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OUR COMMON TASK







Theory as toolkit 
for solving problems



imagination understanding



imagination understanding

Quanta



imagination understanding



beyond the Potter Stewart approach:

/ˌʌndəɹˈstændɪŋ/un der stand ing



Understanding of a phenomenon is 
associated with the ability to give 
satisfactory answers to arbitrary, 
reasonable questions about it.

/ˌʌndəɹˈstændɪŋ/un der stand ing



“Erotetic” 

Understanding of a phenomenon is 
associated with the ability to give 
satisfactory answers to arbitrary, 
reasonable questions about it.

/ˌʌndəɹˈstændɪŋ/un der stand ing



Understanding of a phenomenon is 
associated with the ability to give 
satisfactory answers to arbitrary, 
reasonable questions about it.

consistent with “interpretive” 
understanding (verstehen)

/ˌʌndəɹˈstændɪŋ/un der stand ing



Understanding of a phenomenon is 
associated with the ability to give 
satisfactory answers to arbitrary, 
reasonable questions about it.

easy to think of ways of quantifying
how satisfactory?
how many questions? 

/ˌʌndəɹˈstændɪŋ/un der stand ing



O U R  C O M M O N  G R O U N D

Computation: “Procedures for arriving at adaptive 
decisions based on approximate and noisy information”

-David Krakauer



E V E N  B E T T E R

-Avi Wigderson

Computation: “the evolution process of some 
environment by a sequence of ‘simple, local’ steps”
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From embeddings to 
topic models

word vectors plays a key role. This can also be seen as a theoretical explanation of the old observation that
dimension reduction improves the quality of word embeddings for various tasks. The intuitive explanation
often given —that smaller models generalize better—turns out to be fallacious, since the training method
for creating embeddings makes no reference to analogy solving. Thus there is no a priori reason why low-
dimensional model parameters (i.e., lower model capacity) should lead to better performance in analogy
solving, just as there is no reason they are better at some other unrelated task like predicting the weather.

1.2 Benefits of generative approaches

In addition to giving some form of “unification” of existing methods, our generative model also brings
more intepretability to word embeddings beyond traditional cosine similarity and even analogy solving. For
example, it led to an understanding of how the di↵erent senses of a polysemous word (e.g., bank) reside in
linear superposition within the word embedding (Arora et al., 2016). Such insight into embeddings may
prove useful in the numerous settings in NLP and neuroscience where they are used.

Another new explanatory feature of our model is that low dimensionality of word embeddings plays a key
theoretical role —unlike in previous papers where the model is agnostic about the dimension of the embed-
dings, and the superiority of low-dimensional embeddings is an empirical finding (starting with Deerwester
et al. (1990)). Specifically, our theoretical analysis makes the key assumption that the set of all word vectors
(which are latent variables of the generative model) are spatially isotropic, which means that they have no
preferred direction in space. Having n vectors be isotropic in d dimensions requires d ⌧ n. This isotropy is
needed in the calculations (i.e., multidimensional integral) that yield (1.1). It also holds empirically for our
word vectors, as shown in Section 5.

The isotropy of low-dimensional word vectors also plays a key role in our explanation of the rela-
tions=lines phenomenon (Section 4). The isotropy has a “purification” e↵ect that mitigates the e↵ect of
the (rather large) approximation error in the PMI models.

2 Generative model and its properties

The model treats corpus generation as a dynamic process, where the t-th word is produced at step t. The
process is driven by the random walk of a discourse vector ct 2 <d. Its coordinates represent what is being
talked about.2 Each word has a (time-invariant) latent vector vw 2 <d that captures its correlations with
the discourse vector. We model this bias with a log-linear word production model:

Pr[w emitted at time t | ct] / exp(hct, vwi). (2.1)

The discourse vector ct does a slow random walk (meaning that ct+1 is obtained from ct by adding a small
random displacement vector), so that nearby words are generated under similar discourses. We are interested
in the probabilities that word pairs co-occur near each other, so occasional big jumps in the random walk
are allowed because they have negligible e↵ect on these probabilities.

