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ABSTRACT Acoustic variability across speakers is one of the challenges of speaker independent speech recognition systems. In this paper we propose a two-stage speaker selection training method for speaker adaptation. After cohort speakers are selected for test speaker, an adaptive model combination method is developed to replace the formerly used retraining process. In addition, impacts of number of selected cohort speakers and number of utterances from test speaker are investigated. Preliminary experiments on dynamic speaker selection are shown. Relative error rate reduction of 12.27% is achieved when only 10 utterances are available. Finally, further extensions of model combination scheme and dynamic selection are discussed.



1.



INTRODUCTION



Acoustic variance across speakers is one of the challenges of speaker independent (SI) speech recognition system. In stateof-the-art speaker adaptation (SA) methods dealing with this problem, there are three categories: linear transformation family (such as MLLR [8]), Bayesian learning family (such as MAP [7]) and speaker space family (such as eigenvoice [6]). However, the effectiveness of these methods depends on the amount of data available from the test speaker. When given corpus is very limited, even dominant adaptation methods do not work well and efficiently for LVCSR. In recent years, a promising speaker adaptation method, speaker selection training (SST), has emerged in the literature. The idea of SST [10] is to select a subset of cohort speakers from training speakers, and to build SA model based on these cohorts, either by parameter re-estimation or by model combination. In general, SST is a two-stage method: cohort speaker selection and model building. It is hard to train a transformation matrix for MLLR with one adaptation utterance, and even more difficult to estimate the parameters with MAP. However, the data may be a good index to select acoustically similar speakers from a pool of training speakers. One motivation is that in speaker recognition field, one utterance with three seconds has achieved good accuracy on speaker identification. Then we can make full use of the statistics from the selected speaker subsets. * Work carried out as visiting student at MSR Asia.



There are various implementations of SST in practice. In the first stage of selecting cohorts, the key issue is to define the similarity measure. Padmanabhan [10] and Wu et al [11] made use of SA models (HMM) to obtain a likelihood score. In their systems, adaptation data from test speaker are fed to SA models of training speakers to calculate the corresponding likelihood. Instead, Yoshizawa [12] and Matrouf [9] utilized likelihood score from Gaussian mixture model (GMM). In the second stage, there are also different algorithms, such as retraining in [11], MAP adaptation in [9], feature transformation in [10] and model combination in [12]. However, retraining the SI model by data of selected cohorts is very time-consuming. Model combination is the fastest, though only pre-calculated statistics are used in [12]. In our experiments [5], it is found that incorporating some learning mechanism, such as maximum likelihood (ML) or maximum a posterior (MAP) based parameter estimation, may enhance the SST method. There are two schemes we can use: 1) Feature normalization, that is, transforming all the features from selected cohorts closer to the test speaker and retraining SI model based on normalized features; 2) Model combination, that is, interpolating the Gaussian mean vectors of cohort models to obtain a new model. The concept of model combination is similar to reference speaker weighting [4], cluster adaptive training [3] and cluster weighting [2], though these methods do not include specific speaker subset selection. Our method can be viewed as an extension to static model combination [12] while incorporating learning mechanism. In this paper we focus on developing SST based adaptive model combination algorithm for speaker adaptation. We propose to estimate interpolating weight vector(s) under MAP framework. The algorithm is fast as models for training speakers can be obtained offline and only a small number of parameters need to be estimated. Experiments show 10.10% relative error reduction over baseline SI system when 10 utterances are used both for selecting cohorts and for estimating the weight vector. In addition we evaluate the effect of the amount of enrollment data on adaptation performance. Even with just one utterance, 5.42% relative error reduction can be achieved. At last we present our preliminary experiment on dynamic speaker selection. It is shown that selecting different number of cohorts for test speaker can bring 12.27% relative error reduction over baseline system. This paper is organized as follows. Section 2 briefly



describes the basic idea of speaker selection training. Section 3 introduces our adaptive model combination algorithm. Section 4 presents our dynamic speaker selection scheme. Speaker adaptation experiments are shown in Section 5. Conclusion and discussions are provided in Section 6.



2.



SPEAKER SELECTION TRAINING



Given limited data from test speaker and a certain training corpus, SST considers the following issues: • • • •



Efficient speaker representations. Reliable similarity measurement between speakers. Number of close speakers (cohorts) to be picked out. Number of utterances from test speaker when considering the performance and enrollment efforts.



