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Course website:
http://demo.clab.cs.cmu.edu/11711fa20/
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Piazza:
https://piazza.com/cmu/fall2020/11711/
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Communicating with machines
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~1950s-1970s:



Communicating with machines
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~1980s:



Communicating with machines
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Today:



What is natural language processing (NLP)?

■ NL ∈ {Mandarin, Hindi, Spanish, Arabic, English, … Inuktitut} 

■ Automation of NLs:  

■ analysis (NL → R) 

■ generation (R → NL) 

■ acquisition of R from knowledge and data
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What is natural language processing (NLP)?
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Language technologies
What technologies are required to write such a program?
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■ A conversational agent contains: 

■ Speech recognition 

■ Language analysis 

■ Dialog processing 

■ Information retrieval 

■ Text to speech



Language technologies
Machine translation
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Language technologies
Question answering
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■ What does “divergent” mean? 

■ What year was Abraham Lincoln born? 

■ How many states were in the United 
States that year? 

■ How much Chinese silk was exported 
to England at the end of the 18th 
century?  

■ What do scientists think about the 
ethics of human cloning? 



Natural language processing
Applications
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■ Machine Translation 

■ Information Retrieval  

■ Question Answering 

■ Dialogue Systems 

■ Information Extraction 

■ Summarization 

■ Sentiment Analysis 

■ ...

Core technologies
■ Language modeling 

■ Part-of-speech tagging 

■ Syntactic parsing 

■ Named-entity recognition 

■ Coreference resolution 

■ Word sense disambiguation 

■ Semantic role labelling 

■ ...



What does an NLP system need to “know”?
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■ Language consists of many levels of structure 

■ Humans fluently integrate all of these in producing and understanding language 

■ Ideally, so would a computer!



What does it mean to “know” a language?
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Levels of linguistic 
knowledge

15Image credit: Noah Smith



Speech, phonetics, phonology
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/ ðɪs ɪz ə ˈsɪmpl ˈsɛntəns /.
This  is  a  simple  sentence   .



Words
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■ Morphological analysis 

■ Tokenization 

■ Lemmatization

This  is  a  simple  sentence   .
be 
3sg 

present
Morphology

Tokens



Syntax
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This  is  a  simple  sentence   .

■ Part-of-speech tagging

be 
3sg 

present
Morphology

Parts of speech DT VBZ DT JJ NN PUNC

Tokens



Syntax
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■ Part-of-speech tagging 

■ Syntactic parsing

This  is  a  simple  sentence   .
be 
3sg 

present

Tokens

Morphology

DT VBZ DT JJ NN PUNC

Syntax

Parts of speech

NP NP

VP

S



Semantics
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This  is  a  simple  sentence   .

■ Named entity recognition 

■ Word sense disambiguation 

■ Semantic role labeling

be 
3sg 

present

Tokens
Morphology

DT VBZ DT JJ NN PUNC

Syntax

Parts of speech

NP NP

VP

S

SIMPLE1: 
having few  

parts

SENTENCE1: 
String of words satisfying 
the grammatical rules of 

a languageSemantics



Discourse
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This  is  a  simple  sentence   .

■ Reference resolution 

■ Discourse parsing

be 
3sg 

present

Tokens
Morphology

DT VBZ DT JJ NN PUNC

Syntax

Parts of speech

NP NP

VP

S

SIMPLE1: 
having few  

parts

SENTENCE1: 
String of words 
satisfying the 

grammatical rules 
of a language

Semantics

But   an   instructive    one   .Discourse

coreferent



Where are we now?
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Where are we now?
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base (Vaswani et al., 2018) for training Meena.13

A TPU-v3 core has 16GB of high-bandwidth
memory. We maximized memory usage for model
parameters and stored only 8 training examples
per core. Each training step took about 1 second.
In the full TPU-v3 Pod, this meant we learned over
4M tokens per training second. Therefore, by the
end of training, the model had traversed the full
training set 164 times (or epochs) and observed
a total of about 10T tokens (including repeated
ones).

