CRF-OPT: An Efficient High-Quality Conditional Random Field Solver

Abstract

Conditional random field (CRF) is a popular
graphical model for sequence labeling. The flexi-
bility of CRF poses significant computational chal-
lenges for training. Using existing optimization
packages often leads to long training time and un-
satisfactory results. Inthispaper, we develop CRF-
OPT, a general CRF training package, to improve
the efficiency and quality for training CRFs.

We propose two improved versions of the forward-
backward algorithm that exploit redundancy and
reduce the time by several orders of magnitudes.
Further, we propose an exponential transforma-
tion that enforces sufficient step sizes for quasi-
Newton methods. The technique improves the
convergence quality, leading to better training re-
sults. We evaluate CRF-OPT on a gene prediction
task on pathogenic DNA sequences, and show that
it is faster and achieves better prediction accuracy
than both the HMM models and the original CRF
model without exponential transformation.

I ntroduction

Conditional random field (CRF) (Lafferty, McCal-
lum, & Pereira 2001) is a major model for sequen-
tial data labeling. It significantly relaxes the indepen-
dence assumptionsof the popular hidden Markov model
(HMM). However, the added flexibility of CRF greatly
increases the optimization difficulties. In most appli-
cations, an optimization package is called to learn the
CRF weights. We find that for large problems this ap-
proach can be slow and the solution quality is not satis-
factory.

In this paper, we propose to enhance generic opti-
mi zation solvers by anumber of techniques that are de-
signed specifically for improving the speed and quality
of CRF training. First, we observe that, in gradient-
based optimization, most time is spent on the eval-
uations of objective and gradients, which are done
by the forward-backward method. However, even
with forward-backward, the optimization can be pro-
hibitively expensive. For example, TAO (Benson et
al. 2005), a state-of-the-art quasi-Newton solver, re-
quires up to two days on a PC in a gene prediction task
with only 1615 bases. The real problem may have more
than 100K bases. We reveal that, there are much com-
putational redundancy, largely overlooked by existing
work, in the standard implementation of the forward-
backward algorithm. We propose two techniques that
can improve the speed by several orders of magnitude
through exploiting the redundancy.

CRF training is a convex continuous optimization
problem for which gradient-based search algorithms
have solid theoretical convergence guarantees. How-
ever, we observe that, gradient-based search algorithms
on CRF models usually terminate prematurely without
reaching the actual optimal point. Moreover, different
starting points usually lead to very different solutions
other than the unique global optimum. Such a behavior
is caused by an nearly flat search terrain along certain
directions near the optimal point. We propose an ex-
ponentia transformation technique that can force suf-
ficient reduction in each step and achieve much better
convergence quality.

Parameter Estimation for CRF

As shown in Figure 1(a), a CRF is a graphical model
based on an undirected graph G = (V, E), where
Y = (Y,)vev is the set of hidden variables, and X
is the set of observation variables. The random vari-
ables Y,, obey the Markov property with respect to the
graph: p(YU|X7 Y, w # U) = p(Y1J|X7 Y, w ~ U)!
where w ~ v indicatesthat w and v are neighborsin G
(Lafferty, McCallum, & Pereira 2001). Each cliquein
G defines afeature for the CRF.

In this paper, we focus on linear-chain CRF, a class
of CRF that is most widely used, in which each feature
only involvestwo consecutive hidden states as shownin
Figure 1(b). A linear-chain CRF defines the conditional
distribution of alabel sequencey, given the observation
sequence X, as

P
p(y[x) = ﬁ exp {Z Akfk(ymyt—hxt)} ;@
k=1

where A = {)\;} € R is the weight vector, and
{fe(ye, ye—1,%¢) };,—, is aset of feature functions, and
Z(x) isanormalization function

F
200 = Y exp {z Akm«yg,y;_l,xt)}. ©
v k=1

The predefined feature f1(y., X.) typicaly returns a
binary value. For example, a feature can be defined as:

ke Xe) = Ly, =Noy L ye=0} Lxe...ooa=' ATG"}
Itislwheny; 1 isNC, y; isC, and the observations at
timettot + 2 are’ ATG'. v

Given training data D = {(x,y®)} _ , to esti-
mate the weights {\;, }, we typically maximize a penal-
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Figure 1. (a) A general CRF model. (b) A linear-chain
CRF model.

ized conditional log likelihood:

N F
maximizey, O(A) = ZIOgP(y(i”X(i)) - Z 3
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The second term is a zero-mean, §2-variance gaussian
prior to penalize large weight norm (McCallum 2003).

