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Noah A. Smith (nasmith@cs.cmu.edu)
Abstract
Modulo formatting, this document constitutes a portion of my application for tenure (“section 5”). It
details my research, teaching, and service efforts and goals. It is not exhaustive, and it reflects my view
of my activities in late May 2013.

1 Research
My research goal is to automate inference from natural language text, including:
• algorithms that interpret text into abstract linguistic structures (§1.1);
• learning algorithms that infer the parameters of such models from text annotated by linguistic experts
or non-experts, unannotated text, and text observed in its social context (§1.2);
• task-specific inferences in the form of translation into other languages or real-world predictions (§1.3).
The following elaborates some important aspects of each in turn, emphasizing developments since my review for promotion in 2010 and plans for the future. Some research threads that are not being actively
pursued are suppressed for space (e.g., work on text-to-text transformations [Das and Smith, 2009; Heilman
and Smith, 2010], including my former Ph.D. student Michael Heilman’s dissertation project; and dynamic
programming extensions [Cohen et al., 2008b; Gimpel and Smith, 2009a]).
1.1

Computational Linguistics and Natural Language Processing
Making inferences from a text might require analyzing its meaning; this conjecture underlies much
current research in translation, question answering, and information extraction. Operationalizing “meaning”
remains a central challenge in computational linguistics. Many agree that syntactic parsing is an important
first step toward mapping strings to meanings (see Fig. 1, top, for an example). Further, representations of
the propositional semantics of strings have attracted a great deal of attention (i.e., “who did what to whom?”
and illustrated in Fig. 1, bottom). My NLP research seeks algorithms for text analysis, subject to the oftencompeting desiderata listed in Tab. 1. I call this research program linguistic structure prediction, which is
also the title of my monograph [Smith, 2011].
Much of my early work used exact dynamic programming algorithms that find the model-optimal1 linguistic analysis of a piece of text [Cohen et al., 2008b, 2011b; Dreyer et al., 2006; Eisner and Smith, 2011;
Eisner et al., 2004a,b, 2005; Smith and Smith, 2004, 2007; Smith and Johnson, 2007; Smith et al., 2005].
Classic examples are the Viterbi algorithm [Viterbi, 1967] and the weighted version of Earley’s algorithm
[Earley, 1970]. These algorithms remain foundational in NLP, but using them requires us to make strong
assumptions about the mappings of words to deeper linguistic structures; hence, they can be seen as weak
on desideratum (iii).
1.1.1 Approximating Structured Inference: AD3
Unfortunately, inference with guarantees of model-optimality quickly becomes intractable as our models become more linguistically expressive. For example, we might wish to capture non-local interactions
between two or more syntactic or semantic arguments of a word [Das et al., 2012], different parts of a translation [Gimpel and Smith, 2009a], or between morphological (word-internal) and syntactic analyses [Cohen
and Smith, 2007]. My former Ph.D. student André Martins, his co-advisors Mário Figueiredo (IST), Pedro
Aguiar (IST), and Eric Xing (CMU), and I developed a range of general approximate inference techniques
1
Briefly, such algorithms imply the use of a statistical model, typically a weighted grammar. By “model-optimal,” we mean that
the algorithm is guaranteed to find the analysis that the model deems most probable. In statistical terms, this is a kind of maximum
a posteriori inference: arg maxy∈Yx score(x, y), where Yx is the set of well-formed analyses of an input string x and score is a
function learned from data, often a probability (see §1.2).
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i.
ii.
iii.
iv.
v.

generality across different languages, genres, and linguistic representations
computational efficiency, in application and in construction
sensitivity to a wide range of the phenomena and constraints in human language
strong performance guarantees
high accuracy when judged against expert human annotations
Table 1: Desiderata for algorithms (in arbitrary order).

