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One-shot learning, the ability to learn a new concept from a single instance, is a distinctive brain function that has garnered substantial interest in machine learning. While modeling physiological mechanisms poses challenges, advancements in artificial neural networks have led to performances in specific tasks that rival human capabilities. Proposing one-shot learning methods with these advancements, especially those involving simple mechanisms, not only enhance technological development but also contribute to neuroscience by proposing functionally valid hypotheses. Among the simplest methods for one-shot class addition with deep learning image classifiers is “weight imprinting,” which uses neural activity from a new class image data as the corresponding new synaptic weights. Despite its simplicity, its relevance to neuroscience is ambiguous, and it often interferes with original image classification, which is a significant drawback in practical applications. This study introduces a novel interpretation where a part of the weight imprinting process aligns with the Hebbian rule. We show that a single Hebbian-like process enables pre-trained deep learning image classifiers to perform one-shot class addition without any modification to the original classifier's backbone. Using non-parametric normalization to mimic brain's fast Hebbian plasticity significantly reduces the interference observed in previous methods. Our method is one of the simplest and most practical for one-shot class addition tasks, and its reliance on a single fast Hebbian-like process contributes valuable insights to neuroscience hypotheses.
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1 Introduction

As well-known, artificial neural networks (ANNs) were initially inspired by biological neural networks in the animal brain (McCulloch and Pitts, 1943). Subsequently, Deep Neural Networks (DNNs) have achieved significant success in computer vision (Simonyan and Zisserman, 2015; He et al., 2016). However, several tasks, which are relatively easy for humans, remain challenging for current DNNs (Lake et al., 2017). One-shot learning, for instance, is a notable example of such tasks (Fei-Fei et al., 2006; Lake et al., 2015; Brea and Gerstner, 2016; Cowley et al., 2022).

Humans can integrate a new concept into their knowledge from just a single input image, experiencing little interference with prior memories. In contrast, DNNs struggle with this task unless they undergo specific additional optimization. Proposing a simple one-shot learning mechanism in DNNs could enhance understanding of the brain and improve practical applications. Consider, for example, an ImageNet model (Deng et al., 2009; Russakovsky et al., 2015) that has been pre-trained on 1,000 classes and then learns a new class “baby” from a single image, without any additional training optimization or modifications to the original DNN backbone. If such one-shot class addition is achievable through a simple brain-based process, it would be beneficial for both understanding the brain and advancing machine learning applications, which is the focus of this study.

Extensive research has been conducted on the brain mechanisms underlying one-shot or fast learning (Piette et al., 2020). In the brain, new information is typically more effectively retained when linked to existing knowledge (Tse et al., 2011; Kesteren et al., 2012), a principle that also applies to one-shot learning (Achterberg et al., 2022). It is known that the hippocampus switches between fast learning and general slow incremental learning (Lee et al., 2015; Weaver, 2015), and that both the frontal lobe and hippocampus contribute to fast learning (Preston and Eichenbaum, 2013; Emberly and Seamans, 2020). It has also been suggested that fast learning does not necessarily require the hippocampus and is possible through mechanisms similar to general slow learning (Hebscher et al., 2019). Although the classical Hebbian framework assumes repetition of a specific activity pattern (Hebb, 1949), Hebbian long-term potentiation is known to rapidly occur with a small number of spikes (Froemke et al., 2006). Such “fast Hebbian plasticity” is no longer an unrealistic hypothesis but recognized as a hot topic in neuroscience (Lansner et al., 2023). Therefore, while the entire brain's mechanisms are complex and yet unclear, it appears likely that at least a fast Hebbian process plays a significant role.

From a machine learning perspective, typical approaches for one- or few-shot image classification include metric learning, data augmentation, and meta-learning. Metric learning reduces distances between similar class data in feature space and increases it for different classes (Weinberger and Saul, 2009; Snell et al., 2017; Kaya and Bilge, 2019), akin to the brain's process of minimizing interference in new learning, thought to be managed by the hippocampus (McCloskey and Cohen, 1989; McClelland et al., 1995). Data augmentation techniques expand training data through generative methods (Goodfellow et al., 2014; Vinyals et al., 2016; Schwartz et al., 2018), potentially enabling fast learning by leveraging previous expectations or binding patterns (Smolensky, 1990; Friston, 2010). Meta-learning, which trains systems in learning methodologies (Andrychowicz et al., 2016; Finn et al., 2017; Huisman et al., 2021), has been employed to model the prefrontal cortex (Wang et al., 2018) and can be enhanced by incorporating Hebbian learning (Munkhdalai and Trischler, 2018).

However, most methods prioritize high performance and involve specific optimizations, diverging from simpler models that might better represent natural processes. Additionally, these optimizations often require extensive user skills and incur higher computational costs for tuning parameters and hyperparameters. Furthermore, many methods focus on learning from scratch or transfer learning, deviating from how the brain is thought to perform one-shot learning by utilizing vast existing knowledge.

Considering machine learning tasks from the perspective of the brain's one-shot learning, the emphasis should be on adding new classes to well-trained DNNs rather than learning from scratch or transfer learning. Studies have shown that well-trained DNNs are capable of identifying data deviating from the training distribution, which is known as out-of-distribution detection (Lakshminarayanan et al., 2017; Fort et al., 2021), suggesting that an effective representation for unknown images exists in the hidden multi-dimensional space.

Indeed, the weight imprinting method, proposed by Qi et al. (2018), enables the addition of novel classes to Convolutional Neural Networks (CNNs) using the final dense layer input of a new-class image without additional training. This method, requiring minimal CNN architecture modifications, can achieve reasonable accuracy in one-shot image classification tasks (for example, achieving 21% accuracy for novel-class images when adding 100 new classes to the original 100 in the CUB-200-2011 dataset). However, the connection between the weight imprinting method and the brain's mechanisms remains unclear and unexplored. Furthermore, from an application standpoint, Qi's weight imprinting method can interfere with original image classifications, potentially causing significant drawbacks in practical use (see Section 4, which indicates that Qi's method poses issues in CNNs but not in vision transformers). Note that Khan et al. (2021) demonstrated the use of weight imprinting for vision transformers, without addressing its issues on CNNs.

In this study, we investigated the task of one-shot class addition in vision, where new classes were added to a pre-trained DNN for image classification. Our approach included (i) proposing a novel interpretation in which a part of Qi's weight imprinting method can be understood as a Hebbian-like process; (ii) demonstrating that one-shot learning is achievable using only this Hebbian-like process alone with an accuracy ~80% of the original classification. We have termed this streamlined weight imprinting method without backbone modification as “Direct ONE-shot learning” (DONE). Specifically, as shown in Figure 1A, DONE directly transforms the input of the final dense layer (x vector in the figure), which is obtained from a single image belonging to a new class (e.g., a cat), into the corresponding weight vector for this new class (wcat, a row vector in the weight matrix W). This process adds weight vectors for new classes without altering the backbone DNN or the original weight matrix Wori. Additionally, we (iii) found that aligning the single Hebbian-like process more closely with brain mechanisms, specifically through quantile normalization, mitigates the severe interference observed in Qi's method. We then (iv) pinpointed the cause of interference in Qi's method, uncovering a notable distinction between vision transformers and CNNs. Our findings that typical DNNs can facilitate one-shot learning through a simple brain-based process contribute to both neuroscience and practical applications. While it is still uncertain whether this process occurs in the brain, it offers valuable hypotheses for future neuroscience research. At least, this study suggests that one-shot learning is no longer beyond the reach of DNNs.