It is a convex optimization problem with only one
global optimum. Generally, the objective function can-
not be maximized in closed form and numerical opti-
mization is used.

Efficient Function Evaluations

We have developed CRF-OPT, a package for general
CREF training, on top of the Limited Memory Variable
Metric (LMVM) solver in the Toolkit for Advanced
Optimization (TAO) (Benson et al. 2005). LMVM
is a quasi-Newton method that requires only function
and gradient information, which are evaluated by the
forward-backward algorithm.

The forward-backward algorithm

We briefly review the standard forward-backward algo-
rithm which is a core routine for CRF training. With-
out loss of generality, we assume that there is only one
(IV = 1) training sequence.

We discuss the forward process as the backward pro-
cessissymmetric. Let S bethe set of al possible states,
and start be an arbitrary fixed starting state. For each
indext € 1,2,--- .7, and label s € S, the forward
variables a; (s) can be defined recursively as:

ai(s) = ) ar1(s) exp(®i(s', 5, %)),

s'eS

(4)

where ®,(s',s,%;) = ZkeKlg(s’,s) e, g is 1
for start and O for other states, and K,(s',s) =
{k| fe(s',s,x) =1, k=1---F} isthe set of active
features for agiven transition at time¢.

In practice, to make the code numerically stable, the
forward variables oy are processed in logarithmic forms
by taking logarithms for both sides of equation (4) :

log(ay(s)) = log(ar—1(s0)) + P¢(s0, 8, X¢t)

+log (1 +
s'#3s0

—log(at-1(s0)) — P(s0, s, Xt)))

Z exp (1og(at_1(s')) + By(s', 5, %)

©)

FE
0.448

operation
time (sec)

exp + * /
8.093 | 0.203 | 0.203 | 0.203

Table 1: Timing results for 10® runs of some operations and
a 7-th order feature evaluation (FE) on a PC with Xeon 2.4
GHz CPU and 2GB memory running Linux.

where s; € S can be any state. We set s to be the
state with the maximum log(a;—1(s)) to further im-
prove the numerical stability when calculating the ex-
ponential part.

We analyze the complexity of various operations
used by forward-backward. Let T' be the length of the
training sequence, F' the total number of features, M
the number of possible states (M = |S|), and I be
the number of iterations taken by the optimization al-
gorithm to converge.

Most existing CRF packages, suchasMALLET (Mc-
Calum 2002), MinorThird (Cohen 2004), Sarawagi’'s
package (Sarawagi et al. 2004), and Murphy’s pack-
age (Murphy & Schmidt 2006), iterate through all
features to find the set of indices of active fea
tures Ky(s',s) for each step ¢, and each transition
(s',s). Therefore, afull forward computation requires
O(TFM?) feature evaluations. Each iteration of a
gradient-based optimization algorithm requires an ob-
jective and gradient evaluation, resulting a total of
O(TFM?I) feature evaluations. Each time we com-
pute log(ay(s)) using (5), we need to perform ©(M)
exponentiations. Therefore, the optimization requires
intotal ©(T'M?2T) exponentiations.

We examine the complexity of each basic operation.
The results are shown in Table 1. We see that in our
platform, exp is 40 times more expensive than simple
operations. This motivates us to reduce the number of
exponentiations in the following two implementations
of forward-backward.

Feature-vector fast forward (FVFF)

We propose a feature-vector fast forward (FVFF)
method shown in Algorithm 1. It implements the
forward process to compute a(s). In this method,
K,(s,s") is the set of active features: K,(s,s’) =
{klfk(sl, S,Xt) = 1, k = 1, ce ,F} @t(S/, S,Xt) is
the sum of weights of all active features at step ¢, with
transition (s', s): ®4(s', s,%;) = ZkeKt(s/7s) Ak

Since the active feature sets K (s, s') remains iden-
tical in each iteration of the optimizer, a preprocessing
phase (Line 2) is used in Algorithm 1 to construct and
store K, (s, s’) for dl thet, s" and s.

The forward computation is performed once in each
iteration of the optimizer. The exponential of each fea-
ture weight E. is precomputed and stored to avoid fu-
ture exponential operations (Line 4). As in Line 6,
C(t, s, s) iscomputed using the production of E,. The
logarithm of each forward variable log(cv,(s)) is stored
inA(t,s),Vt=1,...,T,s € S.

