Tony R. MartinezAbstract. Gradient descent training of neural networks can be done in either a or manner. A widely held myth in the neural network community is thatbatch training is as fast or faster and/or more �correct� than on-line training becauseit supposedly uses a better approximation of the true gradient for its weight updates.This paper explains why batch training is almost always slower than on-line training�often orders of magnitude slower�especially on large training sets. The main reasonis due to the ability of on-line training to follow curves in the error surfacethroughout each epoch, which allows it to safely use a larger learning rate and thusconverge with less iterations through the training data. Empirical results on a large(20,000-instance) speech recognition task and on 26 other learning tasks demonstratethat convergence can be reached significantly faster using on-line training than batchtraining, with no apparent difference in accuracy.Key words: Batch training, on-line training, gradient descent, backpropagation,learning rate, optimization, stochastic approximation, generalization.Neural networks are often trained using algorithms that approximate gradient descent.the training data (an ) before being applied, while on-line training updates weights after thepresentation of each training example (. Another alternative is sometimes called (Sarle, 2002), in which weight changes are accumulated over some number of instanceson-line training, while results in batch training, where is the number of instances in theMost neural network researchers would agree that the question of whether batch or on-linetraining is faster and/or �better� has been settled. However, it is interesting to note that peoplehave unknowingly �settled� upon two opposing views. Some believe that since batch uses thethat batch training is faster. Others note that in practice on-line training appears to train more

2This paper explains why on-line training can be expected to be at least as accurate as well asfaster than batch training, and demonstrates empirically that on-line training is often orders ofof the true gradient, but it does not know how far it can safely go in that direction before thegradient changes direction (or begins to go back �uphill�). The true gradient can curvelarge. This leads batch training to use unreasonably large steps, which in turn leads to unstablelearning and to the overshooting of curves and local minima in the error landscape. Therefore, athe sum) is required for batch training to be stable as the size of the training set grows. However,On the other hand, on-line training uses the �local� gradient of each training instance todetermine what direction to go. These local gradients can be noisy and contradict each other, butwill on average move in the direction of the true gradient. Since on-line training updates weightsof optimization theory, and gives several intuitive interpretations of batch and on-line training. ItSome readers may find that Section 3 contains a bit of redundancy, in terms of explaining thenetwork researchers have a difficult time overcoming long-held misunderstandings in this area(while others understand quickly and wonder what all the confusion is about). Hopefully bySection 4 presents empirical results of training multilayer perceptrons using errorbackpropagation with a variety of learning rates on 26 classification tasks from the UCI Machineleast as accurate as batch training, especially for large training sets. The speech recognition

3Section 4 also explains why using clusters of machines training a single neural network inparallel�which requires batch or mini-batch training�is likely to be slower (as well as moreSection 5 summarizes the conclusions from these results, which basically are that there arestrong disadvantages and no apparent real advantages to using batch training, even for paralleltraining, and that on-line training should therefore be used in practical gradient descent training2. Survey of Neural Network LiteratureThis section surveys the neural network literature to examine what is currently being taughtalgorithms in practice to waste vast amounts of computational resources training neural networksComparisons between batch and on-line training in the literature have often been misleading.They tend to use very small training sets for which the problems with batch training are lesswhen comparing the two. While that might seem like the right thing to do in order to make a fairAuthors often imply that batch training is at least theoretically superior to on-line training�will zig-zag around the gradient direction.� These statements are reasonably true when thelearning rate is small enough to keep the true gradient fairly constant during each epoch. In suchcases, on-line training will fluctuate (�zig-zag�) around the (fairly straight) gradient anepoch, but will end up at essentially the same point at the end of an epoch as batch training does.

4the true (current, often curving) gradient during an epoch, while batch will move in a straight lineFausett (1994) alludes to mini-batch and batch training and says �this procedure has aof convergence to a local minimum.� This reference does not mention the need for reducing theSeveral authors agreed with our findings that on-line training learns more quickly than batch(Bengio, 1991, 1996; Bouttou et al. 1990). However, many others made no mention of on-linetraining�s faster learning, and there was no mention in the surveyed literature of the ability of on-line training to safely use a larger learning rate than batch due to the way it follows the curvingthe literature have almost always used the same learning rate for both methods, , one smallenough to allow both to converge. While this might seem necessary in order to make a fairenough for batch to converge properly, both methods will behave quite similarly, thus leadingSome researchers have even claimed that batch training is faster than on-line training. ForLMS requires more learning steps, on the order of 2000 steps, to converge...� (p. 74). Each�step,� however, was defined as one �weight update,� and since there were 20 instances in thecomputation), thus explaining why it took 20 times as many �steps� overall to converge. The