3.4 Decoding

Generating generic (i.e., not specific) and bland
responses (Li et al., 2016a) has always been a
major challenge in existing neural conversational
models. A common approach to mitigating this
problem is to use more sophisticated decoding al-
gorithms, for instance with different forms of re-
ranking (Li et al., 2016a; Shao et al., 2017) or con-
ditioning on profiles, topics, and styles (Li et al.,
2016b; Wang et al., 2017; Xing et al., 2017; Zhang
et al., 2018b). Recent works also explore new
frameworks such as adversarial learning (Li et al.,
2017; Zhang et al., 2018c), variational autoencod-
ing (Zhao et al., 2017; Gu et al., 2019), or both
(Gao et al., 2019b) at the cost of added complex-
ity and less scalability.

In contrast, we show that given a model with
sufficiently low perplexity, a simple sample-and-
rank decoding strategy achieves both diverse and
high-quality responses. Sample-and-rank, works
as follows: First, we sample N independent candi-
date responses using plain random sampling with
temperature T . Second, we select the candidate
response with the highest probability to use as the
final output.

Temperature T > 0 is a hyper-parameter that
regulates the probability distribution pi of the next
token during decoding. We divide the logits zi by
T before computing the “softmax” as in Hinton
et al. (2015):

pi =
exp(zi/T )P
j exp(zj/T )

(1)

T = 1 yields the unmodified distribution. We
observe that large values of T favor contextually
rare tokens, such as relevant entity names, but

13https://github.com/tensorflow/
tensor2tensor

might also assign too much probability to incor-
rect tokens depending on the model’s predictions.
Meanwhile, smaller values of T favor more com-
mon words such as articles or prepositions, which
are safer but less specific.

Tables 2 and 3 show responses for the arbi-
trary probing input “Why do you like the ocean?”
under sample-and-rank and beam-search, respec-
tively. As we can see, beam-search decoding gen-
erates repetitive and uninteresting responses. On
the other hand, sample-and-rank provides us with
diverse and content-rich responses. The key here
is to have a model with low perplexity so sam-
ples can be taken at high temperature to produce
human-like content.

For all the results in Section 4, we use sample-
and-rank with N = 20 and T = 0.88. Addition-
ally, as shown in Figure 1, for this fixed decoding
strategy, sensibleness and specificity improve as
model test set perplexity falls. For additional de-
coding results and samples, see Section 5.

3.5 Sample conversations
Below are cherry picked conversations that Meena
has had with humans. We selected these conver-
sations after they were completed. That is, the
Meena responses within the conversations were
not cherry picked; they were produced automati-
cally using sample-and-rank (Section 3.4). Con-
versations B and C are excerpts from conversa-
tions number 43 and 48, respectively, of the con-
versations dataset published on GitHub.14

Conversation A

Human: say you’re in an empty giant office and you see
a black bird flying indoors. what do you do?

Meena: What kind of bird? Is it friendly? How large?
How big is the office? Is it indoors or outdoors?

Human: well it’s a predator bird and it’s gonna eat you
Meena: I would grab my phone and call 911.

Meena handles arbitrary open-domain input. However,
asking “Is it indoors or outdoors” was not sensible.

14https://github.com/google-research/
google-research/tree/master/meena/

Towards a Human-like Open-Domain Chatbot. Adiwardana, Luong, So, Hall, Fiedel, Thoppilan, Yang, Kulshreshtha, Nemade, Lu, Le. arXiv preprint 2001.09977. 2020. 

and diminishing returns over N = 20 for speci-
ficity (Figure 8 in the appendix). The significant
improvement from sample-and-rank with N = 20
motivates future work exploring alternate ranking
functions and tuning parameters.

Figure 6: Static SSA over number of sampled re-
sponses for top-k and sampling with temperature.

5.2 Addressing Cross-turn Repetitions
In interactive evaluation, about one third of the
conversations with Meena (base) contain cross-
turn repetitions toward the end. Cross-turn rep-
etition means that one turn somewhat repeats an
earlier turn. For illustration, we cherry picked par-
ticularly problematic examples of cross-turn repe-
tition shown in Tables 5 and 6.

It is worth mentioning that there also exist in-
turn contradictions and repetitions, where the con-
tradiction or repetition is contained in the response
turn itself (e.g., “I like pizza, but I don’t like it”).
This type of artifact is often observed in Meena
versions with worse perplexities, but is far less fre-
quent in the Meena (base), which has the lowest
perplexity as reflected in the samples shared in the
appendix and the higher sensibleness scores.