[image: Figure 1]
FIGURE 1
 Scheme of DONE. (A) The neural activity input of the final dense layer (orange x vector in the original model) obtained from new-class data (an image of a cat) is directly used for the transformation into the new-class vector (orange wcat) in the new weight matrix (W) without any modification to the backbone model. (B) Example of transformation from x to wcat, with actual distribution data when the backbone DNN is EfficientNet-B0. See text for detailed explanation.




2 Weight imprintings and Hebbian interpretation


2.1 Qi's weight imprinting

Weight imprinting, a class-addition method that emerged from the context of metric learning (Qi et al., 2018), does not require any optimization algorithms, making it accessible for users without specialized machine learning knowledge. Here, we detail the specific procedure employed in the previous Qi's method. Consider the final dense layer of a general classification DNN model: typically, the output vector y = (y1, ⋯ , yN) of the final dense layer indicates the likelihood that an image belongs to each of the N classes. It is computed from the input vector x = (x1, ⋯ , xM), the weight matrix W (N×M), and the bias vector b = (b1, ⋯ , bN). For the i-th class (i = 1, 2, ⋯ , N), a scalar yi is calculated using the corresponding weight vector wi = (wi1, ⋯ , wiM) (the i-th row of the W matrix) and the bias scalar bi as follows:

[image: image]

where the cosine similarity, representing the similarity between vectors x and wi irrespective of their magnitudes, is a component of the model's objective function.

The cosine similarity (in Equation 1) reaches its maximum value of one when x and wi are perfectly aligned. Therefore, if an x vector is directly used as the weight vector for a new j-th class wj (j = N+1, ⋯ ), the cosine similarity for the j-th class will be high when another x vector with a similar orientation is presented.

Qi's method employs cosine similarity as the sole metric for its objective function. The procedure involves the following three key modifications to the backbone DNN models:

• Modification 1: Addition of an L2 normalization layer before the final dense layer to transform x into a unit vector, i.e., ||x||2 = 1

• Modification 2: Normalization of all wi vectors to become unit vectors, ensuring ||wi||2 = 1 for all i.

• Modification 3: Elimination of all bias values bi, i.e., b = 0.

Then, the weight imprinting process is defined as follows:

• Weightimprinting: The L2-normalized final-dense-layer input from a new-class image xnew is used as the weight vector for the new class wj, i.e., wj = xnew.

Qi's method is simpler than other one-shot learning methods that require additional optimization. However, it still involves some modifications to the backbone DNN, including changes in the objective function. The appropriateness of such modifications depends on the specific context. Generally, avoiding modifications is advisable when not essential, to prevent unnecessary complications and potential interference with the original classification, given that the backbone DNN is typically already well-optimized for a certain function. Most importantly, in the context of modeling the brain, a simpler approach is often more desirable. Therefore, avoiding modifications is preferable in pursuit of a more brain-like model.

Furthermore, Qi's method does not address the statistical discrepancies between x and wj, which limits the range of applicable backbone DNNs (for more details, see Section 4). While various studies have developed Qi's method further, making it more complex and adaptable (Dhillon et al., 2019; Li et al., 2021; Passalis et al., 2021; Cristovao et al., 2022; Zhu et al., 2022), to the best of our knowledge, none have sought to simplify it or effectively tackle the transformation problem from x to wj.



2.2 Interpretation of weight imprinting via Hebbian theory

A specific process within weight imprinting can be interpreted as a change in synaptic weight according to Hebbian theory. As shown in Figure 1A, in weight imprinting, we can consider that the new weight vector wcat initially emerges from a state of zero, and thus, it is equivalent to its change, i.e., [image: image].

Hebbian theory pertains to the changes in synaptic weight, Δwcat, and posits that a synaptic weight is strengthened when both presynaptic and postsynaptic neurons are active simultaneously. When a single image of a new class (cat) is presented as visual input, certain presynaptic neurons x become active. Simultaneously, the postsynaptic neuron corresponding to the cat becomes active (e.g., ycat = 1), while the postsynaptic neurons for all the i-th original classes remain inactive (yi = 0), given the training image is identified as a cat. According to the general form of the Hebbian rule (Dayan and Abbott, 2001), the change in the weight vector is expressed as Δwcat∝x·ycat, resulting in wcat = Δwcat∝x. Conversely, Δwi = 0 for the other classes since yi = 0. Therefore, the synaptic connections between the active presynaptic neurons and the postsynaptic neuron corresponding to the cat are strengthened, in line with Hebbian theory.

While Hebbian learning may not occur instantaneously in the classical framework of animal brains (Hebb, 1949), it has been shown to actually occur with a small number of spikes (Froemke et al., 2006). In the context of one-shot learning in the brain, it is realistic to assume that multiple spikes could occur in a one-shot event rather than just a single spike. Therefore, incorporating such fast Hebbian processes in one-shot learning scenarios may align with reality.



2.3 Our weight imprinting: direct one-shot learning

Qi's method, which can be interpreted as incorporating a Hebbian-like process as described above, focuses solely on cosine similarity. This focus results in changes to the weights of the original backbone DNN and the elimination of its bias. In contrast, we propose a method named DONE, which incorporates only a single Hebbian-like process, by emulating a brain neural process.

In Figure 1A, considering the distinct dimensions/scales of neural activity and synaptic weight in both real brains (as physical constraints of neurons) and ANNs, directly using x as the new wcat is not realistic. Therefore, converting the statistical properties of neural activity into those of synaptic weight is necessary: wcat = Fx→w(x·ycat). The statistical properties of the new wcat vector should align with those of synaptic weights, i.e., the original weight matrix Wori. Thus, the transformation function Fx→w must incorporate the information of Wori, leading to wcat = F(x, Wori). This approach computationally represents the inherent physical constraints of synapses, regardless of the brain's awareness of such information about Wori.

The procedure of DONE, as shown in Figure 1, consists solely of adding a new-class weight vector wj and a bias scalar bj as follows:
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where F(xnew, Wori) normalizes the final-dense-layer input from the new-class image xnew using the information of original weights (Wori) as the reference distribution. Since information about the bias value for the new class bj is not obtained from the input, the median of the original bias vector [image: image] is adopted as the bias value. Then, it is done.

For the normalization in DONE (in Equation 2), we employed four types of functions to ensure that: (I) the mean values (i.e., the 1st central moment) of both the new and original weights are identical, (II) the variance values (the 2nd central moment) are identical, (III) both the mean and variance values are identical, and (IV) all statistical properties are identical. These four variations are referred to as DONE(I) through DONE(IV).

In considering the brain, a function that results in new weights having statistical properties more similar to those of the original weights is likely to be more realistic. This is because such a function better represents the physical characteristics of synaptic connections. Therefore, the type (IV) function should be the most suitable in this respect.

For applications, it is uncertain whether only the 1st and/or 2nd central moments are sufficient, especially in situations where the 3rd or higher central moments might differ. One of the most straightforward solutions for any situation is to non-parametrically ensure all statistical properties are identical. As explained in the next subsection, the type (IV) function can be implemented using quantile normalization, a non-parametric method. Thus, the type (IV) is one of the methods that does not require any special assumptions for its application and suitable for a wide range of scenarios.

Therefore, in this study, we employed DONE(IV) as the standard method, and unless otherwise specified, the term “DONE” refers exclusively to DONE(IV). In line with the non-parametric approach utilized for the normalization function, we used the median value as the central tendency for the original bias vector (in Equation 3).



2.4 Quantile normalization to better reflect real neural mechanisms

Neural activity and synaptic weight differ in dimensions and scales, and their relationships are typically non-linear in both real brains and ANNs. For instance, Figure 1B—(i) and (ii) illustrate the frequency distributions of neural activity in x and synaptic weight in wi, respectively, showing distinct shapes in an actual DNN. This discrepancy indicates that the general form of the Hebbian process, which is often restricted to linear interactions, cannot adequately capture these non-linear relationships.