5example continues with �a more meaningful comparison� in which one �step� is a full epoch, atThe reference then concludes �Both cases [, batch and on-line] show asymptoticexample of how the literature has propagated the myth that batch training is faster than on-linetraining. The first portion of the example is misleading, as it implies that batch training was 20times faster than on-line training without clearly pointing out that both methods actually used thesame amount of computation. Furthermore, a 20-instance training set is hardly representative ofreal-world problems where training time becomes an important issue. Finally, once again theuse a larger learning rate (though on such a small problem this point might be less noticeableIn Demuth & Beale (1994) it says �Commonly a network which is batch updated will learnmore quickly than a network which is updated based on single input and delta vectors presentedsequentially� (p. 5-7). The reference also states that �Such a batching operation often is moreefficient and the results that are produced may be what is required in any case. For instance,batching all inputs in backpropagation allows the true error gradient to be calculated, which isdesired� (p. 2-13).Since there is more noise in on-line learning, we must decrease the step size to getsmoother adaptation. We recommend using a step size 10 times smaller than the stepsize for batch learning. But the price paid is a longer adaptation time; the systemneeds more iterations to get to a predefined final error.�out here is that their version of batch training is using the weight change rather than thesum of weight changes (which is of course quite common), and thus is implicitly using a learningrate that is times smaller than that used by on-line training. In a sense, then, this statementrecommends that on-line learning uses a learning rate that is �10 times smaller than the learningNSeveral researchers clearly state that on-line training is faster that batch training, especially infact, Atiya & Parlos (2000) state that �It is well known that for the standard backpropagation

6algorithm the [on-line] update is generally faster than the batch update.� Unfortunately, there areSome researchers have noticed the superiority of on-line training for redundant data (Bishop,making a training set larger by replicating it 10 times. �Every evaluation of [the gradient] thenHaykin (1999) wrote, �When the training data are redundant, we find that unlike the batchWhen the training set is large, it may contain redundant information. If severalgradient components�contributed from different patterns�are all pointing in asimilar direction, then batch update wastes a lot of time only to obtain a more precisedirection. However, the precise direction of the gradient is not necessarily the fastestdirection for convergence. Furthermore, any direction within 90 degrees of thegradient also goes down the error surface (Bengio, 1996).Some authors noted a minor advantage of on-line training to be that it requires less storage(Reed & Marks 1999; Hassoun, 1995; Haykin, 1999), since it does not need to store accumulatedfor it to occasionally escape from local minima (Housson, 1995; Reed & Marks, 1999; Bishop,For small constant learning rates there is a nonnegligible stochastic element in thetraining process that gives [on-line] backprop a quasi-annealing character in whichthe cumulative gradient is continuously perturbed, allowing the search to escape localminima with small and shallow basins of attraction. Thus solutions generated by [on-line] backprop are often practical ones.While Weiss & Kulikowski (1990) did not explicitly point out the stochastic nature of on-linetraining, they did notice superior empirical results. They commented that �while [batch training]

7use larger learning rates than batch training and, conversely, the tendency of batch training to2.4. The open questionWasserman (1993) concludes a discussion on batch and on-line training by saying that �thereare adherents to each method; no conclusive evidence has been presented for either alternative.� training has also been called incremental learning (Hassoun, 1995; Sarle, 2002),Haykin, 1999; Atiya & Parlos, 2000), (Bishop, 1997), updating(Haykin, 1999), learning (Reed & Marks, 1999), pattern update (Atiya & Parlos,2000), revision by case (as opposed to revision by epoch) (Weiss & Kulikowski, 1990), andrevision by pattern (ibid.). However, the most common name appears to be trainingThe name �on-line� is not quite accurate, because training is typically done with the systemoff-line even when using so-called �on-line� training, which may explain why so many attemptsbe confusing because it implies that learning may occur in the field during normal operation andlearning, is normally done off-line during a separate training phase with controlled data sets.�However, since the purpose of this paper is to call attention to the superiority of an existing3. Gradient Descent LearningMcClelland, 1986), reinforcement learning (Barto, 1992), and self-organizing maps (Kohonen,1982).Gradient descent learning attempts to find a point ˚in some parameter space (e.g., neuralnetwork weight space) that minimizes an error (or �loss�) function ). The weight space anderror function define an error surface. If there were only two weights, an error surface could besetting. In practical problems there can be many thousands of weights, making the error surface

Weight 1

Weight 2

Total Error

The gradient descent algorithm starts at some (usually random) point in the weight space andmoves �downhill� until a minimum in the error surface is found, moving in the direction ofHowever, in implementations of gradient descent algorithms such as error backpropagation,gradient descent is by taking small but finite steps in the direction of steepestit was measured. As soon as the weights just start to change in the direction of the gradient at the

9as their learning rates approach zero, at which point training times approach infinity. Thus, suchstraight line in the direction of the gradient as measured at a particular point, even though the

Direction of gradientTrue underlying gradient

Point of evaluation

Figure 2. The gradient is measured at a point,the true underlying gradient may curveover valleys and missing curves in the error landscape, and thus overshooting good paths andsolutions. This makes generalization accuracy worse and also takes longer to train, because it iscontinually overshooting its objective and �unlearning� what it has learned. On the other hand, aFigure 3 shows a summary of phoneme recognition experiments reported by the authors in(Wilson & Martinez, 2001). The horizontal axis shows a variety of learning rates that were used.For each learning rate, the maximum phoneme recognition accuracy is plotted (using the verticalsmaller, and the training time also improves dramatically. At a learning rate of about 0.01, theaccuracy and training time are both close to their maximums. It often is possible to get slightlyhigher accuracy by using an even smaller learning rate than the �fastest� one, as is the case here,where accuracy improves by using a learning rate of 0.001, at the expense of increased trainingtime. Beyond that, however, smaller learning rates require linearly more training time with no

Learning Rate

Training Time (in Epochs)