[Martins et al., 2009a]; the most important of these is alternating directions dual decomposition (AD3 ) [Martins, 2012; Martins et al., 2011a, in review]. In terms of desiderata (i–v) in Table 1, AD3 is a general-purpose
maximum a posteriori inference algorithm for graphical models (i). It divvies up work among “worker”
nodes, each of which iteratively solve subproblems with closed-form solutions or to which efficient dynamic
programming machinery can be applied (ii). AD3 can take advantage of rich non-local features and constraints represented in first-order logic (iii). Formally (iv), AD3 is robust to approximate solutions by worker
nodes and produces a certificate when it finds an exact solution. It enjoys O(1/) convergence, an improvement over previous methods such as projected subgradient [Komodakis et al., 2007]. It produces primal
and dual residuals, which allow for a straightforward stopping criterion. Finally, on a range of datasets,
AD3 outperforms strong existing techniques [Globerson and Jaakkola, 2008; Jojic et al., 2010; Komodakis
et al., 2007; Sontag et al., 2011] (v); its use in NLP is discussed below. André has released an open-source
implementation of AD3 [Martins, 2012].
1.1.2 Syntactic Analysis: TurboParser
We have used AD3 to build state-of-the-art natural language parsers. TurboParser is André Martins’
open-source, trainable dependency parser built on AD3 [Kong and Smith, 2013; Martins, 2009; Martins
et al., 2010, 2011b, 2013]. TurboParser offers a range of options trading accuracy for speed. At one extreme
(first-order “arc-factored” models) its speeds are comparable to optimized, specialized parsing methods like
[Rush and Petrov, 2012]; at the other, it parses Wall Street Journal English at around 700 tokens per second. For nine out of fourteen languages in the CoNLL 2006–7 suite of benchmarks2 as well as English
dependency parsing with Yamada-Matsumoto and Stanford dependency representations, some variation of
TurboParser achieves the best published unlabeled attachment performance. Fig. 1 (top) shows an example
of TurboParser’s output.
1.1.3 Semantic Analysis: SEMAFOR
Frame-semantic parsing is a kind of general-purpose text analysis that maps words to abstract frames in
the FrameNet lexicon [Fillmore et al., 2003] and labels spans of text corresponding to the fillers of those
frames’ roles (see Fig. 1, bottom). Led by my former Ph.D. student Dipanjan Das, my group has developed
the open-source SEMAFOR frame-semantic analyzer, which achieves the best-published performance on
the FrameNet 1.5 benchmark corpus [Das et al., 2010a,b, 2014]. Frame-semantic analysis is quite hard:
on the standard aggregate evaluation measure, we achieve 68% precision and 61% recall; subjectively, it
is easy to see room for improvement.3 Nonetheless, SEMAFOR has been downloaded hundreds of times
and is being used actively by several research groups at CMU and within the FrameNet project at Berkeley.
SEMAFOR also serves as an excellent testbed for algorithmic research; for example, we used AD3 to incorporate pairwise requirement and exclusion constraints on a frame’s arguments (specified by the FrameNet
lexicon) [Das et al., 2012, 2014]. Ongoing projects in collaboration with Tom Mitchell’s and Ed Hovy’s
research teams at CMU seek to integrate semantic analysis with knowledge bases and with other algorithms
2
TurboParser is within 1% of state of the art on 3 other languages; on a fourth, it does not beat our earlier “stacked” parser
[Martins et al., 2008].
3
An online demo of both TurboParser and SEMAFOR is available at http://demo.ark.cs.cmu.edu/parse.
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that extract structured information from text. Chris Dyer and I were recently awarded funding from the NSF
to explore multilingual distributed semantics on very large corpora in ten languages.