We wrote a rule that detects if any two turns
contain long common sub-sequences. We auto-
matically remove candidates that are detected as
repetition. This rule seems to have addressed most
of the cross-turn repetition. We, therefore, further
improve on the above interactive SSA of 74%±%1
to 79%± 1%.

5.3 Safety Layer
It is important to mention that the evaluation and
conversation collection for the full Meena version
was conducted with an additional classifier layer
at serving time as part of the filtering mechanism

Cross-turn Repetition Example 1

Human: Hi!
Meena: Hi! How are you?! :)

Human: doing good, what would be the best city to visit
in Europe?

Meena: Paris, Barcelona, Amsterdam, Prague
Human: great list! why?
Meena: Paris is a beautiful city, and Barcelona is too.

And I’ve always wanted to go to Amsterdam and
Prague and have never been.

Human: have you even been to India?
Meena: No, but I’d love to go.

Human: how about Japan?
Meena: I’d love to go to Japan too.

Human: how about Paris?
Meena: I’d love to go to Paris too.

Human: are you lying to me?
Meena: I’d love to go to Japan too.

Human: i think you’re lying to me, that makes me sad
Meena: I’d love to go to Japan, too.

Human: you’re blocking me out! you have to talk to me
Meena: I’d love to go to Japan.

Human: where else?
Meena: I’d love to go to Japan, too!

Table 5: Multiple near identical repetitions of “I’d love
to go to Japan too.”.

Cross-turn Repetition Example 2

Human: Hi!
Meena: Hey there! How are you doing?

Human: not well, i’m quite depressed
Meena: That’s no good. Wanna talk about it?

Human: not really, it’ll only make it worse...can you
cheer me up?

Meena: Sure! What’s got you down?
Human: I’d love to hear a really lame joke
Meena: How about this one? What did the farmer say

when he lost his tractor? Where is my tractor?
Human: haha that was lame! where did you hear it?
Meena: I was at the mall and I heard it in the food court.

How was your day?
Human: wow, i didn’t know you could walk!
Meena: Why did the scarecrow win an award?

Human: i don’t know..you tell me!
Meena: Because he was outstanding in his field!

Human: haha, where did you hear that?
Meena: I was in the food court and I heard it in the field!

Human: you have a great sense of humor!
Meena: Why did the chicken cross the road? He was

outstanding in his field!
Human: ok, i don’t want to hear any more jokes
Meena: Do you know why he was outstanding in his

field? Because he was a chicken!
Human: haha looks like you’re really into this discus-

sion!
Meena: Yes! I am! Do you know why? Because he was

outstanding in his field!
Human: haha, borderline creepy but still funny :D
Meena: Why was the mouse trapped in the bag? Be-

cause he was outstanding in his field!
Human: i think i broke you
Meena: Do you know why I broke you? Because you

were outstanding in your field!

Table 6: Multiple partial repetitions of “(...) Because
he was outstanding in his field!”.

https://arxiv.org/abs/2001.09977
https://arxiv.org/abs/2001.09977


Where are we now?
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Why is NLP hard?
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1. Ambiguity 
2. Scale 
3. Sparsity 
4. Variation 
5. Expressivity 
6. Unmodeled variables 

7. Unknown representation R 



Ambiguity

26

■ Ambiguity at multiple levels: 
■ Word sense: bank (finance or river) 
■ Part of speech: chair (noun or verb?) 
■ Syntactic structure: I saw the man with the telescope 
■ Multiple: I saw her duck



Ambiguity + Scale
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Ambiguity: Tokenization
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Ambiguity: Word sense disambiguation
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Ambiguity: Tokenization + disambiguation
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Ambiguity: Morphology
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■ unfriend 
■ Obamacare 
■ Manfuckinghattan



Ambiguity: Semantic analysis

32

■ Every language sees the world in a different way 
■ For example, could depend on historical conditions 
■ Russian has very few words for colors; Japanese has hundreds 
■ Idioms: happy as a clam, it’s raining cats and dogs, les 

carottes sont cuites



Ambiguity: Semantics
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Every fifteen minutes a woman in this country 
gives birth.



Ambiguity: Semantics
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Every fifteen minutes a woman in this country 
gives birth. Our job is to find this woman, and 
stop her!

— Groucho Marx



Ambiguity: Syntax + semantics
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■ I saw the woman with the telescope wrapped in paper. 
■ Who has the telescope? 
■ Who or what is wrapped in paper? 
■ Event of perception or assault?



