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Abstract

Previously, algorithms for training conditional randomd&were derived from
the second-order Taylor expansion of the log-likelihoodhef training data and
the key issue is to approximate the Hessian matrix, whiclallstequiresO(n?)
computations per iteration. In this paper, we show thatiefficoff-line and on-
line algorithms for training conditional random fields (ORfan also be derived
from approximating the Jacobian of the generalized iteeadcaling (GIS) map-
ping to reduce per iteration complexitydi(n). Experimental results show that in
terms of the rate of convergence, algorithms derived inwlaig can be as efficient
as the best performing second-order algorithms or evearbett

1 Approximating Jacobian

The training of CRF can be formulated as solvidg = M (0*) by fixed-point iteration. Assuming
that at thet-th iteration,©(*) is in the neighborhood o®* and the mapping/ is differentiable.
Then we can apply a linear Taylor expansion\éfaround®* so thato*+1) = M(0®)) ~ ©* +
J(O® — 0*), whereJ := M’(0*). The multivariate Aitken’s acceleration is given by
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wherel is identity matrix. An accurate estimation®tan extrapolate the search directh@6. The

componentwise triple jump extrapolatiomethod [1] simplifies Aitken’s acceleration by replacing

J with a diagonal matrix dia(gyzgt)), where scalar valueé,t) are approximation of the eigenvalue of
J defined by:
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[M(©®], is thep-th element of the output vector aff (©()). This method is referred to as the
triple jump method because the mappihg is applied twice to obtail/(0¢~Y) = ©® and
M(©®) before Equation (2) is applied to make a large extrapolatioan attempt to reach the
optimum. Though the triple jump method, as all variants dkém’s acceleration, may not improve
© monotonically, we can apply the idea proposed by [5] to gumeconvergence. The idea is to
discard the extrapolation if it fails to impro¥@ and use the estimate obtained without the extrap-
olation. In this way, convergence can be guaranteed. Itsis pbssible to approximatk with a
scalar value, [1, 2] show that for CRF, when the featuresradegendent, componentwise extrap-
olation given in Equation (2) should be preferred. Cleaty time complexity of Equation (2) is
O(n), wheren is the dimension 08. In contrast, second-order algorithms usually requite?)
computations or worse to ensure accurate approximatidmedflessians.



2 Off-Line Algorithm: CTJPGIS

CTJPGIS is the abbreviation offfe componentwise triple jump method for penalized geizexl
iterative scaling’ CTJPGIS is derived from the generalized iterative sep(i@1S) method [4]. GIS
usually converges prohibitively slow. L& := {x1,...,x2x} denote a set oK data sequences
and{y,...,yx} the corresponding labels. Training of CRFs is to searchterteight vector
© that minimizes the negative penalized log-likelihood fiimrt as the objective function, denoted
by L(©;D). Usually we use Gaussian priors to avoid overfitting. Theatizad log-likelihood

function£(©; D) is £(©; D) = L(©; D), Y= 1 const, whereL(©; D) is the Iog likelihood
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function. The gradient along the direction@fis V,£(0;D) = Ef, — Ef; —
andE f; are empirical and model expectationff respectively. Solving/; £(©; D) = 0 yields the
penalized GIS (PGIS) algorithm:
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whereS := maxy, Y, fi(yx, zx) is the maximum number of feature occurrences in a training se
quence, as defined in [4]. Assignidd(©) to be the RHS for Equation (3) and apply the extrapola-
tion described in Equation (1), we have the CTJPGIS algorfibr training CRF.

3 On-Line Algorithm: PSA

PSA is the abbreviation dperiodic stepsize adaptationand is derived from stochastic gradient
descent (SGD), which approximates the global objectivetion with small batches:
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where B() is a batch oft examplesC D given at each iteration in an on-line setting. Here, we
assigny = 0 in the penalty term. Using as the step size in SGD, we hagé'*!) = o) —

n(w + K(t)) 0® — nG. Now assigning RHS as/ and applying the extrapolation

described in Equation (1), we have a new update rule for eme@rion ofo:
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which implies an update rule for the step sizev}ﬁ/“) = An alternative derivation is

from Newtons method, which solve8* by 01 = () — H-'q, whereH is the Hessian of
L£(0W; W), We can apprommatél L with its eigenvalues. Since ¢ih— nH) = eigM’') =
eig(J) ~ v, eig H™!) ~ L and we have the same update rule given in Equation (5).