In [5], we tried two representations of speaker (transformation matrix and GMM/HMM) and two kinds of similarity measurement (Euclidean distance and likelihood score). Experiments showed that likelihood score from GMM is the most efficient strategy. The main procedure for SST is as follows. • • •



Train one GMM for each training speaker ready for selection. Calculate the likelihood of adaptation data of test speaker in each GMM. Select training speakers with the K largest likelihood as cohorts.



After cohorts are selected, the information they bring can be used for speaker adaptation. There are several methods such as retraining the SI model with the data of cohorts [11] and combining speaker dependent (SD) models of cohorts with pre-calculated statistics by SI model [12]. We propose an adaptive model combination method for adaptation.



3.



ADAPTIVE MODEL COMBINATION



M m = [µ1m , L , µ mR ] ,



(2)



where µ mr is the mean vector of Gaussian component m associated with cohort r. The weight vector, λ, is given by



λ = [λ1 , L, λ R ]T .



(3)



The standard ML learning scheme for model combination is similar to other adaptive training schemes [3]. The goal is to find the value of λ which maximizes the likelihood of adaptation data from test speaker. Let X be observation sequence of adaptation data X = [ x1,L, x N ] .



(4)



Here N is the total number of adaptation observations. The objective function of ML estimation is expressed as



arg max{log p ( X | Λ)} .



(5)



λ



As the model Λ is determined by weight vector λ, and assuming all observations are independent, (5) can be expressed as M



arg max λ



N



∑∑ log p(x



n



| λ) ,



(6)



m =1 n =1



where M is the number of all Gaussian mixture components associated with observation xn. In SST, a certain number of cohort speakers are selected in the first stage. We view these cohorts as prior information and will incorporate it into ML framework. A straightforward way is to use MAP estimation. We assume the prior probability distribution function (pdf) of the weight vector as Gaussian function,



P(λ ) ~ N ( λ , Σ −λ 1 ) .



(7)



The ML estimation of (6) becomes the following MAP estimation,



3.1. The Proposed Algorithm The first step of adaptive model combination is to obtain one SA model for each training speaker by MLLR adaptation from SI model. Then we linearly combine cohorts’ SA models and the combination weight coefficients can be learned through the MAP framework, which is described as follows1. Assume that there are R cohorts selected. For simplicity, a global weight vector is learned for all phone classes of test speakers. In practice, we can estimate different weight vectors for different phone classes determined by regression tree. For a particular Gaussian component, m, the mean vector for test speaker, µm, is given by



µm = Mmλ ,



component m,



M



∑∑log p(x



λ



n



| λ) + log p(λ)} .



(8)



m=1 n=1



The solution of (8) can reduce to



arg max{ 2 v T λ − λ T Uλ} .



(9)



λ



U and v are defined as follows, M



U=



N



∑∑ γ



T −1 m ( n)M m S m M m



+ Σ −λ1 ,



(10)



+ Σ −λ1 λ .



(11)



m =1 n =1



(1)



where Mm is the matrix of R cohort mean vectors for



N



arg max{



M



v=



N



∑∑ M



T −1 m S m γ m ( n) x n



m =1 n=1



1



The following notation is used: capital bold letters refer to matrices, e.g., M, bold letters refer to vectors, e.g., µ, and scalars are not bold, e.g., m.



γ m (n) is the posterior probability of Gaussian m at time n, usually determined by SI model. Sm is the covariance



matrix of Gaussian m. By differentiating with respect to λ and equating to zero, we obtain the weight vector,



λ = U −1 v .



(12)



3.2. Prior Selection



The fact that the optimal number of cohorts for each test speaker is different [5][12] motivates us to conduct dynamic cohort selection. After some candidate models (e.g., from 10, 20 and 30 cohorts) are obtained, a multi-model selection scheme is utilized to determine the optimal model for test speaker as follows, Λ opt = arg max{score(Λ ) − α × N (cohorts )}



A crucial issue in the above scheme is to select prior parameters λ and Σλ for weight vector. In our system each cohort model is weighed by its occupation probability given adaptation data, M



λr =



N



∑∑γ



m



(n, r )



m = 1 n =1 R M N



∑∑∑γ



(13)



