. GPT
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Figure from [Devlin et al., 2019].
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Pre-training and Finetuning Bert
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Pre-training



Pre-trained Language Models

• Three main dimensions across they vary:
• Objective Functions (main and auxiliary)
• Noising Functions
• Directionality

• Examples of Model Architectures
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Main Training Objectives

• Standard Language Model Objective:
Task is to predict: P(xi |x0 . . . xi−1)

• Denoising Objective:
Noising function: x̃ = fnoise(x)

Task is to predict: P(x |x̃)

• Corrupted Text Reconstruction: loss over noised part
• Full Text Reconstruction: loss over entire input
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Auxiliary Objectives

• Can apply multiple learning objectives

• Learn specific things about language which will be useful in
the downstream tasks eg.

• Next Sentence Prediction: do two segments appear
consecutively - better sentence representations BERT

[Devlin et al., 2019]

• Discourse Relation Prediction: predict rhetorical relations
between sentences - better semantics ERNIE [Sun et al., 2020]

• Image Region Prediction: predict the masked regions of an
image - for better visual-linguistic tasks VL-BERT [Su et al., 2020]

8



Noising Functions

For training objectives based on reconstruction apply noise either
over tokens (sub-words), whole words or spans

Original Text: Biden approved measures .

Operation Corrupted Text

Mask Biden [MASK] measures .
Replace Biden ate measures .
Delete Biden approved measures .
Permute approved measures . Biden
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Directionality

• Bidirectional: full attention no masking

• Left-to-right: diagonal attention masking

• Mix the two strategies

3.3 Directionality of Representations

Masking (e.g. Devlin et al. (2019)) The text will be masked in different levels, replacing a token or multi-token
span with a special token such as [MASK]. Notably, masking can either be random from some distribution or
specifically designed to introduce prior knowledge, such as the above-mentioned example of masking entities to
encourage the model to be good at predicting entities.

Replacement (e.g. Raffel et al. (2020)) Replacement is similar to masking, except that the token or multi-token
span is not replaced with a [MASK] but rather another token or piece of information (e.g., an image region (Su
et al., 2020)).

Deletion (e.g. Lewis et al. (2020a)) Tokens or multi-token spans will be deleted from a text without the addition
of [MASK] or any other token. This operation is usually used together with the FTR loss.

Permutation (e.g. Liu et al. (2020a)) The text is first divided into different spans (tokens, sub-sentential spans, or
sentences), and then these spans are be permuted into a new text.

3.3 Directionality of Representations
A final important factor that should be considered in understanding pre-trained LMs and the difference between them
is the directionality of the calculation of representations. In general, there are two widely used ways to calculate
such representations:

Left-to-Right The representation of each word is calculated based on the word itself and all previous words in the
sentence. For example, if we have a sentence “This is a good movie”, the representation of the word “good” would
be calculated based on previous words. This variety of factorization is particularly widely used when calculating
standard LM objectives or when calculating the output side of an FTR objective, as we discuss in more detail below.

Bidirectional The representation of each word is calculated based on all words in the sentence, including words
to the left of the current word. In the example above, “good” would be influenced by all words in the sentence, even
the following “movie”.

In addition to the two most common directionalities above, it is also possible to mix the two strategies together in
a single model (Dong et al., 2019; Bao et al., 2020), or perform conditioning of the representations in a randomly
permuted order (Yang et al., 2019), although these strategies are less widely used. Notably, when implementing
these strategies within a neural model, this conditioning is generally implemented through attention masking,
which masks out the values in an attentional model (Bahdanau et al., 2014), such as the popular Transformer
architecture (Vaswani et al., 2017). Some examples of such attention masks are shown in Figure 2.
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(c) Mixture.

Figure 2: Three popular attention mask patterns, where the subscript t indicates the t-th timestep. A shaded box at
(i, j) indicates that the attention mechanism is allowed to attend to the input element i at output time step j. A white
box indicates that the attention mechanism is not allowed to attend to the corresponding i and j combination.