We implemented the non-linear relationship using quantile normalization (Amaratunga and Cabrera, 2001; Bolstad et al., 2003), ensuring that the frequency distribution of the new weight vector wj aligns with that of the multiset of typical elements of the original wi vectors ([image: image]), as shown in Figure 1B—(iii). Quantile normalization, a straightforward and standard technique in bioinformatics, effectively facilitates this non-linear scale transformation.

In quantile normalization, each element value in the resulting vector wj is matched with the corresponding value in the reference multiset [image: image]. Specifically, we start by transforming the value of the most active (1st) neuron in xnew to the highest (1st) weight value in [image: image]. This process is then repeated sequentially for the 2nd, 3rd, ⋯ , and M-th most active neurons. As a result, while the ranking of each neuron in xnew is preserved, the value assigned to each rank becomes identical to that in [image: image]. The resultant vector produced through this process is wj. Consequently, all statistical properties of the elements in wj become identical to those in [image: image], i.e., their frequency distributions are the same.

For [image: image], to represent the concept of physical constraints in synaptic connections, we utilized all N×M elements of the flattened Wori. These elements were divided into M groups based on their ranking, and then, the median value of each group of N elements was calculated to form an M-element multiset [image: image]. For instance, in a DNN model like ViT-B/32 (N = 1, 000, M = 768), the highest value in [image: image] is the median of the top 1st to 1,000th elements among the 768,000 elements of Wori, while the lowest value is the median of the 767,001st to 768,000th elements (refer to Supplementary Figure S1 for a comparison with another method to construct the reference multiset).

Note that the use of quantile normalization in this process deviates from the traditional Hebbian form. While the term “Hebbian” is useful for easily conveying its relationship to brain processes, the key aspect is not strictly its adherence to a Hebbian process but rather its representation of a process similar to that of the brain. The Hebbian principle, broadly encapsulating the concept that simultaneous activation of neurons strengthens their synaptic connection, as in a phrase like “neurons that fire together wire together” (Hebb, 1949), is often restricted to a linear form in computational neuroscience for precise definition (Dayan and Abbott, 2001).

According to the precise definition, DONE(I) to DONE(III) are based on a single Hebbian process. Strictly speaking, DONE(IV) does not conform to a traditional Hebbian process. However, we consider DONE(IV) as a Hebbian-like process, which incorporates quantile normalization in line with Hebbian theory for rapid processing. This approach is likely more aligned with reality than the traditional form of the Hebbian process, particularly in the context of modeling a fast Hebbian process through weight imprinting. Regardless, as shown below, one-shot learning without modifying the backbone is feasible using either a single Hebbian or Hebbian-like process.



2.5 Limitations, applications, and negative impacts of DONE

An inherent limitation of DONE is that it requires an ANN model with a dense layer for classification, as previously mentioned. Despite this, DONE is versatile and can be utilized in a wide range of applications involving DNN classifiers, including out-of-distribution detection (Yang et al., 2021). However, there are various potential negative societal impacts associated with such broad applications. For example, immoral classification or discrimination may occur when classifying human-related data, such as facial images, voices, and personal features. It is important to note that while DONE is a weight imprinting method, it does not involve modifications to the backbone models, unlike Qi's method. Furthermore, the new-class weight vectors created by DONE might be less distinguishable from the original weight vectors based on their statistical characteristics, potentially increasing the risk of secretive modifications.




3 Materials and methods


3.1 Backbone DNN models

In this study, we utilized several backbone models, including ViT-B/32 (Dosovitskiy et al., 2020) with “vit-keras” (Morales, 2020), EfficientNet-B0 (Tan and Le, 2019) with “EfficientNet Keras (and TensorFlow Keras)” (Iakubovskii, 2019), InceptionV1 (Szegedy et al., 2015) [as used in (Qi et al., 2018)] with “Trained image classification models for Keras” (Andrews, 2017), ResNet-12 (He et al., 2016) with “tf2cv” (Semery, 2018), ResNet-50 (He et al., 2016), MobileNetV2 (Sandler et al., 2018), and VGG-16 (Simonyan and Zisserman, 2015) with TensorFlow (Abadi et al., 2015). All these models were pre-trained on ImageNet.



3.2 Image datasets

We used CIFAR-100 and CIFAR-10 (Krizhevsky and Hinton, 2009) for additional class data with TensorFlow (Abadi et al., 2015). For transfer learning, we used CIFAR-FS (Bertinetto et al., 2018) with Torchmeta (Deleu et al., 2019). The performance of the models was tested using ImageNet (ILSVRC2012) images (Deng et al., 2009; Russakovsky et al., 2015). We utilized 67 categorizations (Eshed, 2020) of ImageNet 1000 classes for a coarse 10 categorization, as shown in Figure 5A.




4 Results and discussion


4.1 One-class addition by one-shot learning

Initially, in line with our motivation, we evaluated the performance of our method, DONE, when adding a single image from a new class to a DNN model pre-trained with ImageNet's 1,000 classes. It is important to note that in this study, “DONE” specifically refers to “DONE(IV) using quantile normalization,” unless stated otherwise. For backbone DNN models, we primarily employed ViT-B/32 and EfficientNet-B0 as representatives of vision transformer and CNN, respectively. As new additional classes, eight distinct classes, “baby,” “woman,” “man,” “caterpillar,” “cloud,” “forest,” “maple_tree,” and “sunflower,” were selected from CIFAR-100, which are not present in ImageNet (as shown in Figure 2A). The weight parameters for each additional class, wj, were generated from a single image, thus expanding the model to 1,001 classes. To enable stochastic evaluations, 100 different models were constructed, each using a different training image for every additional class.


[image: Figure 2]
FIGURE 2
 One-class addition by one-shot learning. (A) Representative images of the newly-added CIFAR-100 classes (Due to copyright issues, the original images in this figure have been removed. Images available from the corresponding author upon request). Each image was chosen as a representative because the model that learned the image showed the highest, median, and lowest accuracy in each class in (B)—(i). (B) Letter-value plots of top-1 accuracy of the one-class-added models obtained by one-shot learning with DONE in classification of new-class images. The median top-1 accuracy of the new-class classification (black circles), top-1 accuracy in original-class classification (orange circles), and the fraction of the interference with the original-class classification by the newly-added class (blue triangles) are plotted for DONE (closed) and Qi's method (open). Black and orange lines show the mean of the eight closed circles. (C) The relationship between x and w vectors when an image of “Ruddy turnstone” is input and it is miss-classified as “Sunflower” only in the case of Qi's method with EfficientNet-B0. The frequency distributions of elements of each vector are also shown outside the plot frames.


Figure 2B shows the letter-value plots of accuracy for each additional class (chance level 1/1, 001). The mean of the median top-1 accuracy of the eight classes using DONE was 56.5 and 92.1% for ViT-B/32 and EfficientNet-B0, respectively (black line). When the mean accuracy was compared with the accuracy of the ImageNet validation test by the original 1000-class model (orange line: 65 and 69%), the mean with ViT-B/32 showed no significant difference, and the mean of EfficientNet-B0 was significantly greater (one-sample t-test; two-sided with α = 0.05, in all statistical tests in this study). The higher accuracy than the original classes in EfficientNet-B0 is strange, and it is considered that EfficientNet-B0 tends to classify any image belonging to the new class (see below). Thus, the strangely high accuracy does not indicate good performance but rather reflects a potential drawback in interfering with the original image classification.