Dealing with ambiguity

36

■ How can we model ambiguity and choose correct analysis 
in context? 
■ Non-probabilistic methods return all possible analyses. 
■ Probabilistic models return best possible analysis, i.e. 

most probable one according to the model.

But the “best” analysis is only good if our probabilities 
are accurate. Where do they come from?



Corpora
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■ A corpus is a collection of text 
■ Often annotated in some way 
■ Sometimes just lots of raw text 

■ Examples 
■ Penn Treebank: 1M words of parsed Wall Street Journal 
■ Canadian Hansards: 10M+ words of aligned French/English sentences 
■ Yelp reviews 
■ The Web / Common Crawl: billions of words of who knows what



Corpus-based methods
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■ Give us statistical information

All NPs NPs under S NPs under VP



Statistical NLP
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■ Like most other parts of AI, NLP is dominated by 
statistical methods 
■ Typically more robust than earlier rule-based methods 
■ Relevant statistics/probabilities learned from data 
■ Normally requires lots of data about any particular 

phenomenon



Why is NLP hard?

40

1. Ambiguity 
2. Scale 
3. Sparsity 
4. Variation 
5. Expressivity 
6. Unmodeled variables 

7. Unknown representation R 



Sparsity
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■ Sparse data due to Zipf’s Law 
■ To illustrate, let’s look at the frequencies of different 

words in a large text corpus 
■ Assume “word” is a string of letters separated by spaces



Sparsity
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■ Most frequent words in the English Europarl 
corpus (out of 24m word tokens)



Word counts
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■ Out of 93,638 distinct words (types), 36,231 (~40%) occur 
only once. 

■ Examples: 
■ cornflakes, mathematicians, fuzziness, jumbling 
■ pseudo-rapporteur, lobby-ridden, perfunctorily 
■ Lycketoft, UNCITRAL, H-0695 
■ policyfor, Commissioneris, 145.95, 27a



Plotting word frequencies
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■ Order words by frequency. What is the frequency of nth ranked word?



Zipf’s Law
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■ Implications 
■ Regardless of how large our corpus is, there will be a lot of infrequent 

(and zero-frequency!) words 
■ This means we need to find clever ways to estimate probabilities for 

things we have rarely or never seen



Why is NLP hard?
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1. Ambiguity 
2. Scale 
3. Sparsity 
4. Variation 
5. Expressivity 
6. Unmodeled variables 

7. Unknown representation R 



Variation
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■ Suppose we train a part of speech tagger or a parser on the Wall Street Journal…

( (S (NP-SBJ (NP (NNP Pierre) (NNP Vinken)) 
	      (, ,) 
	      (ADJP (NML (CD 61) (NNS years)) 
	 	    (JJ old)) 
	      (, ,)) 
     (VP (MD will) 
	  (VP (VB join) 
	      (NP (DT the) (NN board)) 
	      (PP-CLR (IN as) 
	 	      (NP (DT a) (JJ nonexecutive) (NN director))) 
	      (NP-TMP (NNP Nov.) (CD 29)))) 
     (. .)))

■ What will happen if we try to use this tagger/parser on social media?



Why is NLP Hard?
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Why is NLP hard?
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1. Ambiguity 
2. Scale 
3. Sparsity 
4. Variation 
5. Expressivity 
6. Unmodeled variables 

7. Unknown representation R 



Expressivity
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■ Not only can one form have different meanings (ambiguity) 
but the same meaning can be expressed with different forms:

She gave the book to Deni. vs. She gave Deni the book.

Some kids popped by. vs. A few children visited.

Is that window still open? vs. Please close the window.



Unmodeled variables
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■ World knowledge 
■ I dropped the glass on the floor and it broke 
■ I dropped the hammer on the glass and it broke

“drink this milk.”

skater eats pavement



Unknown representation
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■ Very difficult to capture what is R, since we don’t even know how 
to represent the knowledge a human has/needs: 
■ What is the “meaning” of a word, sentence, utterance? 
■ How to model context? 
■ Other general knowledge?