, r = 1,..., R m



(n, r )



r = 1 m = 1 n =1



Here γ m (n, r ) is the posterior probability of Gaussian m in cohort model r at time n. A diagonal covariance matrix Σλ is used for simplicity. We can control the impact of the prior information by adjusting Σλ. The less adaptation data, the greater impact of prior weight as we have to rely more on prior information. On the other hand, when enough adaptation data are available, covariance should be set relatively large. 3.3. Incorporating Bias Item



Like MLLR adaptation and cluster weighting [2], bias item can be introduced to consider the effect of channel condition, µ m = M m λ + b = M 'm λ ' ,



(14)



where M 'm = [M m , I ] and λ ' = [ λ T , b T ]T . λ' can still be estimated by equation (10)(11)(12). The prior for λ' is set according to (13), except that entries corresponding to bias item are set to be zero. 3.4. Comments The learning process can iterate for more than once. Before learning, the sufficient statistics of adaptation data against SI model must be accumulated. After one iteration, statistics can be more accurately estimated with new SA model. Then we can re-estimate the weight vector. In reference speaker weighting [4], two constraints are added to maximize the goal function (6):



∀r,



λr ≥ 0



R



and



∑λ r =1



r



=1



(15)



Cluster adaptive training proposed by Gales [3] does not apply these constraints. However, the SI model is considered as a cluster and the corresponding weight is always assigned to 1. Both the constraints and incorporating SI model are aimed to achieve robust estimation. In our scheme, as acoustically close speakers are pre-selected, the prior information contained in λ and Σλ is used to guarantee the reliability of learning weight vector(s).



4.



DYNAMIC COHORT SELECTION



(16)



Λ



Here score(Λ) is some kind of score of candidate model given adaptation data. We will evaluate two kinds of score: 1) likelihood (normalized to [0, 1]) from forced alignment of adaptation data against corresponding decoded transcriptions; 2) recognition accuracy2 of adaptation data. Since the more training speakers selected, the more risk to bring large mismatch between cohorts and test speaker, factor α is used to penalize the number of cohorts, N(cohorts). Equation (16) is derived according to Bayesian information criterion, which is widely used in model selection and hypothesis test.



5.



EXPERIMENT



5.1. Experiment Setup About 180 hours of speech data from Chinese male speakers are used to train a gender-dependent SI model for the Microsoft Mandarin Whisper system [1]. In addition to such mature technologies as decision tree based state tying, context dependent modeling and trigram language modeling, tone related information has also been integrated into our system through pitch information and tone modeling. Compared with the baseline system in [5], more data are used for training and better accuracy is obtained. In one word, all improvements and results show here are achieved based on a solid and powerful baseline system. The speakers ready for selection consist of 250 male speakers, with 200 utterances each. Typically one utterance, both in training and test set, lasts 3~5 seconds. Before model combination, 250 SA models are obtained by MLLR with 200 utterances per speaker. Test set consists of 25 male speakers from the same accent with training set, 20 utterances each. 10 of them are used for selecting cohorts and estimating weight vector. The other 10 are used for testing. Character error rate (CER) is calculated for evaluation. In all the following experiments, one weight vector is estimated for each phone class. 65 broad phone classes, according to Mandarin phonetic structure, are used. 5.2. Results Table 1 shows CER of model combination based SST, varying the number of cohort speakers. To illustrate the effectiveness of adaptive learning scheme, results of using prior weight only are also listed. The proposed algorithm consistently achieves lower CER over baseline system in our experiment condition. The lowest error rate is obtained when only 10 cohorts are selected. Too many cohorts will bring in some training speakers acoustically far away from the test speaker and then degrade recognition accuracy. 2



Assuming supervised adaptation.