1.1.4 Other Projects: Lightweight Annotation, Sociolinguistics, Social Media, Extraction
Above, I discussed algorithms that map a string to its best linguistic analysis, sidestepping the scoring
function that defines “best.” Typically this is learned from data (more discussion in §1.2). Such data tend
to be expensive and require a great deal of annotation expertise; one thread of my research has sought to
obtain data more cheaply, especially for languages and genres that have as-yet received less attention. With
CMU–Qatar collaborators Kemal Oflazer and Behrang Mohit and my student Nathan Schneider, I have
explored the viability of WordNet supersenses [Ciaramita and Johnson, 2003] as a representation for direct
annotation by humans with relatively little training, producing a small corpus of supersense-tagged articles
from Arabic Wikipedia [Schneider et al., 2012]. Nathan’s ongoing thesis research considers annotation
and models for identifying multiword expressions and disambiguating prepositions, “the bastard children
of lexicon and grammar” (in Nathan’s words). Another ongoing effort explores a syntactic and semantic
annotation framework, called graph fragment language, that allows underspecification, so that an lessexpert annotator may sidestep decisions about which he is uncertain or focus on a specific subtask [Schneider
et al., 2013b].
In a long-running collaboration with Jacob Eisenstein, my Ph.D. student Brendan O’Connor, and Eric
Xing, I have conducted sociolinguistic studies on very large corpora of social media messages with their
associated metadata. Our studies have modeled geographic variation in lexical usage and automatic geolocation of authors [Eisenstein et al., 2010], demographic variation [Eisenstein et al., 2011; O’Connor et al.,
2010b], and geographical diffusion of words over time and space [Eisenstein et al., 2012]. This work was
featured on NPR’s All Things Considered4 and in the New York Times,5 among others.
Driven by my group’s growing interest in social media as a source of linguistic data for studies like these
and for applications (§1.3), my group has developed an open-source part-of-speech tagger for social media
messages [Gimpel et al., 2011]. This project required adjustments to standard part of speech annotation conventions (e.g., handling of emoticons and discourse markers such as at-mentions). Apart from its widespread
use (over 1,300 downloads of version 0.3 at this writing), this project notably included Tobi Owoputi, a CMU
CS sophomore, in improving accuracy and efficiency [Owoputi et al., 2013].
Two new projects on extracting structured information from text are worthy of note. One, a collaboration
with Norman Sadeh and his team, seeks to extract key features from privacy policies for online services
[Ammar et al., 2012]. Humans rarely read these documents but may benefit from automatic inferences
about the implications of privacy policies before clicking “I agree.” In the other project, recently funded
by the Sloan Foundation, Bryan Routledge and I are applying NLP to infer relationships among American
corporations from a large corpus of publically available press releases. The resulting database is intended to
support studies in corporate demography (see also §1.3.3).
1.2

Machine Learning for Language
The best source of information that we have about language comes to us as data. Extracting useful
representations and algorithms from data is known as machine learning; I have made leading contributions
to unsupervised, latent-variable, semi-supervised, and supervised machine learning from text, for NLP. My
research seeks learning algorithms that meet the desiderata in Tab. 1, with the overarching theme of marrying
of linguistic domain knowledge (iii) with principled statistical reasoning that gives rise to (iv). Indeed, the
title of my NSF CAREER grant is “flexible learning for natural language processing.”
4
5

http://www.npr.org/2011/01/18/133024500/you-have-an-accent-even-on-twitter
http://www.nytimes.com/2011/10/30/opinion/sunday/twitterology-a-new-science.html
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Figure 1: An example sentence (from §1.1),
analyzed by TurboParser (top, discussed in
§1.1.2) and SEMAFOR (bottom, discussed
in §1.1.3). Here, TurboParser has been
called to provide Stanford dependencies,
a popular syntactic representation. TurboParser has made one obvious error, misattaching the prepositional phrase from a
text to inferences rather than making. SEMAFOR provides FrameNet-style predicates evoked by words in the sentence
(called frames, shown in capitals, boxed)
and their arguments. Arguably, the frame
for making should be different (making
inferences might better be analyzed as a
multiword expression), and the Hypothetical event argument for might is the requirement, not the inference-making.