Desiderata for NLP models
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■ Sensitivity to a wide range of phenomena and constraints in human 
language 

■ Generality across languages, modalities, genres, styles 
■ Strong formal guarantees (e.g., convergence, statistical efficiency, 

consistency) 
■ High accuracy when judged against expert annotations or test data 
■ Efficient 
■ Ethical



Symbolic and probabilistic NLP
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~1990s

Logic/Rule-based NLP Statistical NLP



Probabilistic and Connectionist NLP
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~mid 2010s

Engineered features Learned features



NLP ≟ Machine Learning
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■ To be successful, a machine learner needs bias/assumptions; 
for NLP, that might be linguistic theory/representations. 

■ Symbolic, probabilistic, and connectionist ML have all seen 
NLP as a source of inspiring applications.



What is nearby NLP?
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■ Computational linguistics 
■ Using computational methods to better understand how language 

works 
■ We end up doing this and using it 

■ Cognitive science 
■ How does the human brain work? 
■ Includes the bits that do language 
■ Humans: the only working NLP prototype! 

■ Speech processing 
■ Mapping audio signals to text 
■ Traditionally separate from NLP; converging? 
■ Two components: acoustic models and language models 
■ Language models in the domain of statistical NLP



Course logistics

58



What is this class?
Three aspects to the course:
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■ Linguistic issues 
■ What are the range of language phenomena? 
■ What are the knowledge sources that let us disambiguate? 
■ What representations are appropriate? 
■ How do you know what to model and what not to model? 

■ Statistical modeling methods 
■ Increasingly complex model structures 
■ Learning and parameter estimation 
■ Efficient inference: dynamic programming, search, sampling 

■ Engineering methods 
■ Issues of scale. We’ll focus on what makes problems hard, and what works in practice.



What is this class?
Models and algorithms:
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■ Models 
■ State machines (finite state automata / transducers) 
■ Logic (first-order logic) 
■ Probabilistic models (WFST, language models, HMM, SVM, CRF, …) 
■ Vector space models (embeddings, Transformers) 

■ Algorithms 
■ State space search (DFS, BFS, A*, dynamic programming — Viterbi, CKY) 
■ Supervised learning 
■ Unsupervised learning 

■ Methodological tools 
■ Training/test sets, evaluation, cross-validation



What is this class?
Outline of topics:
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■ Words and sequences 
■ Classification 
■ Language modeling 
■ Vector semantics and word embeddings 
■ Sequence labeling 

■ Structured classification 
■ Parsing 

■ Morphology 
■ Semantics 
■ Discourse 
■ Applications 

■ Machine translation, summarization, sentiment analysis, computational ethics



What is this class?
Grading
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■ This is a project-based course. Grading will be done 
based on 5 homework assignments, as well as class 
participation. 
■ Four projects each worth 20% of your final grade: 

Classification, sequence labeling, dependency 
parsing, and coreference. 

■ One review/presentation on a paper from this year’s 
EMNLP: 10% 

■ Participation on Piazza: 10%



What is this class?
Requirements and goals
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■ Class requirements 
■ Uses a variety of skills/knowledge 

■ Probability and statistics, graphical models 
■ Basic linguistics background 
■ Strong coding skills (Python) 

■ Most people are probably missing one of the above. You will have to work on 
your own to fill the gaps. 

■ Class goals 
■ Learn the issues and techniques of statistical NLP 
■ Build realistic NLP tools 
■ Be able to read current research papers in the field



■ Primary texts 
■ Jurafsky and Martin, Speech and Language Processing, 

2nd and 3rd Edition (not 1st)  
3rd ed: https://web.stanford.edu/~jurafsky/slp3/  

■ Eisenstein, Introduction to Natural Language Processing 
https://github.com/jacobeisenstein/gt-nlp-class/blob/
master/notes/eisenstein-nlp-notes.pdf 

■ Prerequisites 
■ Mastery of basic probability 
■ Strong skills in Python or equivalent 
■ Deep interest in language

What is this class?
Readings
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https://web.stanford.edu/~jurafsky/slp3/
https://github.com/jacobeisenstein/gt-nlp-class/blob/master/notes/eisenstein-nlp-notes.pdf
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■ Course contacts: 
■ Webpage: materials and announcements 
■ Piazza: discussion forum 
■ Canvas: project submissions 
■ Homework questions: Recitation, Piazza, TA office hours 

■ Enrollment: We’ll try to take everyone who meets the requirements 
■ Computing resources: 

■ Homeworks should run on relatively modern hardware just fine. 
If you need access to more compute for extra credit 
experimentation, we may be able to arrange for cloud credits. 

■ Questions?

Other announcements

65