0100020003000400050006000

1005010510.50.10.050.010.005

0.001

0.0005

0.0001

0.00005

0.00001

0%10%20%30%40%50%60%70%80%90%100%

Epochs

Accuracy

Generalization Accuracy

Figure 3. Training time (in epochs) and maximum hold-out set phonemeThe bars indicate the number of epochs needed to reach the maximumdescent. Let ) be the error (or �loss�) over the training set evaluated at the point in theIn gradient descent learning, the (negative) gradient of the error with respect to the weights isLet be a training set consisting of , {, ..., }. These instances can beare free to assume that the order of presentation is the same for batch and on-line training during.Let G() be the gradient of the error over T with respect to the current weight setting , ,. Let , ) be the (negative) �local� (or �per-instance�) gradient for a

11 G(W) � g(x^i,W) i�1

N �_{� � �L/ �W}(1)

, the gradient over the entire training set is equal to the sum of the �local� gradients for each

G

) be the of the local gradients of all of the

G

t,ititt,Deterministic optimization. In d e t e r m i n i s t i c o p t i m i z a t i o n , such as batch training forgradient descent, the gradient ) is used to determine the direction of the next step of the = + ) = +

g(xi,Wt,0 )

i�1N�

(2).t, i = + , ), for 1˚˚(3)tt.to �apply� them after they are all accumulated. Readers are encouraged to examine the abovetcan be thought of as the �real� weights after epochs of training, and as can be seen from theStochastic Optimization. In s t o c h a s t i c o p t i m i z a t i o n (Spall, 1999; Robbins & Monro, 1951;Kiefer & Wolfowitz, 1952), on the other hand, an estimate ) of the gradient is used at eachstep. The Robbins-Monro Stochastic Approximation ( R M S A ) a l g o r i t h m ( R o b b i n s & M o n r o , t, i = + )(4).

12a constant step size is used, a partial convergence theory is often possible (Spall, 1999) to withinsome error of the local minimum. In our experiments, we have seen slight improvements inorder to more directly compare batch and on-line training, a constant learning rate will be used inI t w o u l d o f c o u r s e b e p r e f e r a b l e t o u s e t h e d e t e r m i n i s t i c g r a d i e n t ^G) i n s t e a d o f t h e

G

((NY(W

G

For on-line training, we use ) = , ), , the per-instance gradient for eachinstance is used as an estimate of the true gradient over the entire training set, yielding an updatet, i = + , )(5)()

G

), the e x p e c t e d v a l u e of equal

G

(underfairly modest regularity conditions) (Spall, 1999; Glasserman, 1991). This is an extremelyThe expected value of the per-instance gradient used by on-line training is the

G

To see that this is so, observe that i, since the instances are presented in random order

E(g(xi,W)) � P(xi )�g(xi,W) i�1 N� �^1N �g(xi,W) i�1 N� �^1N g(xi,W) i�1 N� �^{G(W)}N � G(W)

(6)3.3. Why batch training is slower than on-line trainingSimilarity of batch and on-line training. To show more clearly just how similar batch and

* rt,i r k k� 1

�

�_{� �}

; and (c)

r_k^2

k� 1

� �^{� �}

;e.g., / (+1) is a common choice, though not necessarily optimal for finite training sets

13t, i = + , )(3)t, i = + , )(5)line training uses the weights at the current point in weight space, while batch uses the weights atthat t,i

�

r

�

0. In practice, instances (Wasserman, 1993; Principe, Euliano & Lefebvre, 2000) rather than the . Theseare of course equivalent if one uses a learning rate of in the former case and in the latter.)N

�

0. WeExample of basic difference. Figure 4(a) shows an example of several individual weightdashed line represents the sum of these individual vectors and shows the direction of the trueThis sum can also be graphically represented by placing the same vectors end-to-end, as inFigure 4(b). When looked at in this way, batch training can be thought of as �updating� itswith respect to the point in weight space, as reflected in the above equations. In otherwords, as it travels through weight space during each epoch, it evaluates each instance at theoriginal point () to decide where it should go from its current point ), even though theOn-line training, on the other hand, always uses the point in weight space tolandscape. Figure 4(c) illustrates the path of on-line training for the same instances as in Figuresthat is nearly perpendicular to the current true gradient. This illustrates the point that while batchAs the weights actually start to move in that direction, the direction of the true gradient at the

14original point is being used as an estimate of what the gradient is along the rest of the path. The

(a)(b)(c)localminimum

Figure 4. Example of changes in weight space. Gray directed curves indicatethe underlying true gradient of the error surface. (a) Batch training. Severalweight change vectors and their sum. (b) Batch training with weight changevectors placed end-to-end. Note that batch training ignores curves andovershoots a �valley,� thus requiring a smaller learning rate. (c) On-lineIn on-line training, the path through weight space will fluctuate around the gradient direction(Principe, Euliano & Lefebvre, 2000) as it curves its way to the minimum, as illustrated earlier inFigure 4(c). Batch training, on the other hand, can be thought of as fluctuating around the