3.4 Typical Pre-training Methods
With the above concepts in mind, we introduce four popular pre-training methods, resulting from diverse combina-
tions of objective, noising function, and directionality. These are described below, and summarized in Fig. 3 and
Tab. 5.

3.4.1 Left-to-Right Language Model
Left-to-right LMs (L2R LMs), a variety of auto-regressive LM, predict the upcoming words or assign a probability
P (x) to a sequence of words x = x1, · · · , xn (Jurafsky and Martin, 2021). The probability is commonly broken
down using the chain rule in a left-to-right fashion: P (x) = P (x1) ⇥ · · · P (xn|x1 · · · xn�1).3

3Similarly, a right-to-left LM can predict preceding words based on the future context, such as P (xi|xi+1, · · · , xn).
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Paradigms
3.4 Typical Pre-training Methods
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(a) Left-to-right LM.
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(b) Masked LM.
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(c) Prefix LM.
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(d) Encoder-Decoder.

Figure 3: Typical paradigms of pre-trained LMs.

Example & Applicable Scenario

Left-to-right LMs have been standard since their proposal by Markov in 1913 (Markov, 2006), and have
been used continuously since then in both count-based (Goodman, 2001) and neural forms (Bengio et al.,
2003; Mikolov et al., 2010; Radford and Narasimhan, 2018). Representative examples of modern pre-trained
left-to-right LMs include GPT-3 (Brown et al., 2020), and GPT-Neo (Black et al., 2021).
L2R pre-trained LMs are also the popular backbone that many prompting methods adopt (Radford et al.,
2019; Brown et al., 2020) . One practical reason for this is that many such models are large (PanGu-↵ (Zeng
et al., 2021), Ernie-3 (Sun et al., 2021)) and ponderous to train, or not even available publicly. Thus using
these models in the pre-train and fine-tune regimen is often not possible.

LMs
x y

Application
Mask Noise Main Obj. Mask Noise Main Obj.

L2R Diagonal None SLM - - - NLU & NLG
Mask Full Mask CTR - - - NLU
Prefix Full Any CTR Diagonal None SLM NLU & NLG
En-De Full Any None† Diagonal None FTR/CRT NLU & NLG

Table 5: Typical architectures for pre-trained LMs. x and y represent text to be encoded and decoded, respectively.
SLM: Standard language model. CTR: Corrupted text reconstruction. FTR: Full text reconstruction. †: Encoder-
decoder architectures usually apply objective functions to the decoder only.

3.4.2 Masked Language Models
While autoregressive language models provide a powerful tool for modeling the probability of text, they also
have disadvantages such as requiring representations be calculated from left-to-right. When the focus is shifted to
generating the optimal representations for down-stream tasks such as classification, many other options become
possible, and often preferable. One popular bidirectional objective function used widely in representation learning
is the masked language model (MLM; Devlin et al. (2019)), which aims to predict masked text pieces based on
surrounded context. For example, P (xi|x1, . . . , xi�1, xi+1, . . . , xn) represents the probability of the word xi given
the surrounding context.

Example & Applicable Scenario

Representative pre-trained models using MLMs include: BERT (Devlin et al., 2019), ERNIE (Zhang et al.,
2019; Sun et al., 2019b) and many variants. In prompting methods, MLMs are generally most suitable for
natural language understanding or analysis tasks (e.g., text classification, natural language inference , and
extractive question answering). These tasks are often relatively easy to be reformulated into cloze problems,
which are consistent with the training objectives of the MLM. Additionally, MLMs have been a pre-trained
model of choice when exploring methods that combine prompting with fine-tuning, elaborated further in §7.

