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Fast Speaker Identification Using a Universal Background Model
Clustering Method
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ABSTRACT: In this paper, we propose a new method to drastically reduce computational complexity in Gaussian
Mixture Model (GMM)-based Speaker Identification (SI). Generally, GMM-based SI systems have very high
computational complexity proportional to the length of the test utterance, the number of enrolled speakers, and the
GMM size. These make the SI systems difficult to be used in various real applications in spite of their broad
applicability. Thus, a trade-off between computational complexity and identification accuracy is considered as a
primary issue for practical applications. In order to reduce computational complexity sharply with a little loss of
accuracy, we introduce a method based on the Universal Background Model (UBM) clustering approach and then
we show that it can be used successfully in real-time applications. In experiments with the proposed algorithm,
we obtained a speed-up factor of 6 with a negligible loss of accuracy.

Keywords: Speaker identification, GMM, UBM clustering, Computational complexity
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Table 1. UBM clustering—based Gaussian pruning algorithm.

Step 1: Evaluate distances (Euclidean) between a test feature
vector and pre-trained centroids of UBM.

Step 2: Choose the N nearest centroids.

Step 3: Choose the corresponding UBM mixture componen-
ts of the N centroids and then calculate the
likelihoods between the test vector and the enrolled
speaker models’ corresponding mixture (adapted
mixture) components of N centroids.

Step 4: Repeat Steps 1 through 3 until the last test vector.
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Fig. 7. PQ result.

Table 3. SP result (pruning interval=5, pruning size=10).

Number of mixture 64 128 256 512
Error rate (%) 0.44 0.34 0.38 0.44
Speed-up factor 4.66x | 4.71x | 4.65x | 4.73x

Table 4. SP result (pruning interval=10, pruning size=10).

Number of mixture 64 128 256 512
Error rate (%) 0.34 0.34 0.36 0.38
Speed-up factor 245x | 2.52x | 2.53x | 2.53x

Table 5. SP result (pruning interval=15, pruning size=10).

Number of mixture 64 128 256 512 Number of mixture 64 128 256 512
Error rate (%) 0.36 0.34 0.34 0.34 Error rate (%) 0.34 0.34 0.34 0.36
RTF 0.46 0.87 1.64 3.19 Speed-up factor 1.78x 1.81x 1.79x 1.79x
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Table 6. 128 mixture GP result.
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Percentage of clusters to 50, 10 % 20 % 30 % 50 % Avg error rate
no. of clusters (%)
10 % (13) 0.36 (4.58x) | 0.34 (2.56x) | 0.34 (1.89x) | 0.34 (1.61x) | 0.34 (1.23x) 0.344
20 % (26) 0.40 (8.09x) | 0.36 (3.18x) | 0.34 (2.07x) | 0.34 (1.52x) | 0.34 (1.12x) 0.356
30 % (39) 0.36 (6.35x) | 0.38 (3.56x) | 0.34 (2.06x) | 0.34 (1.59x) | 0.34 (1.14x) 0.352
Table 7. 256 mixture GP result.
Percentage of clusters to 5 9, 10 % 20 % 30 % 50 % Avg error rate
no. of clusters (%)
10 % (26) 0.38 (7.17x) | 0.32 (2.95x) | 0.34 (2.05x) | 0.32 (1.51x) | 0.34 (1.15x) 0.340
20 % (52) 0.40 (6.09x) | 0.36 (4.15x) | 0.32 (2.46x) | 0.34 (1.82x) | 0.34 (1.25x) 0.352
30 % (78) 0.34 (5.89x) | 0.32 (3.67x) | 0.32 (2.37x) | 0.34 (1.72x) | 0.34 (1.18x) 0.332
Table 8. 512 mixture GP result.
Percentage of clusters to 5 o 10 % 20 % 30 % 50 % Avg error rate
no. of clusters (%)
10 % (51) 0.36 (5.54x) | 0.32 (3.68x) | 0.32 (2.16x) | 0.32 (1.59x) | 0.34 (1.11x) 0.332
20 % (102) 0.36 (6.44x) | 0.32 (3.74x) | 0.32 (2.17x) | 0.34 (1.61x) | 0.34 (1.11x) 0.336
30 % (156) 0.36 (6.33x) | 0.32 (3.66x) | 0.32 (2.11x) | 0.32 (1.55x) | 0.34 (1.10x) 0.332
Table 9. Summary of the results.
O Mixture 128 mixture 256 mixture 512 mixture
Baseline Ix (0.34) Ix (0.34) Ix (0.34)
PQ 9.00x (0.32) 8.67x (0.32) 8.57x (0.34)
Sp 1.81x (0.34) 1.79x (0.34) 1.79x (0.36)
PQ+SP 9.13x (0.30) 9.42x (0.30) 9.67x (0.32)
GP 6.35x (0.36) 5.9x (0.34) 6.33x (0.36)
GP+PQ 53x (0.42) 58.42x (0.34) 55.2x (0.34)
GP+SP 24.07 (0.40) 30.22x (0.36) 23.5x (0.48)
GP+PQ+SP 59.6x (0.40) 72.15x (0.32) 60.14x (0.32)
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