15gradient calculated at the original point, as shown by the jagged path taken in Figure 4(b).When on-line training makes �mistakes� by overshooting a minimum, missing a curve, or bythe current gradient at the new point. When batch training makes mistakes by overshooting aNeither uses the �true� gradient: both estimate. Thus, both batch and on-line training areusing approximations of the true gradient as they move through weight space. On-line traininguses a rough estimate of the current gradient at each of steps during an epoch, while batchtraining carefully estimates the gradient at the starting point, but then ignores any changes in thegradient as it takes one large step (equivalent to small average-sized straight steps) in thatdistance of the ending point (where the weights move to) from the initial point in weight spaceon the way to the minimum. Instead, we would only be in a position to take a new step in aBrownian motion. Another way to think of on-line training is in terms of Brownian motion.When a particle exhibits Brownian motion, it moves in random directions at each point, but isbiased towards moving in the direction of an underlying current. Similarly, as on-line trainingprogresses, each weight change can be in any direction, but the probability distribution is skewedThe direction of movement at each point can thus be looked at as a combination of a pointing in a random direction and a gradient vector pointing in the direction of the truerÆ

G

) for on-Æ

G

() for batch training. After every instances (, one pass through the

16the next epoch. In contrast, the expected value of the weight change for on-line training iscontinuously pointing in the direction of the gradient at the current point in weight space. Thisbatch training become large. For example, consider a training set with 20,000 instances. If alearning rate of 0.1 is used, and the average gradient is on the order of –0.1 for each weight peri n s t a n c e , t h e n t h e t o t a l a c c u m u l a t e d w e i g h t c h a n g e w i l l b e o n t h e o r d e r o f –(0.1*0.1*20,000)=–200. Considering that weights usually begin with values well within ther a n g e o f – 1 , t h i s m a g n i t u d e o f w e i g h t c h a n g e i s v e r y u n r e a s o n a b l e a n d w i l l r e s u l t i n w i l d o r o t h e r h y p e r s u r f a c e s c o n s t r u c t e d b y n e u r a l n e t w o r k a r c h i t e c t u r e s , s u c h o v e r s h o o t i n g o f t e n equates to putting all of the data on one side of the �decision� surfaces with nothing on the otherside, resulting in random or nearly random behavior. Thus, a reduction in the size of the learningrate is required for batch training to be stable as the size of the training set grows. (This is oftendone implicitly by using the average weight change instead of the sum, effectively dividing theconsider a �safe� step size for this example to be on the order of –0.01, then batch might need toSince some of the individual weight changes cancel each other out, the learning rate does notusually need to be a full times smaller for batch than for on-line, but it does usually need to bem u c h s m a l l e r . I n t h e a b o v e e x a m p l e w o u l d p e r h a p s n e e d t o b e 2 0 0 t i m e s s m a l l e r , o r ˚=˚0.1/200˚=˚0.0005. This in turn means that batch training will require many more (e.g., 200

N

to get batch training to train with the same stability as on-line training on a training set of Nknow that on-line training is significantly faster than batch and at least as accurate, it may be lesschange) so as not to go too far in a straight line. With a sufficiently large training set, on-line

17with an infinite training set, batch training would never take a step while on-line training would3.4. Choosing a learning rate.One concern that might arise is that even if on-line training can use a larger learning rate thanbatch training, there is in general no way of knowing what size of learning rate to use for aline training to learn faster. However, both on-line and batch training share this problem, so thissince the entire range of learning rates safe for use in batch training are also available for on-lineallow for faster training, the process of searching for learning rates itself can be sped up, becausebut it might be advantageous to reduce the learning rate after approximate convergence has beenused, the process is no longer gradient descent anyway, though it has in some cases sped up thelearning process. Given a momentum term of , with 0˚˚˚˚1, the effective learning rate i s rarao n - l i n e t r a i n i n g . M o m e n t u m c a n a l s o h e l p t o � c a n c e l o u t� s t e p s t a k e n i n s o m e w h a t o p p o s i t e d i r e c t i o n s , a s w h e n s t e p p i n g b a c k a n d f o r t h a c r o s s a v a l l e y . I n s u c h c a s e s t h e u n p r o d u c t i v e W e r a n j u s t a f e w e x p e r i m e n t s u s i n g m o m e n t u m , a n d f r o m t h e s e i t a p p e a r e d t h a t o n - l i n e r e t a i n e d t h e s a m e a d v a n t a g e o v e r b a t c h i n t e r m s o f s p e e d a n d s m o o t h n e s s o f l e a r n i n g , a n d t h a t i n d e e d t h e l e a r n i n g r a t e w a s a m p l i f i e d s l i g h t l y . O n t h e task, for example, using am o m e n t u m o f ˚=˚0.9 and a learning rate of ˚ = ˚ 0 . 0 0 1 r e s u l t e d i n t r a i n i n g s i m i l a r t o u s i n g a

18smaller learning rate and is thus slower than on-line training, with no demonstrated gain in4. Empirical ResultsFrom the discussions in preceding sections, we hypothesized that on-line training is usuallyfaster than batch training, especially for large training sets, because it can safely use a largerl i n e i s d e p e n d s o n b o t h t h e s i z e o f t h e t r a i n i n g s e t a n d t h e c h a r a c t e r i s t i c s o f t h e p a r t i c u l a r application. As discussed above, as the training set gets larger, we expect the speedup of on-lineThe smoothness of the underlying error surface also influences training speed. A smoothers i n c e b o t h o n - l i n e a n d b a t c h t r a i n i n g c a n u s e a l a r g e r l e a r n i n g r a t e o n a s m o o t h e r s u r f a c e , The amount of speedup of on-line over batch also depends on how much cooperation there isamong the �local gradients� of the individual training instances. If the individual weight changeson-line training would be able to progress times as fast as the corresponding batch algorithm,be thought of as N steps, each of which moves only 1/N of a full step or less in the right direction(on average). Either way, the additional steps taken by on-line training in such situations areindividual training instances because they each favor their own output values, but also some