3.4.3 Prefix and Encoder-Decoder
For conditional text generation tasks such as translation and summarization where an input text x = x1, · · · , xn is
given and the goal is to generate target text y, we need a pre-trained model that is both capable of encoding the
input text and generating the output text. There are two popular architectures for this purpose that share a common

10

From [Liu et al., 2021a]

Model Arch PreTrainObj AuxObj Mask/Repl/Del/Perm Applic.

GPT-2/3 L2R LM - - NLU/NLG
BERT Mask CorruptText NSP Tok/-/-/- NLU

Enc only
BART Enc-Dec FullText - Tok/Span/Tok/Sent NLU/NLG
T5 Enc-Dec CorruptText - -/Span/-/- NLU/NLG
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T5: Text-to-Text Transfer Transformer

Exploring the Limits of Transfer Learning
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Figure 1: A diagram of our text-to-text framework. Every task we consider—including
translation, question answering, and classification—is cast as feeding our model
text as input and training it to generate some target text. This allows us to use the
same model, loss function, hyperparameters, etc. across our diverse set of tasks. It
also provides a standard testbed for the methods included in our empirical survey.
“T5” refers to our model, which we dub the “Text-to-Text Transfer Transformer”.

summarization, and sentiment classification, to name a few. With this unified approach,
we can compare the e�ectiveness of di�erent transfer learning objectives, unlabeled data
sets, and other factors, while exploring the limits of transfer learning for NLP by scaling up
models and data sets beyond what has previously been considered.

We emphasize that our goal is not to propose new methods but instead to provide a
comprehensive perspective on where the field stands. As such, our work primarily comprises
a survey, exploration, and empirical comparison of existing techniques. We also explore the
limits of current approaches by scaling up the insights from our systematic study (training
models up to 11 billion parameters) to obtain state-of-the-art results in many of the tasks
we consider. In order to perform experiments at this scale, we introduce the “Colossal Clean
Crawled Corpus” (C4), a data set consisting of hundreds of gigabytes of clean English text
scraped from the web. Recognizing that the main utility of transfer learning is the possibility
of leveraging pre-trained models in data-scarce settings, we release our code, data sets, and
pre-trained models.1

The remainder of the paper is structured as follows: In the following section, we discuss
our base model and its implementation, our procedure for formulating every text processing
problem as a text-to-text task, and the suite of tasks we consider. In Section 3, we present a
large set of experiments that explore the field of transfer learning for NLP. At the end of the
section (Section 3.7), we combine insights from our systematic study to obtain state-of-the-art
results on a wide variety of benchmarks. Finally, we provide a summary of our results and
wrap up with a look towards the future in Section 4.

3

Figure from [Raffel et al., 2020]
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T5

Exploring the Limits of Transfer Learning with a Unified
Text-to-Text Transformer [Raffel et al., 2020]

• Model Size: up to 11B parameters - BERT-large is 330M

• Amount of training data: 120B words of data

• Domain/Cleanness of training data

• Model used is almost the same as the original encoder-decoder
model in the Vaswani et al. paper

• Conclusion: Scaling up model size and training data really
helps

Really easy to use pretrained model for multiple tasks using
prompts!

13



Common Crawl in T5

The Common Crawl produces 20TB of data every month, but
much of it is not usable

Raffel et al. clean the common crawl to get “Colossal Clean
Crawled Corpus” (C4):

• Discard pages with fewer than 3 sentences

• Filtered out pages with bad words

• Removed any pages with curly brackets

• Removed citation markers

• Removed boilerplate text

A few more other tricks...