1.2.1 Unsupervised Language Learning
My dissertation research focused on unsupervised dependency parsing [Smith, 2006; Smith and Eisner,
2005b], introducing new variations on maximum likelihood estimation for probabilistic grammars [Smith
and Eisner, 2005a]. Estimation corresponds to a non-convex optimization problem, so I also sought optimization techniques to find local optima corresponding to accurate models [Smith and Eisner, 2004, 2006].
Later, my former Ph.D. student Shay Cohen and I were the first to demonstrate the benefits of empirical
Bayesian learning for this problem, if the prior encodes some basic knowledge about linguistic categories
[Cohen and Smith, 2009, 2010b; Cohen et al., 2008a]. My former Ph.D. student Kevin Gimpel also returned
to the problem of initialization, and we developed improved data-driven techniques for finding a good initializer [Gimpel and Smith, 2012b]. I am continuing work on unsupervised syntax learning in collaboration
with Jason Baldridge and Dan Garrette at the University of Texas, and Chris Dyer, focusing on complex
categories used by combinatory categorial grammar; Chris, our Ph.D. student Waleed Ammar, and I are also
developing a new formulation for unsupervised structure learning inspired by autoencoders.
While it is well-known that unsupervised grammar learning is “hard” (in lay terms), Shay Cohen’s dissertation provides a computational complexity analysis. Even given the grammar, maximum likelihood
estimation for probabilistic context-free grammars from just strings is NP-hard [Cohen and Smith, 2010a].
We then turned to sample complexity and found polynomial bounds in the amount of data needed for learning PCFG parameters [Cohen and Smith, 2010c, 2012]. This includes a comparison between supervised and
unsupervised learning.
A core language technology that has been remarkably stable for over a decade is language modeling,
or estimating a probability distribution over sequences of words. We have explored cases where “words”
may not be the best level of analysis. The first of these is scenarios where multiword expressions are commonplace; Kevin Gimpel and I applied a nonparametric Bayesian model to identify multiword units in
monolingual and bilingual texts, even noncontiguous units, and showed benefit for translation [Gimpel and
Smith, 2011b]. The second scenario is when rich intra-word effects (e.g., inflectional affixes) create more
apparent words than we have data to estimate probabilities for. Chris Dyer, our student Victor Chahuneau,
and I developed a nonparametric Bayesian approach that incorporates a (possibly incomplete) morphological
analyzer into the prior distribution and learns improved language models for languages with rich morphology
(e.g., Russian, Turkish, and Czech) [Chahuneau et al., 2013].
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1.2.2 Supervised Learning for Linguistic Structure
Why is even supervised learning different for NLP than for other problems? The widespread use of
approximate statistical inference (see, e.g., §1.1.1) in NLP opens up theoretical and practical questions about
effects on learning algorithms (which typically make many calls to inference as a subroutine). I have explored a range of techniques that seek to understand this interaction [Martins et al., 2009b], more closely
integrate inference and learning [Martins et al., 2008], avoid inference during learning [Smith et al., 2007],
and parallelize across many processors [Gimpel et al., 2010].
My recent contributions have focused on learning algorithms that exploit better knowledge of the domain.
In particular, we have explored regularizers that induce structured sparsity, such as the group lasso [Yuan
and Lin, 2007]. This is a way of capturing a belief that the usefulness of features in a predictive model
is best understood in groups, with the goal being to eliminate entire predefined groups of features deemed
irrelevant. The result is a more compact model and a high-level inference about which groups matter. We
have developed efficient, scalable online learning algorithms for a wide range of composite regularizers and
loss functions that induce group sparsity [Martins et al., 2011d] and applied them to linguistic structured
prediction problems including named entity recognition and dependency parsing [Martins et al., 2011c]
(TurboParser served as a testbed; see §1.1.2). These methods are known as online proximal gradient
algorithms. We have also used group sparsity in work on modeling demographic associations with lexical
usage [Eisenstein et al., 2011] (see §1.1.4) and in sparse lexicon expansion to improve our frame-semantic
analyzer, SEMAFOR [Das and Smith, 2012] (see §1.1.3). My collaborators and I gave a tutorial about
structured sparsity at NAACL 2012 and published a general CS audience article about it [Smith and Martins,
2013].