An obvious fact in one-shot learning is that a bad training image produces a bad performance, for example, the lowest accuracy was 6% in ViT-B/32 when the training image was a baby image, as shown at the bottom left in Figure 2A. However, in practice, a user is supposed to use a representative image for training. Therefore, we believe that the low performance owing to a bad training image is not a significant issue.

We investigated the interference of class addition on the classification performance of the original 1,000 classes. We evaluated the original 1000-class model and eight 1,001-class models that showed the median accuracy using all 50,000 ImageNet validation images (Figure 2B). The difference between the accuracy of the original 1000-class model (orange line) and the mean accuracy of the eight 1,001-class models (orange closed circles) was < 1% (0.004 and 0.664% for ViT-B/32 and EfficientNet-B0, respectively).

Figure 2B also shows the fraction of ImageNet validation images in which the output top-1 answer of the added model was the new class (thus incorrect) in 50,000 images (blue closed triangles; right axis). This interference fraction was low in ViT-B/32, and for example, only two images out of 50,000 were classified as “baby.” When we checked the two images, both images indeed contained a baby, although its class in ImageNet was “Bathtub.” Therefore, the observed interference in ViT-B/32 was not a mistake but just the result of another classification. EfficientNet-B0 showed a significantly greater fraction of interference than ViT-B/32 (Wilcoxon signed-rank test), but we also confirmed that a similar phenomenon occurred, for example, 198 of the 204 ImageNet-validation images classified as “baby” in EfficientNet-B0 contained humans or dolls.

We also compared DONE with Qi's method. Open circles and triangles show the results obtained using Qi's method instead of DONE in the same tests described above. When the backbone model was EfficientNet-B0, the strangely high accuracy (paired sample t-test) and interference fraction (Wilcoxon signed-rank test) were significantly greater by Qi's method than by DONE. In addition, a significant outlier of decreased accuracy in the ImageNet validation test was observed (orange open circle for “Sunflower”; Smirnov–Grubbs test). However, these differences were not significant for ViT-B/32.

To investigate the cause of the difference between DONE and Qi's method, especially regarding the greater interference by Qi's method in EfficientNet-B0, we plotted wSunflower and wRuddy_turnstone against x obtained from an image of “Ruddy turnstone” (Figure 2C). Note that all the vectors here are L2-normalized for comparison, and thus, DONE and Qi's methods have a common wRuddy_turnstone and x. In the case of ViT-B/32, the shapes of the frequency distributions of all these vectors are similar, and wSunflower values of DONE and Qi's method are similar.

On the other hand, in EfficientNet-B0, the shapes of the frequency distributions are more different between wRuddy_turnstone and x than ViT-B/32, and thus, the shapes of frequency distributions are more different between wRuddy_turnstone and wSunflower by Qi's method than by DONE. Then, by Qi's method, x is more similar to wSunflower than wRuddy_turnstone because it is not neural match, but the statistical properties are similar, that is, Qi's method with EfficientNet-B0 tends to classify every image into a new class. This is the basis of the problem owing to the neglect of the differences in statistical properties between neural activity and synaptic weight. Therefore, the difference between DONE and Qi's method appears in the interference when the statistical properties of x and wi vectors in the backbone DNN are different (thus, the results in ViT-B/32 are similar between DONE and Qi's method).



4.2 Multi-class addition and K-shot learning

DONE was able to add a new class as above, but it might just be because the models recognized the new-class images as out-of-distribution data, that is, something else. Therefore, it is necessary to add multiple new similar classes and check their classification. In addition, it is necessary to confirm whether the accuracy increases by increasing the number of training images because in practical uses, users will prepare not just one training image but multiple training images for each class.

Specifically, we used one image from each of the eight classes and added eight new classes to the original 1,000 classes using DONE for one-shot learning. We evaluated this 1008-class model using 100 CIFAR test images for each of the eight classes and 10,000 ImageNet validation images. Figure 3A shows the results of the output of the representative model constructed by one-shot learning, in which one image that showed the median accuracy in Figure 2B was used as a standard training image for each class. In both backbone DNNs, the fraction of output of the correct class was the highest among the 1,008 classes, and the mean top-1 accuracies of the eight classes were 51.8 and 61.1% in ViT-B/32 and EfficientNet-B0, respectively. Therefore, DONE was also able to classify newly added similar classes together with the original classes in both DNNs.


[image: Figure 3]
FIGURE 3
 Multi-class addition and K-shot learning. (A–C) show the results of the 1008-class model constructed by 1, 10, and 100-shot learning, respectively. The horizontal and vertical axes represent the class of the input images and the output class, respectively, with class numbers as shown in Figure 2A. The class [im] comprises the 1,000 classes of ImageNet. (D) Summary of the mean accuracy and the interference with original-class classification by DONE (blue symbols) and Qi's method (orange symbols). Error bars represent the standard deviation of the eight classes.


Next, we increased the number of training images for the K-shot learning. In the case of 10-shot learning (Figure 3B), each of the 10 images was input to obtain each x, and the mean vector of the 10 x vectors was converted into wj, according to Qi's method. For this representative 10-shot model, we used 10 images whose index in CIFAR-100 was from the front to the 10th in each class. We also tested 100-shot learning in the same manner (Figure 3C). We found that such a simple averaging operation steadily improved accuracy (Figure 3D summarizes the mean accuracy).

When we used Qi's method, compared with the case of DONE, ImageNet images were significantly more often categorized to the new classes as interference when the backbone model was EfficientNet-B0 (paired sample t-test), whereas there was no significant difference in the mean accuracy between DONE and Qi's method with both backbone DNNs (Figure 3D). In any case, both DONE and Qi's methods were able to perform one-shot learning that was not simply out-of-distribution detection, with a similar degree of accuracy. However, in interference, there appears to be differences both in weight imprinting methods and backbone DNN models.



4.3 Comparative analysis of various backbone DNNs and weight imprinting methods

We compared the accuracy and interference of the one-shot multi-class addition task using various well-known backbone DNN models and weight imprinting methods. The task was the same as that shown in Figure 3, and the chance level was 1/1, 008.

Figure 4A shows the results of the one-shot learning. In accuracy, there was no statistically significant difference between all weight imprinting methods (Dwass-Steel-Critchlow-Fligner test). As a representative, with DONE(IV), the accuracy was 44, 59, 47, and 55% for ViT-B/32, EfficientNet-B0, VGG-16, and ResNet-50, respectively. These values, averaged over the four DNNs, were ~80% of the accuracy of ImageNet validation test by the original 1000-class model (65, 69, 60, and 62% for ViT-B/32, EfficientNet-B0, VGG-16, and ResNet-50, respectively).
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FIGURE 4
 Comparative analysis of various backbone DNNs and weight imprinting methods in 1-shot and 10-shot 8 class addition tasks. (A) 1-shot class addition. For each of the eight classes, one training image was randomly selected. This procedure was replicated 10 times, and the mean value is displayed in a bar graph. Error bars represent the 95% confidence intervals. (B) 10-shot class addition. This test was conducted similarly to the one-shot class addition task, with 10 images per class used for training.


Regarding interference, the profiles for the four backbone DNNs were different depending on the weight imprinting methods. There was no statistically significant difference between DONE(III) and DONE(IV) and between DONE(II) and Qi's method, and there were significant differences between all the other combinations (Dwass-Steel-Critchlow-Fligner test). The difference between DONE(I), (II), and (III) showed that the normalization with both the mean and variance, i.e., 1st and 2nd central moments, was required to avoid the large interference. The similarity between DONE(III) and DONE(IV) suggested that the normalization with 3rd or higher central moments did not provide a significant effect on the interference, at least in this case. The results of 10-shot learning showed a similar trend as 1-shot learning, but the accuracy values were greater (Figure 4B).