14



T5 pre-training

• Uses span corruption pre-training objective

• Masking (encoder): “The teacher continued the lecture.” →
“[X] continued [Y]”

• Output (decoder): “[X] The teacher [Y] the lecture [EOS]”

• X and Y are sentinel tokens

• (there is a maximum on the number of words that can be
masked)

15



Finetuning T5

• “This book is a fun read” → positive

• We finetune T5 for the decoder to generate the label text

• This stands in contrast to BERT, where we have a fixed set of
classes chosen through a softmax

• This finetuning is what allows to work with text for specific
tasks

16



T5 Tasks

Cast all the tasks considered (GLUE / SuperGLUE and others) into
text-to-text format

Exploring the Limits of Transfer Learning

GLUE CoLA SST-2 MRPC MRPC STS-B STS-B
Model Average Matthew’s Accuracy F1 Accuracy Pearson Spearman

Previous best 89.4a 69.2b 97.1a 93.6b 91.5b 92.7b 92.3b
T5-Small 77.4 41.0 91.8 89.7 86.6 85.6 85.0
T5-Base 82.7 51.1 95.2 90.7 87.5 89.4 88.6
T5-Large 86.4 61.2 96.3 92.4 89.9 89.9 89.2
T5-3B 88.5 67.1 97.4 92.5 90.0 90.6 89.8
T5-11B 90.3 71.6 97.5 92.8 90.4 93.1 92.8

QQP QQP MNLI-m MNLI-mm QNLI RTE WNLI
Model F1 Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy

Previous best 74.8c 90.7b 91.3a 91.0a 99.2a 89.2a 91.8a
T5-Small 70.0 88.0 82.4 82.3 90.3 69.9 69.2
T5-Base 72.6 89.4 87.1 86.2 93.7 80.1 78.8
T5-Large 73.9 89.9 89.9 89.6 94.8 87.2 85.6
T5-3B 74.4 89.7 91.4 91.2 96.3 91.1 89.7
T5-11B 75.1 90.6 92.2 91.9 96.9 92.8 94.5

SQuAD SQuAD SuperGLUE BoolQ CB CB COPA
Model EM F1 Average Accuracy F1 Accuracy Accuracy

Previous best 90.1a 95.5a 84.6d 87.1d 90.5d 95.2d 90.6d
T5-Small 79.10 87.24 63.3 76.4 56.9 81.6 46.0
T5-Base 85.44 92.08 76.2 81.4 86.2 94.0 71.2
T5-Large 86.66 93.79 82.3 85.4 91.6 94.8 83.4
T5-3B 88.53 94.95 86.4 89.9 90.3 94.4 92.0
T5-11B 91.26 96.22 88.9 91.2 93.9 96.8 94.8

MultiRC MultiRC ReCoRD ReCoRD RTE WiC WSC
Model F1a EM F1 Accuracy Accuracy Accuracy Accuracy

Previous best 84.4d 52.5d 90.6d 90.0d 88.2d 69.9d 89.0d
T5-Small 69.3 26.3 56.3 55.4 73.3 66.9 70.5
T5-Base 79.7 43.1 75.0 74.2 81.5 68.3 80.8
T5-Large 83.3 50.7 86.8 85.9 87.8 69.3 86.3
T5-3B 86.8 58.3 91.2 90.4 90.7 72.1 90.4
T5-11B 88.1 63.3 94.1 93.4 92.5 76.9 93.8

WMT EnDe WMT EnFr WMT EnRo CNN/DM CNN/DM CNN/DM
Model BLEU BLEU BLEU ROUGE-1 ROUGE-2 ROUGE-L

Previous best 33.8e 43.8e 38.5f 43.47g 20.30g 40.63g
T5-Small 26.7 36.0 26.8 41.12 19.56 38.35
T5-Base 30.9 41.2 28.0 42.05 20.34 39.40
T5-Large 32.0 41.5 28.1 42.50 20.68 39.75
T5-3B 31.8 42.6 28.2 42.72 21.02 39.94
T5-11B 32.1 43.4 28.1 43.52 21.55 40.69

Table 14: Performance of our T5 variants on every task we study. Small, Base, Large, 3B,
and 11B refer to model configurations with 60 million, 220 million, 770 million,
3 billion, and 11 billion parameters, respectively. In the first row of each table,
we report the state-of-the-art for the task (as of October 24th, 2019), with the
superscript denoting its source with references listed at the end of this caption. All
results are reported on the test set except for SQuAD where we use the validation
set. a(Lan et al., 2019) b(Wang et al., 2019c) c(Zhu et al., 2019) d(Liu et al.,
2019c) e(Edunov et al., 2018) f (Lample and Conneau, 2019) g(Dong et al., 2019)