Proposition 1. The FVFF agorithm correctly com-
putes the forward variables and we have

A(t,s) = log(ay(s)),Vt=1,--- | T,s € S.



preprocessing preprocessing running feature number of
time space space evauations | exponentiations
standard o(1) o(1) o(TM) O(TFM?I) o(TM?I)
FVFF O(TFM?) o(TV M?) o(TV M?) o(1) O(FI)
OSFF | ©(T + JFM?) | (T 4+ JVM?) | ©(TM + JVM?) o(1) O(JM?I)

Table 2: Comparison of the standard implementation of forward-backward and the two proposed schemes.

We omit the full proof but give some key equa-
tions here. The key for reducing exponential operations
is to compute C(t, s, s), which is the exponential of
D, (s, s,X%t), using precomputed E:

C(ta 5/7 8) = exp <(I)t(5/a S, Xt)) = H Ek

keEK(s',s)
B(t, s) correspondsto thefirst part of (5):
B(t,s) =log(at—1(s0)) + P+(s0, 5, X¢)

L(t, s) stores the term within the second log of (5):

L(t,s) =
s'#so0

—log(as—1(s0)) — P+(s0, S;Xt))

Let V' be the maximum number of active features for
any given transition (s’, s) and t. Typicaly V is very
small comparing to F' or T'. The complexity of FVFF
is shown in the second line of Table 2. Comparing
to the cost of the standard implementation of forward-
backward algorithm, we see severa differences. First,
in the preprocessing phase, FVFF takes ©(TFM?)
time and ©(T'V M?) space to figure out and store the
K,(s',s) sets. This strategy saves the feature evalua-
tions happened in each iteration of standard implemen-
tation. Second, in FVFF, the exp operation only takes
place in the calculation of the F, valuesin each itera-
tion of the optimizer. Hence, thereare ©(F'I') exp oper-
ationsin contrast to ©(T'M21) for standard implemen-
tation. In most applications, we have FF < T M 2.

Observation-substring fast forward (OSFF)

Through experimentation, we have found that a great
number of K (s, s) sets remain the same for different
time stepst. Certain observation patternsrepeatedly oc-
cur in the observation sequence, which motivate a new
observation-substring fast forward (OSFF) algorithm.

For each feature f1(s', s, X;), wefirst find out the ob-
servation pattern p. For example, the observation pat-
tern p, for feature f1(s’, s, X—1 = a, Xt = b, X¢41 =€)
is (ab, ¢), where the comma here indicates the position
of ¢t. Another feature fo(s’, s, X = a,X¢41 = b, X402 =
¢) has a different pattern (a, bc). The observation pat-
tern for fs3(s',s,X—2 = a,X;—1 = a,X¢41 = c¢) iS
(aax, ¢), where x meansthis position is not defined. L et
P bethe set of all observation patterns.

1+ Z exp (log(at_l(s')) + By(s', 5, %)

Algorithm 1: feature_vector fast_forward (FVFF)

1 A. preprocessing phase (executed once)

2  compute Ki(s',s)Vt=1.T,s,s €5,

3 B. forward computation (for each iteration)

4  compute B = exp(A,) Vk=1,--- I

5 foreach state s € S do

6 set A(1,s) = Oy (start, s,%1), L(1,s) =1,
C,start, s) = [Tiek, (start,s) Lk

7 end_do;

8  sets) = dart;

9 for t =2toT do

10 find sp € S that maximizes A(t — 1, s);

11 foreach state s € S do

12 ﬂC(t,So,S):erKt(Sms) Ey;

13 end_do;

14 foreach state s € S do

15 I* using precomputed K (s’, s) */
B(t,s) = A(t — 1, s0) + P+(s0, 8, Xt);

16 L(t,s) =1;

17 foreach state s’ € S, s’ # 5o do

18 set C(t, s, s) = [ler,(s.5) Bk ;

19 set L(t,s) = L(t, s)+

L(t—1,s")C(t—1,s,,5)C(t,s',s) .
L(t—1,80)C(t—1,50,50)C(t,80,8)’

20 end_do;

21 set A(t, s) = B(t, s) + log(L(t, s));
22 end_do;

23 set s = so;

24  end_do;

If a pattern po, must be satisfied when pattern p; is
satisfied, we say that p; impliesp2. For example, (a, be)
implies (a, b). We construct a pattern implication forest
JF, as shown in Figure 4. Each node in JF, represents
a pattern in P, and is distributed in different layers of
JF, according to the number of defined positions in the
pattern. Thereisan edgep; — po if p1 impliesp,.