However, due to stochasticity of the mapping, estima’@iﬁbwith Equation (2) by consecutiv@®
may yield inaccurate estimations. To make the mapping ntatimsary, we apply SGD with a fixed
step size; for 2N iterations to obtai®®, ©(t+N) andO(t+2N)  then use them in Equation (2) to

obtain'y]f,t) and updatey every2 N SGD iterationsN = 10 works effectively in our experiments. A
too largeN is not appropriate because it increases the variance of aippimg. Also, for numerical
stability, we constrain the range ?f—v when updating. Details are given in [3].

4 Results

We compared our algorithms with state-of-the-art algongHor three large-scale entity-recognition
tasks: CoNLL-2000 chunking task,BioNLP/NLPBA-2004 biotigy recognition task,and BioCre-

ative Il gene mention tagging task.These tasks have beenmsempetitions and the performance
was measured by the F-scores for the hold-out sets. Theddstming CRF models for these tasks
use millions of parameters estimated from training corporaaining tens thousands of sentences.



Data set L-BFGS CTJPGIS PGIS
CPU Time (sec) 583 816 >41463

CoNLL-2000 Iteration 427 619 >30906
Final F-score (%) 93.95 93.94 >093.35
CPU time (sec) 63158 38800 >162462

BioNLP/NLPBA-2004 Iteration 1961 1279  >5161
Final F-score (%) 70.33 70.26 >62.13

CPU time (sec) 4615 3011 >17656

BioCreative I| Iteration 895 639 >3926

Final F-score (%) 86.77 86.49 >69.30

Table 1. Performance comparison of PGIS, CTJPGIS, and L®HGr CoNLL-2000,
BioNLP/NLPBA-2004 and BioCreative Il data sets.

Table 1 shows the comparison of off-line algorithms. Theulteshows that CTIJPGIS accelerate
PGIS drastically and that CTIPGIS can compete with L-BFG®ibying in two out of three tasks
in terms of both rate of convergence and CPU time. The actiiEvecores are all as good as those
reported in the literature [2]. The experiment was run on dofF@ 7 x86-64 machine with AMD
Athlon 64 X2 3800+ CPU and 4GB RAM.

Figure 1 shows the comparison of the learning curves of thenemrmethods, PSA and SMD [6],
and L-BFGS. The learning curves are defined as the functiadhefprogress of F-scores given
the number of processed examples, measured by the numbass#gpthrough the entire training
data sets. We plotted the learning curves for the only firsp&8ses when both on-line methods
have already converged, while as shown in Table 1, it reguirany more passes for L-BFGS to
converge. For CoNLL-2000 data set, the F-score of L-BFG8hedabout 94% when it converged.
Our method reached an F-score of 93.6% in about 1.12 pasdéimalty converged at 94.05% after
8 passes. It took SMD 7.7 passes to reach 95.6%. Our resuMDfiS similar to that described in
[6]. For BioNLP/NLPBA-2004 data set, L-BFGS reached abdo/vhen it converged. It takes
only 1.01 passes for PSA to reach 70%. When PSA convergeeladhed an F-score at 71.4%.
After 13 passes, SMD reached 67% but never reached 70%. BQré&ative Il data set, L-BFGS
converged at about 86%. PSA reached 85% in 1.12 passes aretged at 86.46% after 4 passes.
SMD vibrated between 84% and 85% after 16 passes. We folldighadvanathan et al. [6] to assign
the parameters for SMD in our experiments. Details are destin [3].

5 Conclusion

Though the off-line algorithm CTJPGIS performs only congide with L-BFGS, it provides an
alternative to L-BFGS. Since they take different paths todptimum, models trained by CTIPGIS
and L-BFGS can be complementary and by integrating them ane=asily boost the performance.
For example, we have improved the performance of the bekinp@ng CRF model for BioCreative
Il challenge, which was developed at our lab, to more than Birétis way.

The results show that for all three tasks, PSA outperforrashidist on-line algorithm, SMD by
an order of magnitude in terms of the number of passes, butra mgortant conclusion from
the experiment is that PSA achieves F-scores about as gdoBB&S after reading the training
examples in one pass. This is important because an on-eeithim is useful when the training
examples can be discarded after they are used. If multidegsaare required, the advantage of
on-line algorithm disappears. Our future work is to see yf @gret bound guarantee can be derived
from the Jacobian.
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Figure 1: Learning curves of PSA, SMD and L-BFGS on CoNLL 2(6f), BioNLP/NLPBA 2004
(center) and BioCreative Il (right) data sets.
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