39
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Example data: CoLA
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Example data: RTE
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Example data: MNLI
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Example data: Machine Translation
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Types of finetuning in T5

• Adapter layers

• Gradual unfreezing - start by finetuning only the top layers,
and slowly start introducing changes to the lower layers

22



Finetuning Results

(from Raffel et al.)
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Prompting



Alternative Paradigm: Prompting

• Proposed by: Language models are unsupervised multitask
learners [Radford et al., 2019]

• Pretrain - Fine tune: adapting LMs (objectives eg. MLM or
next sentence prediction) to downstream tasks

• Pretrain - Prompt: adapting downstream tasks to LMs.

• Appeal: zero-shot capabilities and strong few-shot performance

24



Goal of Prompting

• Supervised learning:
• Model P(y | x , θ)
• Input x = "I love this book"
• Output y = ++ out of label set Y = ++,+, ,−,−−

• Prompting:
• Instead use a language model and a text-to-text query to

predict y
• Reducing the need for large supervised datasets

25



1. Adding a Prompt

1. Choose a prompting function or template fprompt(·)
2. Apply it to the input x

To create a prompt x′ = fprompt(x)

Name Notation Example

Input x I love this book
Prompting Function fprompt(x) [X] Overall, it was a [Z] book
Prompt x′ I love this book. Overall, it was a [Z] book

eg. of a Cloze prompt
Prefix prompt: [X] TLDR; [Z]
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2. Answer Search

• Z set of permissible values for z: answers

• Z could be any item in vocabulary or restricted to subset of
values

• ẑ = search
z∈Z

P(ffill(x′, z); θ), where P(., θ) is the pretrained LM

Name Notation Example

Answers Z "excellent","good","OK","bad","horrible"
Output Y ++,+,∼,−,−−
Filled Prompt ffill(x′, z)) I love this book. Overall it was a bad book
Answered Prompt ffill(x′, z∗)) I love this book. Overall it was a good book

27



3. Mapping Answer to Desired Output

• Highest scoring answer ẑ to highest scoring output ŷ

• "excellent", "fabulous" and "wonderful" → "++"

28



Examples

Task Input [X] Template Answer [Z]

Sentiment I love this movie. [X] The movie is [Z]. great
fantastic . . .

Topics He slammed the ball. [X] The text is about
[Z].

sports
science . . .

Intention What is the taxi fare? [X] The question is
about [Z].

price
city . . .

NER [X1]: Mike went to
Paris. [X2]: Paris

[X1][X2] is a [Z] entity. org
loc . . .

Summary Las Vegas police. . . [X] TL;DR: [Z] The victim. . .
A woman . . .

Translation Je vous aime French: [X] English: [Z] I love you.
I fancy you. . . .

Adapted from [Liu et al., 2021b]
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Prompt Engineering

• Creating a promtping function fprompt(x)

• Manual template engineering

• Automated template learning of discrete prompts:
• Prompt mining "[X] middle words [Z]"
• Paraphrase existing prompts - select the ones with highest

accuracy

• Continuous prompts: perform prompting directly in the
embedding space of the model

• Initialise with discrete prompt, fine tune on task
• Template embeddings have their own parameters that can be

tuned
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Prompt Tuning (Lester et al., 2021)

A way of using continuous prompting by prepending the input text
with some embeddings that are tailored to a specific task
[Lester et al., 2021]

• Want to retain the performance of finetuning without having
to change all parameters

• Input to LM: “p1 p2 p3 This book is really fun to read”