# Cohorts 5 10 20 30 40 50 Prior 9.13 8.85 9.49 9.77 9.24 9.01 Learn 9.06 8.60 8.94 8.88 9.19 8.96 Rel. Err. Reduc. 5.23 10.10 6.53 7.18 3.86 6.27 (of Learn) Table 1: Comparison of different number of cohort speakers. (CER of baseline SI model is 9.56%) Table 2 shows the performance of the proposed scheme varying the number of adaptation utterances. According to Table 1, 10 cohort speakers are selected for each test speaker. From Table 2 we can see that our method is quite robust against data variations. Only one utterance is sufficient to obtain 5.42% relative error rate reduction. It is suggestive when deciding the proper adaptation data to make a trade-off between enrollment effort and final performance gain. % SI 1 3 10 CER 9.56 9.04 8.94 8.60 Rel. Err. Reduction -5.42 6.51 10.10 Table 2: Comparison of different number of adaptation utterances. Table 3 illustrates the effectiveness of dynamic speaker selection. For simplicity, candidate models for selection are obtained from 10, 20 and 30 cohorts. 10 adaptation utterances per speaker are used. The Recognizer Output Voting Error Reduction (ROVER) criterion gives us the upper bound for dynamic SST. While likelihood based dynamic SST brings no further improvement, accuracy based one leads to 12.27% relative error reduction over SI model. However, the performance gap between our dynamic scheme and ROVER reminds us that much more can be done to improve recognition accuracy. Rel. Err. Reduction SI 9.56 -Dynamic Accuracy 8.39 12.27 (α = 0.001) Likelihood 8.60 10.10 ROVER 7.93 17.04 Table 3: Preliminary results on dynamic speaker selection. %



6.



CER



CONCLUSION AND DISCUSSIONS



In this paper, we propose a speaker selection training strategy for speaker adaptation given very limited data. Instead of time-consuming process of retraining, we develop adaptive model combination method to obtain the SA model. The scheme is efficient: 1) models for training speakers can be obtained offline; 2) only a small number of parameters are needed to be estimated; 3) explicit solution of equation (12) avoids iterative optimization. Experiments illustrate the effectiveness and reliability of the proposed scheme. In addition, we have investigated the impact of the number of cohort speakers and the number of adaptation utterances on recognition accuracy. Furthermore we present our preliminary experiment on dynamic speaker selection, which is shown to bring promising performance gain over static



selection scheme. There can be some further extensions to SST adaptation method. First, in applications where more adaptation data are available, SST may provide a good prior for other adaptation method such as MAP and MAPLR [2]. Second, dynamic SST based on recognition accuracy of adaptation data is a rather crude option, and is limited when extending to unsupervised applications. We are investigating some new criteria to efficiently assess the quality of a specific model for test speaker. In addition, more flexible strategy on the number of cohorts is undergoing in order to customize each test speaker. Furthermore, work on adaptive feature normalization after SST is also ongoing.



7.



REFERENCES



[1] E. Chang, J. L. Zhou, C. Huang, S. Di and K. F. Lee, "Large Vocabulary Mandarin Speech Recognition with Different Approaches in Modeling Tones," in Proc. ICSLP2000, vol. 2, pp. 983-986, 2000. [2] H. Erdogan, Y. Gao and M. Picheny, "Rapid Adaptation Using Penalized-Likelihood Methods," in Proc. ICASSP2001, vol. 1, pp. 333-336, 2001. [3] M. J. F. Gales, "Cluster Adaptive Training of Hidden Markov Models," IEEE Transactions on Speech and Audio Processing, vol. 8, n4, pp. 417-428, 2000. [4] T. J. Hazen, "A Comparison of Novel Techniques for Rapid Speaker Adaptation," Speech Communication, vol. 31, pp.15-33, 2000. [5] C. Huang, T. Chen and E. Chang, "Speaker Selection Training for Large Vocabulary Continuous Speech Recognition," in Proc. ICASSP2002, 2002. [6] R. Kuhn, J. C. Junqua, P. Nguyen and N. Niedzielski, "Rapid Speaker Adaptation in Eigenvoice Space," IEEE Transactions on Speech and Audio Processing, vol. 8, n6, pp. 695-707, 2000. [7] C.-H. Lee, C.-H. Lin and B.-H. Juang, "A Study on Speaker Adaptation of the Parameters of Continuous Density Hidden Markov Models," IEEE Transactions on Signal Processing, vol. 9, pp. 806-814, 1991. [8] C. J. Leggetter, P. C. Woodland, "Maximum Likelihood Linear Regression for Speaker Adaptation of Continuous Density Hidden Markov Models," Computer Speech and Language, vol. 9, n2, pp. 171-185, 1995. [9] D. Matrouf, O. Bellot, P. Nocera, G. Linares and J.-F. Bonastre, "A Posteriori and a Priori Transformations for Speaker Adaptation in Large Vocabulary Speech Recognition Systems," in Proc. Eurospeech2001, vol. 2, pp. 1245-1248, 2001. [10] M. Padmanabhan, L. Bahl, D. Nahamoo and M. Picheny, "Speaker Clustering and Transformation for Speaker Adaptation in Speech Recognition Systems," IEEE Transactions on Speech and Audio Processing, vol. 6, n1, pp. 71-77, 1998. [11] J. Wu and E. Chang, "Cohorts Based Custom Models for Rapid Speaker and Dialect Adaptation," in Proc. Eurospeech2001, vol. 2, pp. 1261-1264, 2001. [12] S. Yoshizawa, A. Baba, K. Matsunami et al, "Evaluation on Unsupervised Speaker Adaptation Based on Sufficient HMM Statistics of Selected Speakers," in Proc. Eurospeech2001, vol. 2, pp.1219-1222, 2001.




