We then collect the active pattern set €2, a subset of
P, by mapping each step ¢ of the training sequence
into petterns. For eacht € 1,2,---,T, we search F,
in a top-down fashion to find those highest-level pat-
terns matching the observations at ¢. For example, if
the observations at ¢ is (AT,G), then (AT,G) is selected
but (AT,) is not. The patterns are added to 2, and the
mapping of step ¢ is saved in 7 (t), the set of indices of
matched patternsin €2. Let J = ||

For each of the pattern w;, we define the pattern im-
plicationset K, j = 1...J as.

K% = {m|pm € P,pn isimpliedby w; }

The set can be easily constructed by collecting al the
descendants of pattern w; in J,.
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Figure 2: A pattern implication forest illustrating the
implication rel ations between observation patterns.

Further, we define the pattern-transition set
K;’(s’,s),Vs',s eSS j=1.Jas

K5 (s',s) = {k|fu(s',s,p) isafeature,p € K7)}

Normally, there are lots of implication relationships
between the observation patterns appeared in the fea
turesand we have J < F.

The OSFF agorithm is shown in Algorithm 2. In
the preprocessing phase, it createsthe 2 and K ¥ (s, s)
sets. The forward computation differs from F/FF in
that, instead of computing C' (¢, s’, s) for each t, OSFF
computesand stores C“ (4, s', s), the exponential of the
total weight for each K%' (s', s) set.

Proposition 2. The OSFF correctly computes the for-
ward variables and we have A(t,s) = log(a¢(s)), V
t=1,---,T,s€8S.

The correctness of OSFF can be shown in a similar
way as FVFF. The main difference is that, instead of
precomputing C'(¢, s’, s) at the beginning of each itera-
tion, OSFF precomputesC'“ (34, ', s) (Line 6) and come
up with C(t, s’, s) from C¥“(y, s, s) using the mapping
m(t) (Line 14).

Thelast line of Table 2 shows the time complexity of
OSFF. For the preprocessing time, OSFF is more effi-
cient than FVFFwhen J < T'. For the exponentiations,
the OSFF is more efficient when J M2 < F.

Discussions and validation

As listed in Table 2, both FVFF and OSFF are much
faster than the original algorithm. Although the prob-
lem parameters vary by applications, there are some
typical observations. First, T, the sequence length, is
always orders of magnitude larger than " and M.

For example, in a gene prediction CRF, 7' can be
as large as 300K to millions. Second, F' tends to be
smaller than 7' but greater than M. For example, in
gene prediction, there are typically M=7 to 50 states.
Wehave F = M x 4"*+1 + M2, wheren isthe order of
features whose typical value rangesfrom 1to 7.

For a given problem with fixed 7', F, M and other
parameters, we can aso estimate which of FVFF and
OSFF has a lower complexity. As a genera guideline,
FVFF is better than OSFF when F issmaller than J M 2,

M =7, F=28721, J = 4096

T =1615 T = 266225
standard || ~ 48hours -
FVFF 84 seconds =~ 4hours
OSFF 282 seconds ~ 2.5hours

Table 3: Thetraining time of different algorithms on a
PC with 2.4GHz CPU.

while OSFF is more favorable when JM?2 is smaller
than F' or when J is much smaller than T'.

Algorithm 2: observation_substring fast forward

1 A. preprocessing phase (executed once)

2 create the 2 set and the mapping 7 (t);

3 computetheset K¢ (s',s)Vj=1.J,5,5 €5,

4 B. forward computation (for each iteration)

5 for j=1toJ,Vs’,s € Sdo

6 Setcw(]a 8/75) :exp(ZkeK;ﬂ(S"s) Ak)a

7  end_do; '

8 foreach state s € S do

9 set A(1,s) = Oy (start, s,%1), L(1,s) =1,
C(l,start,s) = [[;crq) C¥ (4, tart, s);

10 end._do;

11 set s = start;

12 fort=2toT do

13 find sg € S that maximizes A(t — 1, s) ;
14 C(t—1,sp,80) = C¥(m(t — 1), 85, 50)
15 foreach state s € S do
16 B(t,s) = A(t — 1, s0) + Pi(s0, 5, X¢t);
17 set C'(t, s0,8) = C¥(w(t), s0, 8);
18 set L(t,s) = 1;
19 foreach state s’ € S, s’ # 5o do
20 Ct—1,sp5,8) =