19Two sets of experiments were run, one using a collection of classification tasks with varioussizes of training sets, and another using a large training set for a speech recognition task. In bothcases various learning rates were used for on-line and batch training. In the speech recognitiontask, mini-batch training was also used with various update frequencies (�batch sizes�) to furtherThe experiments in this paper use multilayer perceptrons (MLP) trained using the errora single learning rate to compare the two, ignoring the fact that on-line training can often use alarger learning rate than batch training. Another problem is that they often used artificial and/or�toy� (very small, simple) problems for comparison, thus missing differences that occur in largerwere run on 26 classification tasks from the UCI Repository of Machine Learning Databases(Blake & Merz, 1998). For each task, 60% of the data was used for training, 20% for a hold-outaccuracy after each epoch of training, and the final test set was used to measure accuracy at therates of 0.1, 0.01, 0.001, and 0.0001 were used. Ten were run for each of the four .Xinput nodes, one layer of X*2 hidden nodes, and Z output nodes. During training the target valuet a r g e t o u t p u t c l a s s h a d t h e h i g h e s t a c t i v a t i o n o f a n y o f t h e o u t p u t n o d e s . T h e g e n e r a l i z a t i o n The neural networks in each experiment were initialized with small random weights, and theorder of presentation of instances was randomized such that it was different for each epoch. Theeach of their corresponding trials. Similarly, each of the ten trials used the same random initial

20hold-out set and the results for each epoch over the ten trials were averaged. A few tasks hadWe first show a representative example of the behavior of batch and on-line training in detail,Example: Mushroom. The dataset has 3386 instances in its training set, andin Figure 5(a), for a learning rate of 0.1, on-line training fluctuates on its way to an asymptote atabout 98.5% accuracy, which it reaches after about 800 epochs, while batch training remainscompletely random. In Figure 5(b), a learning rate of 0.01 allows on-line training to smoothlyapproach 100% generalization accuracy after only 20 epochs, while batch training continues tothey might conclude that there is no significant difference between the two. But since on-line.With a learning rate of = 0.0001˚*˚3386˚= 0.3386, taking the average would yield the exactPrincipe, Euliano & Lefebvre (2000), as mentioned in Section 2.1, that when using the weight change, batch training can use a learning rate that is an order of magnitude larger than on-In the remainder of this paper, the sum is used, because using the sum has the property that as

Mushroom(a) r = 0.1

AccuracyEpochs405060708090100

01002003004005006007008009001000

on-linebatch

405060708090100

(b) r = 0.01Epochs

Accuracyon-linebatchFigure 5 (a), (b). Generalization accuracy of on-line and batch training on the task, using learning rates of (a) 0.1, (b) 0.01, (c) 0.001, and (d)0.0001.

(c) r = 0.001

AccuracyEpochs405060708090100

05001000150020002500300035004000

Mushroomon-linebatch(d) r = 0.0001

Epochs405060708090100

01002003004005006007008009001000

Accuracyon-linebatch

23Overall results. Figure 6 shows the average accuracy of all 26 tasks after each epoch of(b) r = 0.01

Epochs0102030405060708090

01002003004005006007008009001000

(a) r = 0.1

AccuracyEpochs0102030405060708090

Average MLDB Accuracy

Accuracy

on-linebatchon-linebatchon 26 MLDB classification tasks, using learning rates of (a) 0.1, (b) 0.01, (c)

(c) r = 0.001

Accuracy

0102030405060708090

Epochs

01002003004005006007008009001000

(d) r = 0.0001

Epochs010203040506070

on-linebatchAverage on-linebatchFigure 6 (continued). Average generalization accuracy of on-line and batch(d) 0.0001.For learning rates of 0.1, 0.01, 0.001 and 0.0001, batch training is on average about 30%,

25demonstrates that on-line training generally learns more quickly (as well as more �safely�) withlarger learning rates. The small difference observed in Figure 6(d) is almost entirely due to theof 0.001.

BridgesHepatitisZooIrisWineFlagSonarGlassVotingHeartHeart (Cleaveland)Liver (Bupa)IonosphereImage SegmentationVowelCRXBreast Cancer (WI)AustralianPima Indians DiabetesVehicleLED CreatorSatMushroomShuttleLED Creator +17Letter RecognitionAverageMedian7273382722522711222241072710266442485490107116125128139162178207211252317392410414461508600266133865552600012000132923282.1493.7594.44100.00100.0055.1381.4772.3295.7480.3785.3372.9093.7297.8690.7689.7796.6288.4176.4185.2774.3592.02100.0099.6973.8683.5386.7689.0982.8693.7594.44100.00100.0056.6781.9573.0295.7479.0784.3372.3293.5797.5089.5389.8596.4788.4176.7383.4374.0591.65100.0097.4473.7973.2586.1588.97-0.720.000.000.000.00-1.54-0.48-0.700.001.301.000.580.150.361.23-0.080.150.00-0.321.840.300.370.002.250.0710.280.620.040.10.010.10.010.10.10.010.10.10.10.010.10.10.10.10.010.010.0010.10.10.10.010.010.10.010.0010.0610.10.10.010.10.010.010.010.010.010.010.010.010.010.010.010.010.0010.010.00010.010.010.010.0010.00010.00010.0010.00010.0140.0129851459668910392168258043550030599926381345811822934152070336496884294156874160266211557662554929500334497829459434569541257645985317914049 9.7 12.8 5.6 6.8 8.2 0.0 6.3 7.7 2.0 9.7 9.4 21.9 1.4 9.4 11.1 8.3 6.2 4.1 91.0