For practical applications, DONE(III) and DONE(IV) each have opposite advantages. Since the normalization of DONE(III) is linear, the new wj distribution retains the shape of the distribution of x. This method would not require any special assumptions as it utilizes the distribution of x directly. Conversely, in DONE(IV), the normalization is non-linear, and the new wj distribution non-parametrically retains the shape of the original Wori distributions. This method also does not require special assumptions, as it employs the original distribution of Wori non-parametrically. Therefore, in actual applications, whether to use DONE(III) or DONE(IV) depends on whether the distribution of x or Wori is more suitable for the new wj vector, respectively.

The interference observed with Qi's method was substantial enough to pose a severe problem in practical applications. For example, in ResNet-50, most (75%) of the original-class ImageNet images were misclassified into new classes. This severe interference might explain why the previous weight imprinting method has not been widely adopted, despite its promising properties for one-shot class addition. DONE(III) and DONE(IV) significantly reduced interference to less than one-tenth (7.4 and 6.0%, respectively).

It is understandable that there was no significant difference between DONE(II) and Qi's method. Qi's method uses L2 normalization for both x and all w vectors. Thus, all new wj vectors and original wi vectors have the identical 2nd moments. DONE(II) normalizes new wj vectors so that the 2nd central moments are the same as the original Wori matrix. Therefore, both methods have normalized the scale but not the average value.

Focusing on the metric of cosine similarity, it is understandable that normalization of the average value should be ignored. However, in the case of weight imprinting, normalization of the average value is important, as well as the scales. For example, consider an extreme case where all values of the x vector are positive, and the values of w vectors include positive and negative values with the mean value of zero. If we adopt the x vector as a new wj vector without normalizing the average value, all values of this new wj vector become positive. All values of Hadamard product x°wj become positive, and the dot product x·wj and the cosine similarity, when L2 normalized, would tend to become a larger value for the new class than the other original classes. As a result, without normalization with the average value, the interference with the original classes by the new class tends to be large when the average values are different between x and wi vectors.

The cause of this interference is considered to be the difference in the shapes of the frequency distributions of x and wi. As far as we tested (Supplementary Figure S2), in all two vision transformers and six CNNs, wi had a bell-shaped distribution with an average value of approximately zero. On the other hand, for x, two vision transformers had also bell-shaped distributions with average values of approximately zero, while all six CNNs had right-tailed distributions. In particular, among the three CNNs tested in Figure 4, EfficientNet-B0 had negative values in x vectors with a small positive average value, but the values of x vectors in VGG-16 and ResNet-50 were all greater than or equal to zero, which was consistent with the above explanation.

Although it is not clear why only the distribution of x in vision transformers is bell-shaped, vision transformers are known to uniformly acquire information from the entire input through patch division and self-attention, integrating extensive input information and maintaining more uniform representations across all layers (Dosovitskiy et al., 2020; Naseer et al., 2021; Raghu et al., 2021). These characteristics are different from CNNs, where specific neurons tend to respond strongly to specific local patterns due to convolution, leading to more robust features against inputs in vision transformers (Cordonnier et al., 2020; Fort et al., 2021). Such difference between locality and extensive coverage would be related to the difference between right-tailed and bell-shaped distributions of x.

The bell-shaped distributions of the neural activity x in vision transformers do not deviate from the situation in the brain. In ANNs, values representing neural activity are often zero or positive numbers to represent the spikes. It would be a natural assumption that the frequency distribution is right-tailed for the neural activity. However, at least x here is the value of the final-dense-layer input of DNNs. The final-dense-layer input can be considered to correspond to the higher visual cortex in the brain (Tsunoda et al., 2001; Yamins et al., 2014). Therefore, rather than the activity of each neuron, it is considered to represent the activity of a cluster made up of multiple neurons. Therefore, from the central limit theorem, it is not inconsistent with the situation in the brain that the distribution is expressed more like a normal distribution than a right-tailed distribution.



4.4 Principal component analysis of weight vectors

Qi's method showed greater interference in the classification of original-class images than DONE when the backbone DNN was EfficientNet-B0. Moreover, even with DONE, EfficientNet-B0 showed greater interference than ViT-B/32 and strangely high accuracy in the 1,001-class model, even though DONE did not change the weights for the original classes and transformed the new-class weights so that the statistical properties were the same as those of the original-class weights. Therefore, there should be at least two reasons for the results observed with EfficientNet-B0.

To investigate these reasons, we analyzed the W matrix (wi and wj vectors) of the one-shot 1008-class models, as shown in Figure 3A (and the corresponding models by Qi's method), using principal component analysis (PCA; Figure 5).
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FIGURE 5
 Principal component analysis of weight vectors. This figure shows PCA of each wi and wj vector in the one-shot 1008-class models as shown in Figure 3A. Different colors represent a coarse 10 categorization of the original classes for wi. Additionally, 100 wj vectors, obtained by inputting 100 different ImageNet images, are also shown to illustrate the distribution of new-class vectors. The DNN models and weight imprinting methods used were: (A) ViT-B/32 and DONE, (B) EfficientNet-B0 and DONE, (C) EfficientNet-B0 and Qi's method.


In ViT-B/32 with DONE (Figure 5A, Qi's methods showed similar results, see Supplementary Figure S3); newly added wj vectors (black circles, with the ID number of newly-added eight classes) were comparable to those of the original classes wi (colored circles). For example, wj vector of a new class “caterpillar (3 in Figure 5A)” was near wi of original “invertebrate” classes. In addition, even when we obtained wj by inputting ImageNet images (red crosses; validation ID from the front to the 100th), the ImageNet wj vectors were distributed within a similar range.

In EfficientNet-B0 with DONE (Figure 5B), most of the newly-added 8-class wj (black circles) were out of the distribution (meaning out of minimal bounding ellipsoid) of wi of the original 1,000 classes. On the other hand, most of the ImageNet wj (red crosses) were inside the distribution of wi. Similar results were obtained with DONE(III) (Supplementary Figure S3). Therefore, in the case of DONE, the main reason for the observed interference and the strangely high accuracy in EfficientNet-B0 compared with ViT-B/32 is considered to be the difference between the characteristics of image data in ImageNet and CIFAR datasets. These results are consistent with known facts that ViT-B/32 is considered to be better at predictive uncertainty estimation (Guo et al., 2017; Minderer et al., 2021), more robust to input perturbations (Bhojanapalli et al., 2021), and more suitable for out-of-distribution detections (Fort et al., 2021) than CNNs.

In EfficientNet-B0 with Qi's method (Figure 5C), most of the 8-class wj (black circles) and ImageNet wj (red crosses) were out of the distribution of wi of the original 1,000 classes. The difference in the distributions between the original wi and ImageNet wj was considered to indicate the difference in the mean values of x and wi vectors in EfficientNet-B0.

In the case of 100-shot learning (the terminal points of the gray arrows, as shown in Figure 5), wj moved away from the cluster of the original wi in all three cases, although their performance was better than that of the 1-shot learning. Therefore, 100-shot wj vectors were considered to work somehow in a different way from the original wi vectors.



4.5 Few-shot learning in transfer learning context

In terms of practical application, DONE is a method for few-shot class addition tasks, not for few-shot transfer learning. However, transfer learning with DONE is convenient for the evaluation of DNNs because the performance is uniquely determined by the backbone DNN without any randomness. We examined the 5-way (five classes) 1-shot task of CIFAR-FS, which is a type of standard task in 1-shot classification. Specifically, we used each single image in five out of 100 classes of CIFAR-100 to construct a model and evaluated the model using 15 images in each class. The combination of the five classes (and the corresponding training images) was randomly changed 100 times (Figure 6A). In addition, 5-way 5-shot tasks were tested in a similar manner (Figure 6B).
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FIGURE 6
 Five-way 1-shot (A) and 5-shot (B) classification accuracy on CIFAR-FS with various backbone DNNs. Error bars indicate the standard error. Asterisks indicate significant differences between DONE and Qi's method (Dwass-Steel-Critchlow-Fligner test).