1.2.3 Between Supervised and Unsupervised Learning
Latent discrete variables arise in many NLP problems; a simple variant can be found in topic models
such as latent Dirichlet allocation [Blei et al., 2003]. We have explored how the basic idea of topic modeling
can be applied to various ends by selecting certain kinds of words in text and informing the prior distribution.
Examples include the discovery of character personas found across many films, using character mentions and
syntactic contexts in film summaries [Bamman et al., 2013b], and the discovery of verbal frames expressing
various states of international conflict or cooperation from a large news corpus about state-political actors
[O’Connor et al., 2013].
A classic example of necessary latent structured variables is found in the word and phrase alignments
between input and output strings in machine translation. Chris Dyer and I have developed state-of-the art
word alignment methods, including a discriminative model that learns from unannotated parallel corpora
[Dyer et al., 2011a] and a newly parameterized variant of IBM Model 2 that leads to improved translations
[Dyer et al., 2013] compared to the strong baseline of IBM Model 4 [Brown et al., 1993]. These are available
as open-source software within Chris’ cdec library for machine translation.6
Translation learning is made even harder because, while the correct output is available to the learner, it
may not be reachable by the inference algorithm, either due to the model family’s limited expressive power or
the approximate nature of inference. Kevin Gimpel and I developed Rampion, a learner that copes explicitly
and robustly with these difficulties, and also builds on previous practical and theoretical work on the ramp
loss [Gimpel and Smith, 2012a]. Rampion has been released as open-source software [Gimpel, 2012] and
also integrated into cdec.
My group has encountered a range of problems requiring learning from incomplete data, developing
algorithmic enhancements as required. Recent examples include:
• Arabic named entity recognition for Wikipedia data, a rather different genre than the news domain
for which labeled data are available. We developed a new recall-oriented variant of self-training that
exploits the ability of margin-based learning to use a task-specific cost function [Mohit et al., 2012].
6

http://www.cdec-decoder.org
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• Scenarios where we have strong performing NLP in one or a small number of languages and wish
to improve performance for other languages that have no labeled data. One example uses helper
languages’ models through initialization of the new language’s model, in unsupervised parsing [Cohen et al., 2011a]. Another uses imperfect machine translation into English and English WordNetsupersense tagging to improve supersense tagging for the other language, capitalizing on reasonably
good content-word translation [Schneider et al., 2013a].
• Scenarios where we have reliable knowledge of the semantics of some words, but not all. We have used
distributional similarity and graph-based learning to expand knowledge from the FrameNet lexicon
to many more word types found in unannotated corpora, improving SEMAFOR’s performance on
unknown words by more than 13% absolute F1 [Das and Smith, 2011].
1.3

Intelligent Applications
AI research must be motivated by concrete applications or risk falling into the cracks between theory
and engineering. This does not mean that AI researchers need to produce commercial-strength implementations; I think that industry is usually far better suited to that role. Academics may be able to identify new
applications and to discover new algorithms with a role to play in current and future applications; these are
where my focus has been. My primary contributions to applications have been in machine translation (an
old challenge) and text-driven forecasting (a new one).
1.3.1 Machine Translation
Since translation systems are complex, open-source toolkits have played a major role in enabling advances. I helped develop the first of these, Egypt/Giza [Al-Onaizan et al., 1999a,b], and members of my
research group have continued this trend [Chahuneau et al., 2012b; Gimpel, 2009]. Data is also central;
my early work contributed systems for finding translation data on the web [Resnik and Smith, 2003; Smith,
2002], and my group continues to contribute such data [Chahuneau, 2012].