100.0

79.0

100.0

20.03

7.95

Dataset

Output

Classes

Training

Set Size

On-line

Batch

On-line

Batch

On-line

Batch

On-line’s

Speedup

Best LR

Max Accuracy

Epochs Needed-= Diff.*****

++++Table 1. Summary of MLDB experiments. The maximum average generalizationaccuracy for on-line and batch training for each task are shown, along with the �best�shown. The ratio of required epochs for batch to on-line training is shown as the�speedup� of on-line training.* On the task, on-line achieved 78.52% accuracy in 26 epochs with a learning** Batch training had not finished after 10,000 epochs for the ˚and

26rout set for all 10 trials after each training epoch was recorded, as was done for the example in Figure 5. The maximum accuracy for each such run was recorded, along with thenumber of epochs required to achieve that accuracy and the additional test set accuracy at thatappendix (see Appendix A of this paper). Instead, the highest accuracy achieved by each methodfor any learning rate is shown under the heading �Max Accuracy� in Table 1. The differencebetween the maximum accuracy for the on-line and batch training methods is shown under theheading �Diff.�The �best� learning rate was chosen to be the one that used the fewest number of trainingFor example, in the Pima Indians Diabetes task, on-line training achieved an accuracy of 76.41%after 287 epochs with a learning rate of 0.01, but required 7,348 epochs to reach a maximum of76.51% with a learning rate of 0.0001. The difference in accuracy is not significant, but thedifference in training time is dramatic, so the idea is to choose whichever learning rate achieves ar e a s o n a b l y g o o d s o l u t i o n m o s t q u i c k l y r a t h e r t h a n d e p e n d i n g s o h e a v i l y o n m i n o r a c c u r a c y very poor, so such learning rates could not be considered �best� even though they reached their(poor) maximum very quickly. For example, on the task, batch training achieved aaccuracy in 1852 epochs using a learning rate of 0.0001. In this case we obviously prefer theThe �best� learning rate for each task is shown under the column �Best LR� in Table 1. Theis shown under the heading �Epochs Needed.�which is how many times faster on-line training was than batch training on that task. The In both cases, plotting the results up to 10,000 epochs on a logarithmic scale showed that the bestlearning rate for batch training was progressing approximately 100 times slower than on-linefast as batch training on average. On-line training was faster on all but one of the tasks in this setof tasks. In that one case, the task, on-line training had a generalization accuracy that was

27is too large. Using a smaller learning rate of 0.01, however, on-line training had an accuracy ofThe speedup was dependent somewhat on the size of the training set, with the speedup beinggreater for larger training sets. Due to the variability between tasks, the relationship betweento get an O(

N

) speedup when using on-line training, but further research is necessary todetermine the relationship more precisely. Note that our experiments used learning rates thatdiffered by factors of 10 in order to see overall trends in speedup. More precise relationshipsmore continuous scale. Regardless of the precise relationship, however, it is clear that on-lineAs mentioned above, in addition to on-line and batch training, it is possible to use training with an update frequency , 1˚˚, where =˚1 corresponds to on-line training (,updating weights after each instance) and corresponds to batch training (, accumulatingover instances before updating weights). By using different values of , it is possible toand generalization accuracy at various learning rates. This in turn can yield insights into how thesize of the training set affects batch training, since using an update frequency is similar to doingbatch training on a �batch size� of u.A continuous digit speech recognition task was used to test the effect of the update frequencyinputs (plus one bias), 200 hidden nodes, and 178 outputs (=61,800 weights) was trained on atraining set of =˚20,000 training instances. The output class of each instance corresponded toof the 178 outputs had a target of 1, and all other outputs had a target of 0. The targets of eachT o m e a s u r e t h e a c c u r a c y o f t h e n e u r a l n e t w o r k , a h o l d - o u t s e t o f 1 3 5 m u l t i - d i g i t s p e e c h utterances was run through a speech recognition system, for a total of 542 digit �words.� Theinto the trained neural network which in turn output a probability estimate for each of the 178context-dependent phoneme categories on each of the frames. A dynamic programming decoderThe word (digit) sequence generated by the recognizer was compared with the true ()sequence of digits, and a dynamic programming algorithm was used to determine the number ofcorrect matches, insertions, deletions, and substitutions in the utterance. The generalization word

