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Abstract: Deep learning requires a large number of labeled training samples, however, it is expensive or even impossible to
obtain a large number of labeled data at first in real world. In this paper,a new deep active recognition framework is proposed,
which is based on the cognitive process of how we learning and acquiring new knowledge step by step. On the basis of
analyzing the cognitive errors of the model based on a small number of samples, the transformation of cognitive errors is
defined, and the corresponding knowledge is obtained to actively enhance the cognitive information of the model. Based on
cognitive knowledge, sensitive samples are selected to fine tune the model online. At the same time, in order to avoid
forgetting the previously learned knowledge, the previous training samples are selected as refresh samples. Experiments on
general datasets show that the Target Sensitive Samples (TSSs) can improve the performamce of target recognition, and the
proposed cognitive learning mechanism can effectively improve the performance of deep model. The characterization of
cognitive information effectively restrains the interference of other samples on the model cognition, and the online training
method significantly saves a lot of training time, which provides an effective application of cognitive learning in the situation of
a small number of data samples.
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Fig.5 Sample selection before training
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Fig.6 Model accuracy of four algorithms with different model tuning iterations
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Table 1 Recognition result for MNIST dataset

VRIS T9 T16 T23 T30 T44 T51 T58 T65 T72 T79 T86 T93 T100
AESE 83.75%  87.68% 90.87% 93.13% 93.03% 94.96% 94.97% 95.15% 95.80% 95.54% 94.96% 96.13% 96.59%
W 83.53% 85.04% 90.30% 91.05% 95.09% 94.67% 96.23% 97.11% 96.93% 97.94% 96.85% 98.03% 98.01%
BALD  86.73% 89.06% 93.75% 92.77% 95.85% 95.20% 96.76% 97.39% 97.48% 98.04% 98.32% 98.20% 98.15%

CISs 93.25% 94.93% 95.87% 95.13% 96.03% 96.96% 97.97% 99.15% 99.80% 99.54% 99.96% 99.13% 99.25%

%2 CIFAR-1009RFIER
Table 2 Recognition result for CIFAR-10 dataset

Fk T9 T16 T23 T30 T44 T51 T58 T65 T72 T79 T86 T93 T100
A 51.92%  55.38% 57.68% 59.54% 60.98% 62.32% 63.75% 64.29% 64.29% 65.99% 66.71% 67.48% 68.12%
R 49.96% 53.55% 56.05% 58.38% 60.14% 62.18% 63.45% 65.07% 66.27% 67.12% 68.26% 69.14% 69.53%
BALD  49.67% 53.47% 56.96% 58.92% 60.41% 61.95% 63.72% 64.56% 66.09% 67.17% 67.36% 69.15% 69.90%

CISs 56.19% 60.69% 63.36% 66.08% 67.38% 69.18% 69.75% 71.18% 71.97% 72.23% 72.46% 73.45% 173.75%

£3 CIFAR-100HyiRBI& R
Table 3 Recognition result for CIFAR-100 dataset

Tk T9 T16 T23 T30 T44 T51 T58 T65 T72 T79 T86 T93 T100
ARSI 19.03%  23.14%  23.29% 24.44% 27.60% 27.97% 29.89% 30.97% 32.98% 32.86% 33.84% 34.19% 35.15%
WA 21.13%  23.24%  26.13% 27.52% 30.04% 30.80% 32.34% 33.10% 33.05% 34.53% 35.46% 35.62% 36.58%
BALD  23.26% 25.96% 27.77% 29.29% 31.26% 31.50% 33.01% 33.84% 34.83% 35.69% 36.16% 35.79% 37.81%

CISs 28.81% 31.06% 32.23% 33.22% 35.01% 36.26% 37.04% 37.72% 39.16% 39.24% 40.18% 38.65% 40.18%
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Table 4 Comparison for time consuming by all data and online fine-tune data for MNIST,CIFAR-10,CIFAR-100

. MNIST CIFAR-10 CIFAR-100
sk LOOREFEMS(s) WA T-HFEMI(s)  1004BFEWI(s)  MEFETIIFEMI(s)  1004EAEMI(s)  FRAET-HIFEMS(s)
A5 E-AD 33699. 99 336.99 520540.78 5205. 40 833933. 65 8339. 33
AR5 H-OD 18809. 54 188.09 21807. 34 218.07 34354. 54 343.54
TR -AD 30081. 62 300. 81 487761. 18 4877.61 813504. 12 8135.04
MAE-OD 17943. 67 179.43 21043. 45 210.43 34065. 86 340. 65
BALD-AD 29989. 71 299.89 484232.12 4842.32 803423. 55 8034. 23
BALD-OD 17353. 88 173.53 20942. 65 209. 42 33901. 54 339.01
CIS-AD 49023. 34 490. 23 689832. 73 6898. 32 1232323.51 12323.23
CIS-OD 21302. 62 213.02 30231.51 302. 31 39515. 21 395.15
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