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iLanguage and Words Evolve over Time
CONTEXTS EVOLVE president: Obama = Trump
MEANINGS EVOLVE apple: fruit - technology
NEW WORDS ARISE twitter, iphone, mp3

Optlmlzatlon

A key challenge: for large V and T, one might not be able to fit all the PPMI
matrices in the memory. :

A scalable solution: decomposing the objective across time to solve for U(t).E
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- Alignment of embeddings across time is needed and challenging. ASWE WO +{y+ A+ 20l For each single time t

_ 5 B=Y(W(t) +yW(t)+r(U(t - 1)+ U(t +1))  solve U(t)A =B (similarly for W)
Sparsity
Fu : . : : : U(t)A=B
- Splitting the data across time — less training data per time slice.
- Weakness of training separately across time - some words may have '_.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'I

very few or no occurrences.
- Making separate alignment (e.g., computing rotation matrix)
problematic - “bad” time slices contaminate other time slices.

Experlmental Study

The New York Times: 99872 articles from 1990 to 2016. T=27 time slices
(one for each year). 59 news section (e.g., Business, Technology, Sports).

EMain Ngvelty V= 20936 unique words after removing stop words and rare (<200) words.

Learning the word embeddings across time jointly, thus obviating the Trajectory visualization
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Popularlty determ|nat|on Vector norm: a more stable indicator of popularity than word frequency :

10 BO00 a 1200
—  inton obama cogn || — dinton obama 7 || = pippen I5is Logo || = pippen o
) . . g Br = bush = trump 000 || == bush - trump . % E- = enron - gaeda 800 = = enron v
No need to find a rotation matrix. 2 | | 00 : 23| - | B
g 4p 2000 | g 3t y o apo |- gaeda
é 24 1000 b 7, s i:: ; ’ ".. B 200 | ,;.' 'n S FL R
° ° ° ° ° ° ° P . - - - . i. T - " . : =
Tapst B e e i din B or o s ek BV E ey | - P i __m_ P "
Sl I lOOth I ng a I |gn5 E| I ledd I ngS In SUCCGSSlVE t“ I le SI |Ce5 a nd I I la kes 1%9[:' 19:95 mhn' ""126:35 20'1[:' 20'15 1%9[3 19495 ‘zmm 2005 2010 2015 1[?39[: 1995 2000 2005 2010 2015 1%95 1995 zu;cu 2un5u zuﬂ:u. 2015
year year year
year

embeddings more robust to missing data.
Model

Clustering analysis using section labels as ground-truth
Table 5: F-measure (Fg).

Semantic similarity
Table 4: Normailized Mutual Information (NMI).

. . . ' ' oY Method | 10 Clusters | 15 Clusters | 20 Clusters Method | 10 Clusters | 15 Clusters | 20 Clusters
ObJECtIVe function. PPMI factorization term for joint SW2V | 0.6736 0.6867 0.6713 SW2v | 0.6163 0.7147 0.7214
embeddi ng over time TW2V 0.5175 0.5221 0.5130 TW2V 0.4584 0.5072 0.5373
/ AW2V 0.6580 0.6618 0.6386 AW2V 0.6530 0.7115 0.7187
DW2V | 0.7175 0.7162 0.6906 DW2V | 0.6949 0.7515 0.7585

Smoothing term encourages the
word embeddings to be aligned

Ut)u @)z

Alignment quality Query of equivalence words across time

Table 6: Mean Reciprocal Rank (MRR) and Mean Precision

U(1),. U(T)Z Z 1Y (2) =

Table 7: Mean Reciprocal Rank (MRR) and Mean Precision

T (MP) for Testset 1. (MP) for Testset 2.
/1 y) T 9 Method | MRR | MP@1 | MP@3 | MP@5 | MP@10 Method | MRR | MP@1 | MP@3 | MP@5 | MP@10
+ — ” U(t) ” + — ” U(t — ]_) — U(t) ” , SW2V | 0.3560 | 0.2664 | 0.4210 | 0.4774 | 0.5612 SW2V | 0.0472 | 0.0000 | 0.0787 | 0.0787 | 0.2022
2 F 2 F: TW2V | 0.0920 | 0.0500 | 0.1168 | 0.1482 | 0.1910 TW2V | 0.0664 | 0.0404 | 0.0764 | 0.0989 | 0.1438
=1 =2 AW2V | 0.1582 | 0.1066 | 0.1814 | 0.2241 | 0.2953 AW2V | 0.0500 | 0.0225 | 0.0517 | 0.0787 | 0.1416
DW2V | 0.4222 | 0.3306 | 0.4854 | 0.5488 | 0.6191 DW2V | 0.1444 | 0.0764 | 0.1596 | 0.2202 | 0.3820
it i i - Robustness :
Table 8: MRR and MP for ali t with 3 b- . . . . .
Positive Pointwise mutual information (PPMI)' ampling, o ennEm IR YRS Robustness against word removal with intensity
Method r MRR | MP@1 | MP@3 | MP@5 | MP@10 H .
PPMI(t, L)w c — maX{PMI(Dr, L)W Cs 0} .— Y(t) : AW2V | 100% | 0.1582 | 0.1066 | 0.1814 | 0.2241 | 0.2953 Baselines:
? ? = . AW2V | 10% | 0.0884 | 0.0567 | 0.1020 | 0.1287 | 0.1727 SW?2V = Static word2vec
= AW2V | 1% | 0.0409 | 0.0255 | 0.0475 | 0.0605 | 0.0818
#(W, C) . |®| = . AW2V | 01% | 00362 | 00239 | 0.0416 | 0.0532 | 0.0690 TW2V = Transformed-Word2Vec [1]
= . DW2V | 100% | 0.4222 | 03306 | 0.4854 | 0.5488 | 0.6191 ST
PMI(D'—' L)W-_- C lUg #( ) . #( ) ;o DW2V | 10% | 0.4394 | 03489 | 05036 | 0.5628 | 0.6292 AW2V = Aligned-Word2Vec [2]
w C . DW2V | 1% | 04418 | 03522 | 05024 | 05636 | 0.6310 DW2V = Proposed method
. DW2V | 0.1% | 0.4427 | 03550 | 05006 | 05612 | 0.6299
Time-aware word embedding U(t). S

Conclusion

We proposed a model to learn time-aware word embeddings. Our proposed
method simultaneously learns the embeddings and aligns them across time.
We provided dynamic embeddings trained on the New York Times dataset,
from which we discover evolving word semantics.

Vocabulary size V, and total time slice T.
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