Model Combination for Machine Translation - John DeNero













Research on I-Vector Combination for Speaker ...













Model Combination for Machine Translation - Semantic Scholar













Cheap Sada D-203 Combination Speaker Is Suitable For Desktop ...













APPLICATION OF AN ADAPTIVE BACKGROUND MODEL FOR ...













Fast Speaker Adaptive Training for Speech Recognition













2005 Yamaha YZF600R Combination manual for model years 1997 ...













Dynamic workflow model fragmentation for distributed execution













Automatic speaker recognition using dynamic Bayesian network ...













A Procedure of Adaptive Kernel Combination with ...













Uniform Multilingual Multi-Speaker Acoustic Model for Statistical ...













Uniform Multilingual Multi-Speaker Acoustic Model for Statistical ...













Adaptive Partitioning for Large-Scale Dynamic Graphs













EURASIP-Adaptive Transport Layer Protocol for Highly Dynamic ...













Direct adaptive control using an adaptive reference model













An Adaptive Sanctioning Enforcement Model for ...













An Adaptive Tradeoff Model for Constrained ...













Several Algorithms for Finite-Model Adaptive Control













STRUCTURED ADAPTIVE MODEL INVERSION ...













Model-Based Aligner Combination Using Dual ... - John DeNero













Dynamic Digital Human Model for ergonomic ...













Model-Driven Adaptive Delegation













Dynamic Model Selection for Hierarchical Deep ... - Research at Google













A dynamic causal model for evoked and induced ...















adaptive model combination for dynamic speaker ...






as MAP [7]) and speaker space family (such as eigenvoice. [6]). .... a global weight vector is learned for all phone classes of test ..... Signal Processing, vol. 9, pp. 






 Download PDF 



















 189KB Sizes
 0 Downloads
 246 Views








 Report























Recommend Documents













Model Combination for Machine Translation - John DeNero 

System combination procedures, on the other hand, generate ..... call sentence-level combination, chooses among the .... In Proceedings of the Conference on.




















Research on I-Vector Combination for Speaker ... 

Department of Electronic Engineering, Tsinghua University, Beijing 100084, China. Email: [email protected], {wqzhang, liuj}@tsinghua.edu.cn. Abstractâ€”I-vector has been ... GMM are two stat-of-art technologies in SRE. Especially the i-




















Model Combination for Machine Translation - Semantic Scholar 

ing component models, enabling us to com- bine systems with heterogenous structure. Un- like most system combination techniques, we reuse the search space ...




















Cheap Sada D-203 Combination Speaker Is Suitable For Desktop ... 

Cheap Sada D-203 Combination Speaker Is Suitable F ... ass Cannon For Free Shipping & Wholesale Price.pdf. Cheap Sada D-203 Combination Speaker Is ...




















APPLICATION OF AN ADAPTIVE BACKGROUND MODEL FOR ... 

Analysis and Machine Intelligence, 11(8), 1989, 859-872. [12] J. Sklansky, Measuring concavity on a rectangular mosaic. IEEE Transactions on Computing, ...




















Fast Speaker Adaptive Training for Speech Recognition 

As we process each speaker we store the speaker-specific count and mean statistics in memory and then at the end of the speaker's data we directly increment ...




















2005 Yamaha YZF600R Combination manual for model years 1997 ... 

2005 Yamaha YZF600R Combination ... for model years 1997 ~ 2007.pdf. 2005 Yamaha YZF600R Combination m ... l for model years 1997 ~ 2007.pdf. Open.




















Dynamic workflow model fragmentation for distributed execution 

... technology for the coordination of various business processes, such as loan ... Workflow model is the basis for workflow execution. In ...... One way to deal with ...




