My former Ph.D. student Kevin Gimpel developed a series of translation systems based on “loose”
syntactic transformations, identifying an effective tradeoff between the use of linguistic analysis as a guide
(§1.1) while still allowing flexibility [Gimpel and Smith, 2008, 2009b, 2011a, to appear]. Systems developed
within my group, led by then-post-doctoral researcher Chris Dyer (now a faculty colleague), have won
competitions: the 2011 Workshop on Statistical Machine Translation German-English human evaluation
[Dyer et al., 2011b], and 2012 NIST Open Machine Translation Competition in Korean-English [Dyer et al.,
2012]. We have also contributed to translation evaluation methodology, in collaboration with Alon Lavie
and Jonathan Clark [Clark et al., 2011].
1.3.2 Text-Driven Forecasting
In text-driven forecasting, text inputs are used to make concrete predictions about future real-world
events or measurements. My collaborators and I have developed regression models that take shallow text
statistics as input, and shown that they can use text to make accurate predictions about financial risk [Kogan et al., 2009], opening-weekend revenues of films [Joshi et al., 2010a], scientific community response to
articles [Yogatama et al., 2011], and food prices [Chahuneau et al., 2012a]. This work has led me to collaborations with social scientists, most notably financial economist Bryan Routledge, who participates in weekly
meetings with my research group. In current work, we are exploring scalable models for temporal variation, led by my Ph.D. student Dani Yogatama [Yogatama et al., 2013], and new decision-theoretic language
models that incorporate notions of utility in text production.
1.3.3 Inferences about Social Context
Much of my group’s current research seeks to relate text content to the social context in which that
text was created. An early example of this was a very simple text analysis method, developed primarily
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by Brendan O’Connor, for measuring public opinion about the economy and the president from Twitter
messages, with high correlation to traditional telephone polls [O’Connor et al., 2010a]. More recently:
• My Ph.D. students David Bamman and Brendan O’Connor and I analyzed social media messages
from China to characterize message deletion, finding evidence of political censorship [Bamman et al.,
2012];
• David, Assyriologist Adam Anderson (Harvard), and I inferred social rank among merchants in a
Middle Bronze Age trade colony in Old Assyria, from cuneiform tablets [Bamman et al., 2013a];
• Brendan, political scientist Brandon Stewart (Harvard), and I made inferences about international
relations events from automatically parsed newstext [O’Connor et al., 2013];
• My Ph.D. students Tae Yano, Dani Yogatama, and I analyzed social media messages from U.S. Congressmen and related message content to campaign donations [Yano et al., 2013];
• Tae, political scientist John Wilkerson (UW), and I built predictive models of bill survival in Congressional committees [Yano et al., 2012];
• My Ph.D. student Yanchuan Sim, political scientists Justin Gross and Brice Acree (UNC Chapel Hill),
and I developed a text analysis model to measure the ideological content in political speeches, and
applied it to 2008 and 2012 U.S. presidential election speeches [Gross et al., 2013].
These projects vary greatly in the genre of data being explored, the sophistication in the statistical modeling
techniques, and the underlying theoretical frameworks. My students, my collaborators, and I have been
openly opportunistic about finding interesting contextualized text datasets to model. In doing so, we have
learned a great deal about the aspirations of researchers in other disciplines to use text data, and we have
established ourselves as leaders in applying NLP and machine learning to those ends.
The theme emerging from these efforts is that texts can answer substantive questions about their authors
and those authors’ communities. By allowing such questions to drive the development of computational
models, we are beginning to identify building blocks that can be assembled to quickly answer new questions.
In the 20th century, the field of statistics gave rise to such building blocks for quantitative data; we seek to
do the same for text data.
1.4

Summary
My research interests are broad, but they have now proven to be mutually reinforcing. For example, André Martins’, Dipanjan Das’, and Kevin Gimpel’s dissertations bring together principled machine
learning with high-performance parsing, semantic analysis, and machine translation, respectively. Brendan
O’Connor’s latest work uses syntactic representations to make inferences about geopolitics [O’Connor et al.,
2013]. My group is using its knowledge about building effective and efficient NLP to create useful tools
for social media genres attracting intense commercial interest [Owoputi et al., 2013]. Our long-running investment in unsupervised NLP is starting to bear fruit in applications like machine translation [Gimpel and
Smith, to appear]. What ties all of this work together is the use of text to make inferences: about what a
particular text means, about the linguistic system and social context of its author, and about human societies
more broadly.