We found that ViT-B/32 significantly outperformed the other DNNs under all conditions (Dwass-Steel-Critchlow-Fligner test). In class addition tasks, there are at least two important performance indexes, accuracy and interference, but in transfer learning, only accuracy is evaluated. In this sense, it might be suitable for directly comparing the performance of backbone DNNs models.

There was not much difference between the DONE and Qi's methods, but DONE was significantly better than Qi's method with a CNN model (InceptionV1) and was never significantly worse. The reason for this small difference is not clear, but since the differences between two methods here are only in the weight distribution, the bell shape might be better than the right-tailed for the weight distribution. This is consistent with the fact that the weight distribution was bell-shaped in all DNNs, including vision transformers and CNNs (Supplementary Figure S2).

Figure 6 also clearly shows how much other state-of-the-art 1-shot learning methods, with additional optimization (methods in the study by Bendou et al., 2022; Zhang et al., 2022), outperform DONE, as the baseline without optimization, in the same test with a common backbone DNN (ResNet-12). Basically, the performance of DONE should be at the bottom in transfer learning, and transfer learning is not a practical application task for DONE (the accuracy was similar to SDG, stochastic gradient descent, one of the simplest optimizers; Supplementary Figure S4). However, it may be used as a baseline for few-shot learning methods in transfer learning or learning from scratch, i.e., to quantify how much better than DONE because DONE does not include any randomness.




5 Conclusion

In this study, we investigated a brain-inspired method for one-shot class addition tasks in vision to understand the brain's 1-shot learning and develop a practical application method. We introduced a novel Hebbian interpretation for weight imprinting methods and demonstrated that a single fast Hebbian/Hebbian-like process can enable pre-trained DNNs to perform 1-shot class addition without any modification to the backbone DNNs. The accuracy of the newly added eight classes was ~80% of the accuracy of the original 1,000 classes in a 1008-way classification task, on average of using well-known DNNs: ViT-B/32, EfficientNet-B0, VGG-16, and ResNet-50. Our weight imprinting method, DONE(III) with linear normalization for 1st and 2nd central moments and DONE(IV) with non-linear non-parametric quantile normalization, significantly decreased the severe interference observed in the previous Qi's method. For example, Qi's method misclassified 75% of original-class images into newly added classes with ResNet-50, DONE(III), and DONE(IV) that reduced the interference to less than one-tenth. The primary cause of the interference was identified as the difference in the statistical characteristics between neural activity and synaptic weight, which was evident in CNNs but not in vision transformers. The advantages of DONE as a practical application method over Qi's weight imprinting method are (i) a simpler procedure, (ii) no backbone modification, and (iii) minimal interference with original classification. Moreover, DONE as a weight imprinting method offers (iv) no need for optimization, parameters, hyperparameters, or randomness, making it replicable for any user. As the performance of DONE is entirely dependent on the backbone DNNs, and with the ongoing development of DNNs, the range of tasks achievable with DONE in practice will continue to grow. Furthermore, in the current situation where fast Hebbian plasticity is a hot topic in neuroscience, demonstrating that a single fast Hebbian/Hebbian-like process can enable 1-shot learning in DNNs in this study which would be a significant contribution to understanding brain 1-shot learning.



Data availability statement

Publicly available datasets were analyzed in this study. This data can be found here: CIFAR (https://www.cs.toronto.edu/~kriz/cifar.html). Most of the results in this study are based on ImageNet, which does not own the copyright of the images. Therefore, we have uploaded the core part of the code for our method, excluding the ImageNet data, to the following URL on GitHub (hosodakazufumi_tfdone_2022): [https://github.com/hosodakazufumi/tfdone].



Author contributions

KH: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing—original draft, Writing—review & editing. KN: Data curation, Formal analysis, Methodology, Writing—review & editing. SS: Conceptualization, Supervision, Writing—review & editing. TM: Conceptualization, Supervision, Writing—review & editing. HK: Conceptualization, Project administration, Supervision, Writing—review & editing. IO: Conceptualization, Investigation, Project administration, Supervision, Writing—review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was supported in part by MIC under a grant entitled “R&D of ICT Priority Technology (JPMI00316)” and JSPS KAKENHI Grant Number JP20H05533.



Acknowledgments

The authors thank Toshio Yanagida, Toshiyuki Kanoh, Kunihiko Kaneko, Tsutomu Murata, Tetsuya Shimokawa, Chanseok Lim, Kei Watanabe, and Yosuke Shinya for their helpful advice and discussion.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2024.1344114/full#supplementary-material



References

 Abadi, M., Agarwal, A., Barham, P., Brevdo, E., Chen, Z., Citro, C., et al. (2015). TensorFlow: Large-Scale Machine Learning on Heterogeneous Systems. Available online at: https://www.tensorflow.org/

 Achterberg, J., Kadohisa, M., Watanabe, K., Kusunoki, M., Buckley, M. J., and Duncan, J. (2022). A one-shot shift from explore to exploit in monkey prefrontal cortex. J. Neurosci. 42, 276–287 doi: 10.1523/JNEUROSCI.1338-21.2021

 Amaratunga, D., and Cabrera, J. (2001). Analysis of data from viral DNA microchips. J. Am. Stat. Assoc. 96, 1161–1170. doi: 10.1198/016214501753381814

 Andrews, M. (2017). Trained Image Classification Models for Keras. Available online at: https://github.com/mdda/deep-learning-models (accessed May 19, 2022).

 Andrychowicz, M., Denil, M., Gomez, S., Hoffman, M. W., Pfau, D., Schaul, T., et al. (2016). “Learning to learn by gradient descent by gradient descent,” in Advances in Neural Information Processing Systems, Vol. 29 (Curran Associates, Inc.). Available online at: https://proceedings.neurips.cc/paper/2016/hash/fb87582825f9d28a8d42c5e5e5e8b23d-Abstract.html

 Bendou, Y., Hu, Y., Lafargue, R., Lioi, G., Pasdeloup, B., Pateux, S., et al. (2022). EASY: ensemble augmented-shot Y-shaped learning: state-of-the-art few-shot classification with simple ingredients. arXiv:2201.09699. doi: 10.3390/jimaging8070179

 Bertinetto, L., Henriques, J. F., Torr, P., and Vedaldi, A. (2018). “Meta-learning with differentiable closed-form solvers,” in International Conference on Learning Representations.

 Bhojanapalli, S., Chakrabarti, A., Glasner, D., Li, D., Unterthiner, T., and Veit, A. (2021). “Understanding robustness of transformers for image classification,” in Proceedings of the IEEE/CVF International Conference on Computer Vision, 10231–10241. Available online at: https://openaccess.thecvf.com/content/ICCV2021/html/Bhojanapalli_Understanding_Robustness_of_Transformers_for_Image_Classification_ICCV_2021_paper.html

 Bolstad, B., Irizarry, R., Astrand, M., and Speed, T. (2003). A comparison of normalization methods for high density oligonucleotide array data based on variance and bias. Bioinformatics 19, 185–193. doi: 10.1093/bioinformatics/19.2.185

 Brea, J., and Gerstner, W. (2016). Does computational neuroscience need new synaptic learning paradigms? Curr. Opin. Behav. Sci. 11, 61–66. doi: 10.1016/j.cobeha.2016.05.012

 Cordonnier, J.-B., Loukas, A., and Jaggi, M. (2020). “On the relationship between self-attention and convolutional layers,” in 8th International Conference on Learning Representations, ICLR 2020 (Addis Ababa). OpenReview.net.