[eri—1) C“ (550, 8);
21 C(ta Slvs) = HjETr(t) Cw(jv Slas);
22 L(t,s) = L(t,s)+

L(t—1,8")C(t—1,s,,8")C(¢,s',s) .
L(t—1,s0)C(t—1,s{,50)C(t,50,5)’

23 end_do;

24 set A(t, s) = B(t, s) + log(L(t, s));
25 end_do;

26 set s, = so;

27 end_do;

Table 3 validates the complexity saving. Asshownin
Table 3, for a problem with alarge number of features,
even for a short sequence with only 1615 symbols, the
timefor solvingit using the standard forward-backward
algorithm is prohibitive.

According to Table 2, the training time is proposi-
tional to 7. Hence, it will take roughly one year for
standard implementation to solve the one with length
T = 266225. Parallel computers are often required for
such tasks. In contrast, FVFF and OSFF can solve the
problem much faster. A comparison of the solving time
of FVFF and OSFF further proves that FVFF is faster
when F < TM?, and OSFF is most efficient when
J<T.

Both FVFF and OSFF use A(t,s) = B(t) +



log(L(t, s)) to compute the logarithmic form of a(s).
By leaving B(t) = A(t — 1, s9) + P+(s0, s, X¢) out of
the log, the algorithms are as numerically stable as the
standard implementation.

Exponential Transfor mation

We address another issue regarding the optimization
quality. We have found that the quasi-Newton method
often terminates prematurely when optimizing a CRF.
Weillustrate the observation by an example. The model
we use is atoy casino gambling model, where there is
afair dice with even probability (1/6) for rolling each
number, and a loaded dice with a higher probability
(1/2) for rolling asix. Therearetwo possibleunderlying
states, fair or loaded, with different emission probabil-
ities. Using a total of 16 features, the task is to infer
which diceis used given a sequence of humbers.

In our experiment, we found that, different starting
points lead to different, non-optimal solutions. To visu-
alizethe search, in Figure 3, we plot two variables, with
each axis corresponding to one variable. For these two
variables, the optimal values are located at [0,0]. We
can see that, when the optimization terminates, the so-
lutions from different starting points, marked by black
circlesin Figure 3a, are very different and far from the
optimal point. We find that, the search often terminates
when the difference of the objective between two con-
secutive iterations is smaller than a threshold 1.0e-04.
Experimental results show that reducing the threshold
will only cause negligibly small numerical differences.

To address this issue, we add a second round of opti-
mization after LMV M terminates. In this round, we ap-
ply an exponential transformation to the original objec-
tive function formulation and optimize the transformed
objective. Let A bethe solution of LMVM and let its
function valuebe Oy = O(Ao), where the CRF objec-
tive function O(A) is defined in (3). In the transforma-
tion, we use the following new objective:

X(A) = exp (O(A) = Op) (6)

It is obvious that the optimal A maximizing O(A)
also maximizes x(A), thus guaranteeing the correct-
ness of our approach. The complexity for computing
x(A) islow since it only requires one more exponenti-
ation after O(A) is obtained. The gradient of x(A) is,
Vk=1,---,F,

Ix(A)
= A) — —_— . 7
o =P (0(A) = 00) ™
Therefore, there is little additional overhead for com-
puting the gradients.
We can see from (7) that, for any new points with a
high objective value than that of A, we have "g—if) >

‘r’gk(f). Thus, the exponential transform magnifies the

improvements along the search trgjectory and allows
the optimizer to converge closely to an optimal point
without early termination. This effect is illustrated in
Figure 3b, where the termination points after using the
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Figure 3: Search trgjectories before and after using the
exponential transformation.

exponential transformation are marked by triangles. We
can clearly see that the exponentia transformation can
enforce the search to converge very closely to the same
optimal solution, regardless of the starting point.

Experimental Results

We have developed a software package, named CRF-
OPT, that integrates the fast forward algorithms and ex-
ponential transformation into the TAO package.

We present results on a gene prediction task.
Given a DNA observation sequence, consisting of
AT )G C bases, the aim of gene prediction is to
find out the protein coding regions, known as genes,
and their associated components, including coding ex-
ons, start/stop exons, promoters, and poly-adenylation
sites (Burge. 1997).