2 Education
My educational goals are to lead a world-class research group with diverse skills and interests and whose
alumni are recognized as leaders in the field; to help my departments lead in providing top-notch graduate
and undergraduate instruction; and to promote scholarly exchange by regularly teaching outside CMU.
2.1

Advising
Of my twelve Ph.D. advisees to-date, five have completed the degree and gone on to research positions
in academia (University of Edinburgh, Toyota Technological Institute at Chicago), non-profit (Educational
Testing Service), and industry (Google Research, Priberam Labs); a sixth will finish this summer, and the
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other six are making steady progress. I meet with every student face-to-face virtually every week for technical discussion. I encourage active collaboration within the group and outside, as the publication record
shows. My students have interned in research labs at Google, Microsoft, Amazon, and Facebook, and have
made semester or summer-long visits to research groups at Princeton, Harvard, and the University of Southern California.
In addition to Ph.D.s, I have actively mentored more than twenty additional student researchers (Ph.D
independent study students, visiting Ph.D. students, masters, undergraduates, recent undergraduates employed as research programmers, and a high school student). My mentees have gone on to Ph.D. programs
at Stanford, MIT, CMU, and JHU. My weekly group meetings are lively, technical, constructively critical,
collaborative, and designed to give students both depth and breadth. Many collaborations among students
start there, and I work hard to balance intellectual stimulation with an atmosphere of collectivism and mutual
support. Senior students typically mentor junior ones, and undergraduates and visitors are welcomed. I have
aimed to build a diverse group, notably mentoring female researchers at Ph.D., masters, undergraduate, and
high school levels.
2.2 Teaching
Undergraduate education. In 2008, on my own initiative, I designed an undergraduate course in NLP,
giving a broad overview of the field. The course has been offered every spring since (five times by me, once
by other faculty), and has grown to about 35 students (the most successful undergraduate offering in the LTI).
Its most innovative aspect is an adversarial question answering project in which students are incentivized to
transfer ideas from the lecture into working systems that are evaluated competitively in blind tests at the end
of the course. In 2008 and 2010, the competition included teams from Rebecca Hwa’s NLP course at the
University of Pittsburgh. The project is described in an NSF workshop paper [Smith et al., 2008]. My former
undergraduate students have reported back that this course project was unique in forcing them to work as a
team to creatively solve an open-ended, hard problem. The course is crafted for undergraduates, with shortterm, low-stakes assignments to encourage exploration and de-emphasize grades. Lectures are modular and
come with one-page summaries to encourage active participation rather than rushing to take down notes.
Graduate education. A great deal of my teaching effort has been in keeping LTI graduate courses in NLP
up to date with the latest research developments. I designed “Language and Statistics II” from scratch, and
taught it for four years, then synthesized into a monograph [Smith, 2011]. In 2011, William Cohen and I
worked together to merge that course with his “Information Extraction” course, since the area had matured
and grown suitable for a wider audience; the result is “Structured Prediction,” which I will teach for a second
time this year with Chris Dyer. I have also taught or co-taught pre-existing graduate courses in the LTI
and the Machine Learning Department (“Algorithms for NLP” twice and “Probabilistic Graphical Models”
once). In 2009 I started an advanced reading seminar in NLP and have offered it every year since. In 2009 I
offered an interdisciplinary special topics seminar (“Text-Driven Forecasting,” both projects from which led
to high-profile publications [Joshi et al., 2010a; O’Connor et al., 2010a]), and in 2013 revamped the LTI’s
hands-on NLP lab course into projects to develop open-source finite-state morphology tools for a range of
languages.7 My advanced courses typically have a term paper component with multiple rounds of feedback
to help students improve their technical writing skills.