A similar log-linear model appears in Mnih and Hinton (2007) but without the random walk. The linear
chain CRF of Collobert and Weston (2008b) is more general. The dynamic topic model of Blei and La↵erty
(2006) utilizes topic dynamics, but with a linear word production model. Belanger and Kakade (2015) have
proposed a dynamic model for text using Kalman Filters, where the sequence of words is generated from
Gaussian linear dynamical systems, rather than the log-linear model in our case.

The novelty here over such past works is a theoretical analysis in the method-of-moments tradition (Hsu
et al., 2012; Cohen et al., 2012). Assuming a prior on the random walk we analytically integrate out the
hidden random variables and compute a simple closed form expression that approximately connects the
model parameters to the observable joint probabilities (see Theorem 2.2). This is reminiscent of analysis of
similar random walk models in finance (Black and Scholes, 1973).

2This is a di↵erent interpretation of the term “discourse” compared to some other settings in computational linguistics.
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From embeddings to 
discourse atoms

learn a sparse dictionary for representing the embedding space

center 1
before and provide providing a

after providing provide opportunities provision

center 2
before and a to the

after access accessible allowing provide

Table 1: Four nearest words for some cluster cen-

ters that were computed for the word “access” by

applying 5-means on the estimated discourse vec-

tors (see Section 2.1) of 1000 random windows from

Wikipedia containing “access”. After applying the

linear transformation of Theorem 1 to the center, the

nearest words become meaningful.

Given embeddings for all words, it seems un-

clear at first sight how to pin down the senses of

tie using only (1) since vtie can be expressed in in-

finitely many ways as such a combination, and this

is true even if αi’s were known (and they aren’t).

To pin down the senses we will need to interrelate

the senses of different words, for example, relate the

“article of clothing” sense tie1 with shoe, jacket, etc.

To do so we rely on the generative model of Sec-

tion 2.1 according to which unit vector in the em-

bedding space corresponds to a micro-topic or dis-

course. Empirically, discourses c and c′ tend to look

similar to humans (in terms of nearby words) if their

inner product is larger than 0.85, and quite different

if the inner product is smaller than 0.5. So in the dis-

cussion below, a discourse should really be thought

of as a small region rather than a point.

One imagines that the corpus has a “clothing” dis-

course that has a high probability of outputting the

tie1 sense, and also of outputting related words such

as shoe, jacket, etc. By (2) the probability of be-

ing output by a discourse is determined by the inner

product, so one expects that the vector for “clothing”

discourse has a high inner product with all of shoe,

jacket, tie1, etc., and thus can stand as surrogate for

vtie1 in (1)! Thus it may be sufficient to consider the

following global optimization:
Given word vectors {vw} in !d and two inte-

gers k,m with k < m, find a set of unit vectors
A1, A2, . . . , Am such that

vw =
m
∑

j=1

αw,jAj + ηw (7)

where at most k of the coefficients αw,1, . . . ,αw,m

are nonzero, and ηw’s are error vectors.

Here k is the sparsity parameter, and m is the
number of atoms, and the optimization minimizes
the norms of ηw’s (the #2-reconstruction error):

∑

w

∥

∥

∥

∥

vw −
m
∑

j=1

αw,jAj

∥

∥

∥

∥

2

2

. (8)

Both Aj’s and αw,j’s are unknowns, and the opti-

mization is nonconvex. This is just sparse coding,

useful in neuroscience (Olshausen and Field, 1997)

and also in image processing, computer vision, etc.

This optimization is a surrogate for the desired ex-

pansion of vtie as in (1), because one can hope that

among A1, . . . , Am there will be directions corre-

sponding to clothing, sports matches, etc., that will

have high inner products with tie1, tie2, etc., re-

spectively. Furthermore, restricting m to be much

smaller than the number of words ensures that the

typical Ai needs to be reused to express multiple

words.