Figure 4 shows a finite state machine representation
of the structure of genomic sequencesin our implemen-
tation. In this model, each circle represents a hidden
state, such as exon (C), intron (7), and intergenic re-
gion (NC). In our model, the introns and exons are
further divided into three phases according to the read-
ing frame. Each edge represents a possible hidden state
transition with required base observation.

The features used in our model is the state transition



Table 4: The performance of HMM and CRF on the gene prediction data sets.

Measure Sel1 Set 2 Set3 Set 4

HMM | CRF | eCRF || HMM | CRF | eCRF || HMM | CRF | eCRF || HMM | CRF | eCRF

Gene Sensitivity (%) 250 | 750 | 750 || O | 250 | 500 || 217 | 435 | 435 | 408 | 204 | 408
Gene Specificity(%) 189 | 682 | 714 || 0 | 213 | 588 || 200 | 435 | 444 || 400 | 1.79 | 4.00
Transcript Sensitivity(%) || 2.50 | 7.60 | 750 || 0 | 250 | 500 || 217 | 435 | 435 || 408 | 2.04 | 4.08
Transcript Specificity(%) || 1.89 | 6.82 | 7.14 || 0 | 213 | 588 || 200 | 435 | 444 || 400 | 1.79 | 4.00
Exon Sensitivity(%) || 15.42 | 37.00 | 35.68 || 35.44 | 25.32 | 34.18 || 36.63 | 34.43| 34.43 || 31.72 | 28.62| 32.41
Exon Specificity(%) || 16.43 | 43.30 | 41.33 || 32.56 | 30.00 | 40.30 || 34.36 | 30.66| 39.83 || 32.30 | 33.88| 37.01
Nucleotide Sensitivity(%) || 81.70 | 90.35 | 89.96 || 78.26 | 84.21| 90.13 || 86.06 | 90.62| 90.79 || 82.66 | 92.84| 93.45
Nucleotide Specificity(%) || 89.33 | 88.54 | 87.89 || 92.33 | 89.64 | 90.91 || 92.02 | 89.54| 90.45| 94.19 | 90.67| 92.38

TAA/TAG/TGA

Figure 4: A finite state machine for gene prediction

and base observation requirement as represented by the
edges in Figure 4 and a 5-th order bases emission in-
formation. In total we have around 7 x 4 features.

We test our algorithm on a sequence with 570K bases
for the pathogenic fungus cryptococcus neoformans.
We evaluate performance at the following four differ-
ent levels: nucleotide-level, exon-level, transcript level,
and gene level. For each level, we use the standard sen-
sitivity (Sn) and specificity (Sp) measures defined as
Sn = 7pry ad Sp = 775, where TR, FN, FP
denote the numbers of true positive, false negative, and
false positive labels, respectively (Burge. 1997).

We compare the performance of the CRF model be-
fore and after using the exponential transformation.
Also, since our CRF model usesfifth order features, we
comparetheresultsto the corresponding fifth order Hid-
den Markov Model (HMM) implementation with the
same state transition model and splice sitesinformation.

We estimate the accuracy of our predictor using
Holdout Validation and show the results in Table 4.
There are 170 genes in the data set. We use all these
genes to construct four different data sets.  We ran-
domly split the data into 75% training data and 25%
testing data. For each test set, we show the per-
formance of HMM and CRF. For each set, CRF de-
notes the original CRF without exponentia transfor-
mation and eCRF denotes the CRF using exponential
transformation. Both use the OSFF implementation
of the forward-backward algorithm. We do not show
the results of the standard implementation of forward-
backward becauseit will take more than a month to fin-
ish on our workstation with Intel Xeon 2.4 GHz CPU
and 2GB memory running Linux.

As shown in the result, CRF-OPT gives better per-
formance than HMM using the same feature set. More-
over, our proposed exponential transformation further

improves the prediction accuracy, especialy for the
higher-level gene, transcript, and exon level measures.
The higher level accuracy is typically more difficult to
achieve than the nucleotide level accuracy. The im-
provement shows that it is beneficial to achieve high-
precision convergenceto the global optimal solution us-
ing exponential transformation.

The gene prediction model used in our experiment is
still a much simplified one. Yet, the results show the
effectiveness of the proposed work. We are now work-
ing on integrating these techniques to CONTRAST, a
state-of-the-art CRF-based gene predictor (Gross et al.
2007).
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