• pi are now embeddings that indicate the task of sentiment
analysis

• When finetuning, change pi based on backpropagation while
freezing the model
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Prompting for Zero-shot Machine Translation
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Prompting Large Language Model for Machine Translation: A Case Study

ID Template (in English) English German Chinese

w/o w/ w/o w/ w/o w/

A [src]: [input] ⇧ [tgt]: 38.78 31.17 -26.15 -16.48 14.82 -1.08
B [input] ⇧ [tgt]: -88.62 -85.35 -135.97 -99.65 -66.55 -85.84
C [input] ⇧ Translate to [tgt]: -87.63 -68.75 -106.30 -73.23 -63.38 -70.91
D [input] ⇧ Translate from [src] to [tgt]: -113.80 -89.16 -153.80 -130.65 -76.79 -67.71
E [src]: [input] ⇧ Translate to [tgt]: 20.81 16.69 -24.33 -5.68 -8.61 -30.38
F [src]: [input] ⇧ Translate from [src] to [tgt]: -27.14 -6.88 -34.36 -9.22 -32.22 -44.95

Table 1: COMET scores averaged over 6 language pairs for zero-shot prompting with different templates and different template languages
on Wiki Ablation sets. w/ and w/o denote whether adding line breaks into the template or not; ⇧ indicates the position of the line break.
[src] and [tgt] denote source and target test language name, respectively, and [input] denotes the test input; all of them are
placeholders. English, German and Chinese indicate template languages. Best results are shown in bold.
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Figure 1: COMET scores for few-shot prompting as a function of the number of prompt examples (K = 1, 5, 10, 20) on Wiki Ablation
sets. For each setup, we randomly sample 100 times from the example pool and show the performance distribution via box plots. Dashed
red line denotes the zero-shot baseline; blue curve and shadow area denote the mean and standard deviation.

3. Prompting Strategy for MT
To perform MT, prompting needs to cast the translation
problem into a language modeling problem via the prompt.
Thus, the format of the prompt, including its wording, di-
rectly affects how the LLM understands the task and its
behavior. For MT, we are interested in the following re-
search questions:

• Which template should we use for MT prompting?
And what language for the template?

• Does demonstration matter for MT prompting? How
to select optimal prompt examples?

Zero-shot prompting performance varies greatly across
templates. We start with zero-shot prompting and explore
the effect of different templates. Depending on how to
describe MT and partially inspired by prior studies (Brown
et al., 2020; Chowdhery et al., 2022; Wei et al., 2022a),
we compare 6 templates and evaluate them on the Wiki
Ablation sets covering 6 language pairs (En$De, En$Zh,
De$Zh). Table 1 shows the results (we list detailed results
in Table 10, Appendix). The template affects zero-shot
quality substantially, and the simple template A� in English
specifying just the source and target language name achieves
the best overall results. In follow-up experiments, we thus

focus on template A�.

Language-specific template delivers mixed results. Ta-
ble 1 also shows the prompting results of German and Chi-
nese templates, which often largely underperform their En-
glish counterparts. Since German is not a major pretraining
language in GLM-130B, a German template degenerates the
translation substantially. By contrast, a Chinese template
yields improved quality when translating into Chinese (see
Table 10). Still, an English template works best on average.

The preference of GLM-130B to English template also
shows that the level of language understanding and cross-
lingual ability in GLM-130B varies across languages, even
though it’s pretrained on the same amount of monolingual
Chinese and English tokens. This might be caused by the
fact that English is used more globally than Chinese, but
might also suggest that improving the language understand-
ing of LLM requires more advanced training algorithms
beyond scaling training data.