We refer to Ai’s, discovered by this procedure, as

atoms of discourse, since experimentation suggests

that the actual discourse in a typical place in text

(namely, vector c in (2)) is a linear combination of a

small number, around 3-4, of such atoms. Implica-

tions of this for text analysis are left for future work.

Relationship to Clustering. Sparse coding is

solved using alternating minimization to find the

Ai’s that minimize (8). This objective function re-

veals sparse coding to be a linear algebraic analogue

of overlapping clustering, whereby the Ai’s act as

cluster centers and each vw is assigned in a soft way

to at most k of them (using the coefficients αw,j , of

which at most k are nonzero). In fact this clustering

viewpoint is also the basis of the alternating mini-

mization algorithm. In the special case when k = 1,

each vw has to be assigned to a single cluster, which

is the familiar geometric clustering with squared #2
distance.

Similar overlapping clustering in a traditional

graph-theoretic setup —clustering while simultane-

ously cross-relating the senses of different words—

seems more difficult but worth exploring.

4 Experimental Tests of Theory

4.1 Test of Gaussian Walk Model: Induced

Embeddings

Now we test the prediction of the Gaussian walk

model suggesting a linear method to induce embed-Arora et al. 2018

atom error

few non-zero



Using this correspondence:

Arora et al. 2018

word vectors plays a key role. This can also be seen as a theoretical explanation of the old observation that
dimension reduction improves the quality of word embeddings for various tasks. The intuitive explanation
often given —that smaller models generalize better—turns out to be fallacious, since the training method
for creating embeddings makes no reference to analogy solving. Thus there is no a priori reason why low-
dimensional model parameters (i.e., lower model capacity) should lead to better performance in analogy
solving, just as there is no reason they are better at some other unrelated task like predicting the weather.

1.2 Benefits of generative approaches

In addition to giving some form of “unification” of existing methods, our generative model also brings
more intepretability to word embeddings beyond traditional cosine similarity and even analogy solving. For
example, it led to an understanding of how the di↵erent senses of a polysemous word (e.g., bank) reside in
linear superposition within the word embedding (Arora et al., 2016). Such insight into embeddings may
prove useful in the numerous settings in NLP and neuroscience where they are used.

Another new explanatory feature of our model is that low dimensionality of word embeddings plays a key
theoretical role —unlike in previous papers where the model is agnostic about the dimension of the embed-
dings, and the superiority of low-dimensional embeddings is an empirical finding (starting with Deerwester
et al. (1990)). Specifically, our theoretical analysis makes the key assumption that the set of all word vectors
(which are latent variables of the generative model) are spatially isotropic, which means that they have no
preferred direction in space. Having n vectors be isotropic in d dimensions requires d ⌧ n. This isotropy is
needed in the calculations (i.e., multidimensional integral) that yield (1.1). It also holds empirically for our
word vectors, as shown in Section 5.

The isotropy of low-dimensional word vectors also plays a key role in our explanation of the rela-
tions=lines phenomenon (Section 4). The isotropy has a “purification” e↵ect that mitigates the e↵ect of
the (rather large) approximation error in the PMI models.

2 Generative model and its properties

The model treats corpus generation as a dynamic process, where the t-th word is produced at step t. The
process is driven by the random walk of a discourse vector ct 2 <d. Its coordinates represent what is being
talked about.2 Each word has a (time-invariant) latent vector vw 2 <d that captures its correlations with
the discourse vector. We model this bias with a log-linear word production model:

Pr[w emitted at time t | ct] / exp(hct, vwi). (2.1)

The discourse vector ct does a slow random walk (meaning that ct+1 is obtained from ct by adding a small
random displacement vector), so that nearby words are generated under similar discourses. We are interested
in the probabilities that word pairs co-occur near each other, so occasional big jumps in the random walk
are allowed because they have negligible e↵ect on these probabilities.