28accuracy was computed as the percentage of correctly recognized words minus the percentage ofu˚=˚1 (i.e.uof random initial weights ( , u s i n g t h e s a m e r a n d o m n u m b e r s e e d ) , a n d t h e s a m e r a n d o m Machine Learning Database tasks, so it was not practical to run 10 trials of each series (, eachseries was run for up to 5000 epochs, but was stopped early if it appeared that the maximumu0.10.10.10.10.010.010.010.010.010.0010.0010.0010.0010.00010.00010.00010.00011101001000110100100020,0001100100020,0001100100020,00096.49%96.13%95.39%84.13%96.49%96.49%95.76%95.20%23.25%96.49%96.68%96.13%90.77%96.68%96.49%96.49%96.31%21414347472727461612486540246840519664589534055208343LearningRateBatchSizeMax WordAccuracyTraining Epochs

++++training epochs required for each learning rate and batch size on the ,˚=˚1). It required almost as many training epochs as using a learning rate that was 10 times

29smaller ( , =˚0.01), probably because it repeatedly overshot its target and had to do somerequired roughly 10 and 100 times as many epochs of training to achieve the same accuracy asusing 0.01 for on-line training. Also, using learning rates of 0.01, 0.001, and 0.0001 allowed thesafe use of mini-batch sizes of 10, 100, and 1000 instances, respectively, with reasonable butvalues for (update frequency or batch size) and ˚ ( l e a r n i n g r a t e ) . F o r e x a m p l e , � 1 0 0 0 - . 0 1� log scale to make the data easier to visualize. The actual data was sampled in order to space thepoints equally on the logarithmic scale, , each accuracy value in these figures represents theFigure 7 shows the results when using a learning rate of 0.1. In this case, =˚1 and slightly too large even for on-line training and did not quite reach the same level of accuracy asAs shown in Figure 8, when using the learning rate = ˚ 0 . 0 1 , =˚1 and = ˚ 1 0 p e r f o r m e d Figure 9 shows that for =˚0.001, =˚1 and =˚100 performed almost identically, achievingclose to the same accuracy after about 400 epochs. (Since ˚=˚10 is between =˚1 and which are almost identical for this learning rate, it is excluded for the sake of simplicity.) Usingu˚u. As seenin Figure 9(b), ˚=˚1000 followed a different path than the other two. Full batch training (,=˚20,000) training did poorly, taking five times as long (1966 epochs) to reach a maximum

Epochs

Accuracy

0%10%20%30%40%50%60%70%80%90%100%

0246810152030405080100150200250300

60Digit Speech Recognition TaskLearning Rate = 0.1(a) 0-100%

Epochs70%75%80%85%90%95%100%

1-.110-.1100-.1

1000-.10246810152030405080100150200250300

60(b) 70-100%

1000-.1

l e a r n i n g r a t e o f 0 . 1 . E a c h s e r i e s r e p r e s e n t s a d i f f e r e n t m i n i - b a t c h u p d a t e f r e q u e n c y ( 1 = o n - l i n e , � 1 0 0 0 - . 1� a c c u m u l a t e s c h a n g e s o v e r 1 0 0 0 i n s t a n c e s

Digit Speech Recognition TaskLearning Rate = 0.01Epochs

Accuracy

0%10%20%30%40%50%60%70%80%90%100%

051020305010020030050010002000

3000

5000

1-.01

10-.01

100-.01

1000-.01

20k-.01(a) 0-100%

89%90%91%92%93%94%95%96%97%Epochs

(b) 89-97%

l e a r n i n g r a t e o f 0 . 0 1 . E a c h s e r i e s r e p r e s e n t s a d i f f e r e n t m i n i - b a t c h u p d a t e

Epochs

Accuracy

0%10%20%30%40%50%60%70%80%90%100%

1-.001

100-.001

1000-.001

20k-.001

05102030501002003005001000

2000

3000

5000

10000

(a) 0-100%

Epochs89%90%91%92%93%94%95%96%97%

20k-.00105102030501002003005001000

(b) 89-97%Digit Speech Recognition TaskLearning Rate = 0.001

AccuracyEpochs0%10%20%30%40%50%60%70%80%90%100%

05102030501002003005001000

2000

3000

5000

10000

1-.0001

100-.0001

1000-.0001

20K-.0001(a) 0-100%Digit Speech Recognition TaskLearning Rate = 0.0001(b) 89-97%

Epochs89%90%91%92%93%94%95%96%97%

20K-.0001

Accuracy

Finally, using =˚0.0001, =˚1, =˚100, and =˚1000 all performed almost identically, asshown in Figure 10, achieving an accuracy of 96.31% after about 5000 epochs (–500 epochs).

34accuracy that was just slightly below the others in 8343 epochs. Its accuracy lagged behind theothers similar to how ˚=˚1000 did with ˚=˚0.01, indicating that a reduction of one or two morenot allow the use of smaller learning rates. However, such results would contribute little to theis that achieved on the test set

0.010.010.0010.00010.0001110100100020,00096.13%96.13%96.12%96.10%96.04%272746855208343BestLearningRateBatchSizeTest SetWordAccuracyTraining Epochs

training epochs required for each batch size on the Digit speech recognitionThese results illustrate that as soon as the learning rate is small enough to avoid drasticmore weight changes accumulated before being applied, the smaller the learning rate needs to be,This research began as an experiment to determine how much faster a single neural network, m u l t i l a y e r p e r c e p t r o n t r a i n e d v i a b a c k p r o p a g a t i o n ) c o u l d b e t r a i n e d u s i n g a c l u s t e r o f G i v e n m a c h i n e s t r a i n i n g o n a t r a i n i n g s e t o f i n s t a n c e s , e a c h m a c h i n e t r a i n s o n