Using more prompt examples for demonstration im-
proves translation significantly on average. We next
study few-shot prompting following the template A� but
in format (2) with K varying from 1 to 20. We evaluate
multiple demonstrations for each K via random sampling
to reduce data biases. Figure 1 shows that the more exam-

Results from [Zhang et al., 2023]
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Demonstrations for Few-shot Machine Translation
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Prompting Large Language Model for Machine Translation: A Case Study
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w/o w/ w/o w/ w/o w/

A [src]: [input] ⇧ [tgt]: 38.78 31.17 -26.15 -16.48 14.82 -1.08
B [input] ⇧ [tgt]: -88.62 -85.35 -135.97 -99.65 -66.55 -85.84
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Table 1: COMET scores averaged over 6 language pairs for zero-shot prompting with different templates and different template languages
on Wiki Ablation sets. w/ and w/o denote whether adding line breaks into the template or not; ⇧ indicates the position of the line break.
[src] and [tgt] denote source and target test language name, respectively, and [input] denotes the test input; all of them are
placeholders. English, German and Chinese indicate template languages. Best results are shown in bold.
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Figure 1: COMET scores for few-shot prompting as a function of the number of prompt examples (K = 1, 5, 10, 20) on Wiki Ablation
sets. For each setup, we randomly sample 100 times from the example pool and show the performance distribution via box plots. Dashed
red line denotes the zero-shot baseline; blue curve and shadow area denote the mean and standard deviation.

3. Prompting Strategy for MT
To perform MT, prompting needs to cast the translation
problem into a language modeling problem via the prompt.
Thus, the format of the prompt, including its wording, di-
rectly affects how the LLM understands the task and its
behavior. For MT, we are interested in the following re-
search questions:

• Which template should we use for MT prompting?
And what language for the template?

• Does demonstration matter for MT prompting? How
to select optimal prompt examples?

Zero-shot prompting performance varies greatly across
templates. We start with zero-shot prompting and explore
the effect of different templates. Depending on how to
describe MT and partially inspired by prior studies (Brown
et al., 2020; Chowdhery et al., 2022; Wei et al., 2022a),
we compare 6 templates and evaluate them on the Wiki
Ablation sets covering 6 language pairs (En$De, En$Zh,
De$Zh). Table 1 shows the results (we list detailed results
in Table 10, Appendix). The template affects zero-shot
quality substantially, and the simple template A� in English
specifying just the source and target language name achieves
the best overall results. In follow-up experiments, we thus

focus on template A�.

Language-specific template delivers mixed results. Ta-
ble 1 also shows the prompting results of German and Chi-
nese templates, which often largely underperform their En-
glish counterparts. Since German is not a major pretraining
language in GLM-130B, a German template degenerates the
translation substantially. By contrast, a Chinese template
yields improved quality when translating into Chinese (see
Table 10). Still, an English template works best on average.

The preference of GLM-130B to English template also
shows that the level of language understanding and cross-
lingual ability in GLM-130B varies across languages, even
though it’s pretrained on the same amount of monolingual
Chinese and English tokens. This might be caused by the
fact that English is used more globally than Chinese, but
might also suggest that improving the language understand-
ing of LLM requires more advanced training algorithms
beyond scaling training data.

Using more prompt examples for demonstration im-
proves translation significantly on average. We next
study few-shot prompting following the template A� but
in format (2) with K varying from 1 to 20. We evaluate
multiple demonstrations for each K via random sampling
to reduce data biases. Figure 1 shows that the more exam-

Results from [Zhang et al., 2023]
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Challenge: Size of Models

from Julien Simon https://huggingface.co/blog/large-language-models

• Cost of training: $ and carbon footprint
• Difficulty in deploying these systems
• Downsizing with: knowledge distillation, model pruning,

quantization
34
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In-context Learning

• For a given task, show some examples with their output to the
language model

• Then, ask it to solve the problem on new examples

• Highly related to prompting
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Summary

• New paradigm in ML: Pretraining + Finetuning

• Axes: Objective functions, noising functions, directionality

• Alternative paradigm: Pretrain + Prompt

• Good zero-shot, few-shot performance

• Prompt engineering

• Challenges

Next: Look at evaluation of natural language processing models,
and in particular evaluation of machine translation.
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