Tutorials outside CMU. Twice I have given tutorials at conferences (ICML 2009, NAACL 2012), and
I regularly offer short courses or lectures at international summer schools. On invitation, I taught a short
course at IBM’s T.J. Watson Research Center.
Looking ahead. Apart from annual updates to content, my educational offerings at CMU have stabilized.
A strong sign of this is that most of the courses I teach are mature enough to be taught by different instructors
7
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or teams of co-instructors. I continue to seek new, relevant material to incorporate (in existing classes and in
classes I have not taught yet), and enjoy the intellectual growth that comes with the experience of teaching
while broadening my expertise. I also aspire to opportunistically integrate research and teaching in ways
that are mutually enhancing (e.g., course assignments where students grapple with the state of the art and
its shortcomings, and generating data, as a by-product of teaching, that can support research efforts). One
question on the horizon for me and for my institutions is whether and how to expand the reach of our
teaching, through online offerings, MOOCs, and other vehicles. This is not a question I can answer on my
own, though I do have immediate plans to publically release video of lectures from “Structured Prediction”
this fall. I am open to greater disruption, though I have not yet decided whether to take on a visible leadership
role in imagining the future of the university CS classroom. At the very least, I plan to continue to lead by
innovating within my own courses and sharing my materials and experiences openly.
3 Service
My service goal is to maintain and incrementally improve the environments—local and global—that have
contributed to my success and that of my students.
CMU. I have served (or am serving) on graduate admissions committees (seven years), faculty hiring committees (three times, once as chair), the LTI curriculum committee (four years), the university-wide undergraduate research fellowship committee (three years), and seventeen Ph.D. thesis committees (not including
those of my own advisees). Since 2010 I have served as the faculty liaison to the LTI student body; in 2012
I organized the LTI faculty retreat. I served as the organizer for an existing seminar series in AI for two
years, and recently started a new seminar series on Machine Learning and the Social Sciences. In addition to
regularly hosting external speakers in various SCS colloquia, I have hosted representatives from companies
seeking to hire in language technologies and machine learning (e.g., Thomson-Reuters and Amazon).
Research community. I have served (or am serving) on the editorial boards of several top journals in my
field (Computational Linguistics (2009–2011), Journal of Artificial Intelligence Research (2011–present),
and Transactions of the Association for Computational Linguistics) (2012–present); I review for others including Journal of Machine Learning Research, IEEE Intelligent Systems, and Proceedings of the National
Academy of Sciences. I serve regularly on the program committees of the major NLP and machine learning
conferences (ACL, NAACL, EMNLP, ICML, NIPS, and others), often as a senior member or in an organizational role, and on National Science Foundation review panels and advice-giving panels for aspiring NSF
awardees. I am currently serving a two-year term as the secretary-treasurer of the SIGDAT special interest
group within ACL, which sponsors the EMNLP conference. I have served or am serving as an external
member of three Ph.D. thesis committees.
Data and software releases. NLP research relies heavily on sharing of datasets and implemented tools.
When my research leads to reusable datasets, I have consistently made these available to the research community. Examples include forecasting datasets that link text documents to real-world measurements, like
film reviews and revenue [Joshi et al., 2010b] and financial statements and stock market statistics [Routledge et al., 2009]. Data produced by small-scale annotation efforts conducted in my group are always made
freely available to the research community. We have also released numerous open-source software tools;
nearly every student in my group has released open-source datasets and/or tools, some of which have been
downloaded hundreds of times and used in many others’ research projects at CMU and elsewhere.
Outreach. I have frequently given presentations about my work to non-academic, non-research audiences.
Recent examples include a panel organized by CMU’s Center for Innovation and Entrepreneurship, another
at the World Economic Forum in Davos, and invited presentations at technology conferences including South
by Southwest, Tech@State (at the U.S. State Department), and Computer Assisted Reporting. I have contributed problems to the Computational Linguistics Olympiad, a high-school outreach program.
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