35machine and synchronizing weights after every weight updates) since the weight changes areaccumulated separately. Sharing accumulated weight changes would require ˚time perIn the experiments, batch training required over 300 times as many epochs as on-linethan a machine using on-line training. Furthermore, the broadcast and gather operationsr e q u i r e d f o r s y n c h r o n i z i n g w e i g h t c h a n g e s w o u l d b e c o s t l y i n t e r m s o f t i m e u n d e r m o s t communication architectures, in addition to the expense of using so many machines in the firstbecomes most crucial. However, it is important to realize that large-grained parallelism will nottypically help in training using batch (or mini-batch) gradient descent algorithms, but will in factOn a more positive note, fine-grained parallelism (, vector processors or other means ofspeeding up the weight and activation multiplication and summing) can speed up neural networkF i n a l l y , w h i l e l a r g e - g r a i n e d p a r a l l e l i s m t u r n s o u t t o n o t b e u s e f u l f o r g r a d i e n t d e s c e n t algorithms, it can still be useful for many other kinds of training algorithms, including alternatedescent) could benefit from having more machines looking at the weight space at the same time,4.4. Future ResearchWhile this paper does show that on-line training is much more efficient than batch training,amount of speedup to expect from on-line training. In addition, although preliminary resultsindicate that the same overall conclusions hold when using a momentum term (e.g., as inbackpropagation), it is not yet clear what the precise effect of the momentum term is on on-line�sguarantee convergence of on-line training (Bishop, 1997; Reed & Marks, 1999). However, somealso suggest that �an aggressive (but subcritical) learning rate may produce faster learning even

36a constant learning rate, so further research is needed to determine whether it is advantageous toThe experiments in this paper used error backpropagation to train multilayer perceptrons.While we believe that the conclusions apply to most gradient descent algorithms, further5. Conclusionsbatch or on-line training. Some neural network practitioners have been operating under the falsemore �correct.� In this paper we have explained that on-line training learns faster than batchtraining because it takes many steps per epoch which can follow curves in the gradient. On-linetraining handles large training sets and redundancy in data well and avoids the need to store anBatch training, on the other hand, can only take a single step per epoch, which must be in astraight line. It estimates the gradient only at the starting point in weight space, and thus cannotline training can safely use a larger learning rate than batch training, which allows it to reach thesame level of accuracy in less time. No evidence has been found in this research to suggest thatThe claim that batch training is more theoretically correct is misleading. While it is true thatgradient, on-line training will also follow the gradient as closely (or more so). When the learningspace. As each instance is presented, the expected value of the weight adjustment for on-linedirection of the gradient at the beginning of the epoch. Thus on-line training is usually a better

37batch training are especially pronounced on large training sets. There appears to be no realAtiya, A. F., & Parlos, A. G. (2000). New results on recurrent network training: unifying the709.Barto, A. G. (1992). Reinforcement learning and adaptive critic methods. In D. A. White and D.Becker, S. & LeCun, Y. (1989). Improving the convergence of backpropagation learning withB e n g i o , Y . ( 1 9 9 6 ) . Neural networks for speech and sequence recognition , N e w Y o r k : Bertsekas, D. P. and Tsitsiklis, J. N. (1996). Neuro-Dynamic Programming , B e l m o n t , M A : B i s h o p , C . M . ( 1 9 9 7 ) . Neural Networks for Pattern Recognition , N e w Y o r k , N Y : O x f o r d B l a k e , C . L . & M e r z , C . J . ( 1 9 9 8 ) . UCI Repository of Machine Learning Databases[www.ics.uci.edu/~mlearn/MLRepository.html]. Irvine, CA: University of California,Bouttou, L., Fogelman-Soulie, F., Blanchet, P. & Lienard, J. S. (1990). Speaker independent,Demuth, H. & Beale, M. (1994). Neural Network Toolbox User�s Guide , M a t h W o r k s , I n c . ,

38Kiefer, J. and Wolfowitz, J. (1952). Stochastic Estimation of the Maximum of a RegressionKohonen, T. (1982). Self-organized formation of topologically correct feature maps. M¿ller, M. F. (1993). A scaled conjugate gradient algorithm for fast supervised learning, Principe, J. C., Euliano, N. R. & Lefebvre, W. C. (2000). Neural and Adaptive Systems, JohnWiley & Sons.Reed, R. D. & Marks, R. J. (1999). Neural Smithing: Supervised Learning in Feedforward R o s e n b l a t t , F . ( 1 9 6 2 ) . Principles of Neurodynamics: Perceptrons and the Theory of Brain MIT Press.Sarle, Warren S. (2002) [current editor]. comp.ai.neural-nets FAQ, part 2, available on-line at:In Encyclopedia of Electrical and Electronics Engineering (J. G. Webster, ed.), New York:W a s s e r m a n , P . D . , ( 1 9 9 3 ) . Advanced Methods in Neural Computing , N e w Y o r k , N Y : V a n Wilson, D. R. & Martinez, T. R. (2001). The need for small learning rates on large problems. In119.