 Cowley, H. P., Natter, M., Gray-Roncal, K., Rhodes, R. E., Johnson, E. C., Drenkow, N., et al. (2022). A framework for rigorous evaluation of human performance in human and machine learning comparison studies. Sci. Rep. 12:5444. doi: 10.1038/s41598-022-08078-3

 Cristovao, P., Nakada, H., Tanimura, Y., and Asoh, H. (2022). “Few shot model based on weight imprinting with multiple projection head,” in 2022 16th International Conference on Ubiquitous Information Management and Communication (IMCOM), 1–7. doi: 10.1109/IMCOM53663.2022.9721726

 Dayan, P., and Abbott, L. F. (2001). Theoretical Neuroscience: Computational and Mathematical Modeling of Neural Systems. Cambridge, MA: Massachusetts Institute of Technology Press.

 Deleu, T., Wurfl, T., Samiei, M., Cohen, J. P., and Bengio, Y. (2019). Torchmeta: a meta-learning library for PyTorch. arXiv:1909.06576. doi: 10.48550/arXiv.1909.06576

 Deng, J., Dong, W., Socher, R., Li, L.-J., Li, K., and Fei-Fei, L. (2009). “Imagenet: a large-scale hierarchical image database,” in 2009 IEEE Conference on Computer Vision and Pattern Recognition (IEEE), 248–255.

 Dhillon, G. S., Chaudhari, P., Ravichandran, A., and Soatto, S. (2019). “A baseline for few-shot image classification,” in International Conference on Learning Representations. Available online at: https://openreview.net/forum?id=rylXBkrYDS

 Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner, T., et al. (2020). “An image is worth 16x16 words: transformers for image recognition at scale,” in International Conference on Learning Representations. Available online at: https://openreview.net/forum?id=YicbFdNTTy

 Emberly, E., and Seamans, J. K. (2020). Abrupt, asynchronous changes in action representations by anterior cingulate cortex neurons during trial and error learning. Cereb. Cortex 30, 4336–4345. doi: 10.1093/cercor/bhaa019

 Eshed, N. (2020). Novelty Detection and Analysis in Convolutional Neural Networks. Cornell Theses and Dissertations. doi: 10.7298/7273-6v18

 Fei-Fei, L., Fergus, R., and Perona, P. (2006). One-shot learning of object categories. IEEE Trans. Pattern Anal. Mach. Intell. 28, 594–611. doi: 10.1109/TPAMI.2006.79

 Finn, C., Abbeel, P., and Levine, S. (2017). “Model-agnostic meta-learning for fast adaptation of deep networks,” in Proceedings of the 34th International Conference on Machine Learning (PMLR), 1126–1135. Available online at: https://proceedings.mlr.press/v70/finn17a.html

 Fort, S., Ren, J., and Lakshminarayanan, B. (2021). “Exploring the limits of out-of-distribution detection,” Advances in Neural Information Processing Systems, Vol. 34 (Curran Associates, Inc.), 7068–7081. Available online at: https://proceedings.neurips.cc/paper/2021/hash/3941c4358616274ac2436eacf67fae05-Abstract.html

 Friston, K. (2010). The free-energy principle: a unified brain theory? Nat. Rev. Neurosci. 11, 127–138. doi: 10.1038/nrn2787

 Froemke, R. C., Tsay, I. A., Raad, M., Long, J. D., and Dan, Y. (2006). Contribution of individual spikes in burst-induced long-term synaptic modification. J. Neurophysiol. 95, 1620–1629. doi: 10.1152/jn.00910.2005

 Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., et al. (2014). “Generative adversarial nets,” in Advances in Neural Information Processing Systems, Vol. 27 (Curran Associates, Inc.). Available online at: https://proceedings.neurips.cc/paper/2014/hash/5ca3e9b122f61f8f06494c97b1afccf3-Abstract.html

 Guo, C., Pleiss, G., Sun, Y., and Weinberger, K. Q. (2017). “On calibration of modern neural networks,” in Proceedings of the 34th International Conference on Machine Learning (PMLR), 1321–1330. Available online at: https://proceedings.mlr.press/v70/guo17a.html

 He, K., Zhang, X., Ren, S., and Sun, J. (2016). “Deep residual learning for image recognition,” in 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR) (IEEE Computer Society), 770–778. doi: 10.1109/CVPR.2016.90

 Hebb, D. O. (1949). The Organization of Behavior; a Neuropsychological Theory. The Organization of Behavior; a Neuropsychological Theory. Oxford: Wiley, xix 335.

 Hebscher, M., Wing, E., Ryan, J., and Gilboa, A. (2019). Rapid cortical plasticity supports long-term memory formation. Trends Cogn. Sci. 23, 989–1002. doi: 10.1016/j.tics.2019.09.009

 Huisman, M., van Rijn, J. N., and Plaat, A. (2021). A survey of deep meta-learning. Artif. Intell. Rev. 54, 4483–4541. doi: 10.1007/s10462-021-10004-4

 Iakubovskii, P. (2019). EfficientNet Keras (and TensorFlow Keras). Available online at: https://github.com/qubvel/efficientnet (accessed April 22, 2022).

 Kaya, M., and Bilge, H. S. (2019). Deep metric learning: a survey. Symmetry 11:1066. doi: 10.3390/sym11091066

 Kesteren, M. T. R.v, Ruiter, D. J., Fernandez, G., and Henson, R. N. (2012). How schema and novelty augment memory formation. Trends Neurosci. 35, 211–219. doi: 10.1016/j.tins.2012.02.001

 Khan, M., Srivatsa, P., Rane, A., Chenniappa, S., Hazariwala, A., and Maes, P. (2021). Personalizing pre-trained models. arXiv:2106.01499 [cs]. Available online at: http://arxiv.org/abs/2106.01499

 Krizhevsky, A., and Hinton, G. (2009). Learning Multiple Layers of Features From Tiny Images. Citeseer.

 Lake, B. M., Salakhutdinov, R., and Tenenbaum, J. B. (2015). Human-level concept learning through probabilistic program induction. Science 350, 1332–1338. doi: 10.1126/science.aab3050

 Lake, B. M., Ullman, T. D., Tenenbaum, J. B., and Gershman, S. J. (2017). Building machines that learn and think like people. Behav. Brain Sci. 40:e253. doi: 10.1017/S0140525X16001837

 Lakshminarayanan, B., Pritzel, A., and Blundell, C. (2017). “Simple and scalable predictive uncertainty estimation using deep ensembles,” in Advances in Neural Information Processing Systems, Vol. 30 (Curran Associates, Inc.). Available online at: https://proceedings.neurips.cc/paper/2017/hash/9ef2ed4b7fd2c810847ffa5fa85bce38-Abstract.html

 Lansner, A., Fiebig, F., and Herman, P. (2023). Fast Hebbian plasticity and working memory. Curr. Opin. Neurobiol. 83:102809. doi: 10.1016/j.conb.2023.102809

 Lee, S. W., O'Doherty, J. P., and Shimojo, S. (2015). Neural computations mediating one-shot learning in the human brain. PLoS Biol. 13:e1002137. doi: 10.1371/journal.pbio.1002137

 Li, Y., Zhu, H., Ma, J., Tian, S., Teo, C. S., Xiang, C., et al. (2021). “Classification weight imprinting for data efficient object detection,” in 2021 IEEE 30th International Symposium on Industrial Electronics (ISIE), 1–5. doi: 10.1109/ISIE45552.2021.9576432