Automatic speaker recognition using dynamic Bayesian network ... 

This paper presents a novel approach to automatic speaker recognition using dynamic Bayesian network (DBN). DBNs have a precise and well-understand ...




















A Procedure of Adaptive Kernel Combination with ... 

tion problems, it is necessary to combine information from ... example, in object classification, color information is not relevant for the car ..... train tvmonitor. Figure 1: Example images of the VOC 2008 data set. An image can contain multiple ob




















Uniform Multilingual Multi-Speaker Acoustic Model for Statistical ... 

single-speaker system from small amounts of data for that lan- ... In recent years, statistical parametric speech synthesis has seen .... analysis components.




















Uniform Multilingual Multi-Speaker Acoustic Model for Statistical ... 

Uniform Multilingual Multi-Speaker Acoustic Model for Statistical Parametric ... training data. This type of acoustic models, the multilingual multi-speaker (MLMS) models, were proposed in [12, 13, 14]. These approaches utilize a large input feature 




















Adaptive Partitioning for Large-Scale Dynamic Graphs 

system for large-scale graph processing. In PODC,. 2009. [3] I. Stanton and G. Kliot. Streaming graph partition- ing for large distributed graphs. In KDD, 2012. [4] L. Vaquero, F. Cuadrado, D. Logothetis, and. C. Martella. xdgp: A dynamic graph pro- 




















EURASIP-Adaptive Transport Layer Protocol for Highly Dynamic ... 

EURASIP-Adaptive Transport Layer Protocol for Highly Dynamic Environment 0.807.pdf. EURASIP-Adaptive Transport Layer Protocol for Highly Dynamic ...




















Direct adaptive control using an adaptive reference model 

aNASA-Langley Research Center, Mail Stop 308, Hampton, Virginia, USA; ... Direct model reference adaptive control is considered when the plant-model ...




















An Adaptive Sanctioning Enforcement Model for ... 

Normative Multiagent System. NS. Normative Specification. OE. Organizational Entity. OPERA. Organizations per Agents. OS. Organizational Specification. PowerTAC. Power Trading Agent Competition. SG. Smart Grid. SM. Scene Manager. STS. Sociotechnical 




















An Adaptive Tradeoff Model for Constrained ... 

and Engineering, Central South University, Changsha, Hunan, China (e-mail: ... As we know, the ultimate goal of COEAs is to find the fea- sible optimal solution. .... and the method [22] based on the Pareto archived evolutionary strategy ...




















Several Algorithms for Finite-Model Adaptive Control 

Mathematics of Control, Signals, and Systems manuscript No. (will be inserted by the ...... Safonov MG, Cabral B (2001) Fitting controllers to data. Systems and ...




















STRUCTURED ADAPTIVE MODEL INVERSION ... 

guidance but also for his continuous support and encouragement during the course of my research. I thank my committee members ... in the courses that they taught me. I would also like to thank Dr. ..... mathematical formulation is derived and the con




















Model-Based Aligner Combination Using Dual ... - John DeNero 

2 Model Definition ... aligned state Î±jâˆ’1 = 0 are also drawn from a fixed distribution, where D(Î±j = 0|Î±jâˆ’1 ... define our model only over a and b, where the edge.




















Dynamic Digital Human Model for ergonomic ... 

Virtual actuator control. In: IEEE International Conference on Intelligent Robots and Systems. pp. 1219â€“1226. Savin, J., August 2011. Digital human manikins for ...




















Model-Driven Adaptive Delegation 

Mar 29, 2013 - In this perspective, designing, implementing and test- ing software for ... expressive design of access control must take into account ...... users to buy and sell products online. Each user in ... database, can be easily modified by u




















Dynamic Model Selection for Hierarchical Deep ... - Research at Google 

Figure 2: An illustration of the equivalence between single layers ... assignments as Bernoulli random variables and draw a dif- ..... lowed by 50% Dropout.




















A dynamic causal model for evoked and induced ... 

Jul 30, 2011 - changes in spectral activity induced by other sources and exogenous. (e.g., stimulus) ..... of model alternatives, all one can do is â€œmotivate model space carefullyâ€� .... The free-energy principle: a unified brain theory? Nat. Rev.


























×
Report adaptive model combination for dynamic speaker ...





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