A similar log-linear model appears in Mnih and Hinton (2007) but without the random walk. The linear
chain CRF of Collobert and Weston (2008b) is more general. The dynamic topic model of Blei and La↵erty
(2006) utilizes topic dynamics, but with a linear word production model. Belanger and Kakade (2015) have
proposed a dynamic model for text using Kalman Filters, where the sequence of words is generated from
Gaussian linear dynamical systems, rather than the log-linear model in our case.

The novelty here over such past works is a theoretical analysis in the method-of-moments tradition (Hsu
et al., 2012; Cohen et al., 2012). Assuming a prior on the random walk we analytically integrate out the
hidden random variables and compute a simple closed form expression that approximately connects the
model parameters to the observable joint probabilities (see Theorem 2.2). This is reminiscent of analysis of
similar random walk models in finance (Black and Scholes, 1973).

2This is a di↵erent interpretation of the term “discourse” compared to some other settings in computational linguistics.
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Building blocks of sense-
making around violent death

• Sounds, sights, and smells of death

• Stressors

• Material components of death

• Social actions and interactions

• Social organizations



Sounds, sights, and smells

• Blood: coagulated, splatters, smeared, 
large_puddle, thinning, congealed, saturated, 
spatters, pools, trail_leading 

• Living conditions: sparsely_furnished, rents, 
upon_entering, strewn_throughout, 
scattered_throughout, cluttered, immaculate, 
trashed, extremely_dirty, complete_disarray 



Stressors

• Financial/legal: litigation, lawsuit, legal_issues, 
civil_lawsuit, criminal_charges, law_suit, civil_suit, 
court_proceedings, bankruptcy, financial_hardship 

• Cancer: stage_intravenous, stage_four, ovarian, 
stage_4, metastatic, malignant, colon, metastic, 
metastatic_lung, melanoma 

• Romantic: split_up, tumultuous_relationship, 
rocky_relationship, disagreement, argued, arguing, 
verbal_argument, volatile_relationship, 
frequent_arguments, sexual_relationship 



Material components

• Drugs: burnt_spoon, crack_pipe, syringe_spoon, 
spoon, bottle_cap, cooking_spoon, metal_spoon, 
syringe_cap, spoon_lighter 

• Guns: semiautomatic_pistol, semiautomatic_handgun, 
colt_revolver, taurus_revolver, magnum_revolver, 
derringer, sig_sauer, semiauto_handgun, rugar, 
special_revolver 

• Notes: hand_written, typed, notebook_containing, 
handwritten, farewell, notepad, legal_pad, multi_page, 
entitled, spiral_notebook 



Social organizations

• Family: mother, best_friend, father, sister, 
fiancee, grandmother, niece, fiance, stepfather, 
aunt 

• Gangs: gang, bloods, gang_member, 
motorcycle_gang, latin_kings, rival_gang, rival, 
gang_members, drug_dealers, drug_dealer 



Dimensions of death

woman
+

female
+

she 
+

her
+

herself
+ 

hers

man
+

male
+
he 
+

him
+

himself
+ 
his

minus

(/6) (/6)



Most masculine & feminine

• Masculine: semiautomatic_pistol, 
semiautomatic_handgun, colt_revolver, 
taurus_revolver, magnum_revolver, derringer, 
sig_sauer, semiauto_handgun, rugar, 
special_revolver 
 

• Feminine: anti_seizure, dispensing, anti_nausea, 
antianxiety, anti_anxiety, stockpiling, 
prescribed_psychotropic, allergy, anti_diarrhea



Currently…

atoms give a Voronoi 
tessellation of 

embedding space

provide coarse-grained
recoding of narratives 

to reveal deep 
structure
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environment by a sequence of ‘simple, local’ steps”



cf. Roberto Unger



Theoretical computer science 
and the limits of 

possible social worlds



Theoretical computer science 
and the limits of 

possible social worlds

imagination understanding





Thank you