 McClelland, J. L., McNaughton, B. L., and O'Reilly, R. C. (1995). Why there are complementary learning systems in the hippocampus and neocortex: insights from the successes and failures of connectionist models of learning and memory. Psychol. Rev. 102, 419–457. doi: 10.1037//0033-295X.102.3.419

 McCloskey, M., and Cohen, N. J. (1989). “Catastrophic interference in connectionist networks: the sequential learning problem,” in Psychology of Learning and Motivation, Vol. 24, ed. G. H. Bower, 109–165. doi: 10.1016/S0079-7421(08)60536-8

 McCulloch, W. S., and Pitts, W. (1943). A logical calculus of the ideas immanent in nervous activity. Bull. Math. Biophys. 5, 115–133. doi: 10.1007/BF02478259

 Minderer, M., Djolonga, J., Romijnders, R., Hubis, F., Zhai, X., Houlsby, N., et al. (2021). Revisiting the calibration of modern neural networks. Adv. Neural Inf Process. Syst. 34, 15682–15694. Available online at: https://papers.nips.cc/paper/2021/hash/8420d359404024567b5aefda1231af24-Abstract.html

 Morales, F. (2020). vit-keras. Available online at: https://github.com/faustomorales/vit-keras (accessed April 22, 2022).

 Munkhdalai, T., and Trischler, A. (2018). Metalearning with Hebbian fast weights. arXiv:1807.05076 [cs, stat]. doi: 10.48550/arXiv.1807.05076

 Naseer, M., Ranasinghe, K., Khan, S., Hayat, M., Khan, F. S., and Yang, M.-H. (2021). Intriguing properties of vision transformers. arXiv:2105.10497 [cs]. doi: 10.48550/arXiv.2105.10497

 Passalis, N., Iosifidis, A., Gabbouj, M., and Tefas, A. (2021). Hypersphere-based weight imprinting for few-shot learning on embedded devices. IEEE Transact. Neural Netw. Learn. Syst. 32, 925–930. doi: 10.1109/TNNLS.2020.2979745

 Piette, C., Touboul, J., and Venance, L. (2020). Engrams of fast learning. Front. Cell. Neurosci. 14:575915. doi: 10.3389/fncel.2020.575915

 Preston, A. R., and Eichenbaum, H. (2013). Interplay of hippocampus and prefrontal cortex in memory. Curr. Biol. 23:R764. doi: 10.1016/j.cub.2013.05.041

 Qi, H., Brown, M., and Lowe, D. G. (2018). “Low-shot learning with imprinted weights,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 5822–5830. Available online at: https://openaccess.thecvf.com/content_cvpr_2018/html/Qi_Low-Shot_Learning_With_CVPR_2018_paper.html

 Raghu, M., Unterthiner, T., Kornblith, S., Zhang, C., and Dosovitskiy, A. (2021). “Do vision transformers see like convolutional neural networks?” in Advances in Neural Information Processing Systems (Curran Associates, Inc.), 12116–12128.

 Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S., Ma, S., et al. (2015). ImageNet large scale visual recognition challenge. arXiv:1409.0575. doi: 10.1007/s11263-015-0816-y

 Sandler, M., Howard, A., Zhu, M., Zhmoginov, A., and Chen, L.-C. (2018). “MobileNetV2: inverted residuals and linear bottlenecks,” in 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition (Salt Lake City, UT: IEEE), 4510–4520.

 Schwartz, E., Karlinsky, L., Shtok, J., Harary, S., Marder, M., Kumar, A., et al. (2018). “Delta-encoder: an effective sample synthesis method for few-shot object recognition,” in Advances in Neural Information Processing Systems, Vol. 31 (Curran Associates, Inc.). Available online at: https://proceedings.neurips.cc/paper/2018/hash/1714726c817af50457d810aae9d27a2e-Abstract.html

 Semery, O. (2018). tf2cv: Image Classification Models for TensorFlow 2.0. Available online at: https://github.com/osmr/imgclsmob (accessed September 16, 2022).

 Simonyan, K., and Zisserman, A. (2015). “Very deep convolutional networks for large-scale image recognition,” in 3rd International Conference on Learning Representations, ICLR 2015, Conference Track Proceedings, eds. Y. Bengio, and Y. LeCun (San Diego, CA).

 Smolensky, P. (1990). Tensor product variable binding and the representation of symbolic structures in connectionist systems. Artif. Intell. 46, 159–216. doi: 10.1016/0004-3702(90)90007-M

 Snell, J., Swersky, K., and Zemel, R. (2017). “Prototypical networks for few-shot learning,” in Advances in Neural Information Processing Systems, Vol. 30 (Curran Associates, Inc.). Available online at: https://proceedings.neurips.cc/paper/2017/hash/cb8da6767461f2812ae4290eac7cbc42-Abstract.html

 Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., et al. (2015). “Going deeper with convolutions,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 1–9. Available online at: https://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Szegedy_Going_Deeper_With_2015_CVPR_paper.html

 Tan, M., and Le, Q. (2019). “EfficientNet: rethinking model scaling for convolutional neural networks,” in Proceedings of the 36th International Conference on Machine Learning (PMLR), 6105–6114. Available online at: https://proceedings.mlr.press/v97/tan19a.html

 Tse, D., Takeuchi, T., Kakeyama, M., Kajii, Y., Okuno, H., Tohyama, C., et al. (2011). Schema-dependent gene activation and memory encoding in neocortex. Science 333, 891–895. doi: 10.1126/science.1205274

 Tsunoda, K., Yamane, Y., Nishizaki, M., and Tanifuji, M. (2001). Complex objects are represented in macaque inferotemporal cortex by the combination of feature columns. Nat. Neurosci. 4, 832–838. doi: 10.1038/90547

 Vinyals, O., Blundell, C., Lillicrap, T., Kavukcuoglu, K., and Wierstra, D. (2016). “Matching networks for one shot learning,” in Advances in Neural Information Processing Systems, Vol. 29 (Curran Associates, Inc.). Available online at: https://papers.nips.cc/paper/2016/hash/90e1357833654983612fb05e3ec9148c-Abstract.html

 Wang, J. X., Kurth-Nelson, Z., Kumaran, D., Tirumala, D., Soyer, H., Leibo, J. Z., et al. (2018). Prefrontal cortex as a meta-reinforcement learning system. Nat. Neurosci. 21, 860–868. doi: 10.1038/s41593-018-0147-8

 Weaver, J. (2015). How one-shot learning unfolds in the brain. PLoS Biol. 13:e1002138. doi: 10.1371/journal.pbio.1002138

 Weinberger, K. Q., and Saul, L. K. (2009). Distance metric learning for large margin nearest neighbor classification. J. Mach. Learn. Res. 10, 207–244.

 Yamins, D. L. K., Hong, H., Cadieu, C. F., Solomon, E. A., Seibert, D., and DiCarlo, J. J. (2014). Performance-optimized hierarchical models predict neural responses in higher visual cortex. Proc. Nat. Acad. Sci. U. S. A. 111, 8619–8624. doi: 10.1073/pnas.1403112111

 Yang, J., Zhou, K., Li, Y., and Liu, Z. (2021). Generalized out-of-distribution detection: a survey. arXiv:2110.11334. Available online at: http://arxiv.org/abs/2110.11334

 Zhang, B., Ye, H., Yu, G., Wang, B., Wu, Y., Fan, J., et al. (2022). Sample-centric feature generation for semi-supervised few-shot learning. IEEE Transact. Image Process. 31, 2309–2320. doi: 10.1109/TIP.2022.3154938

 Zhu, H., Li, X., Chen, W., Li, X., Ma, J., Teo, C. S., et al. (2022). Weight imprinting classification-based force grasping with a variable-stiffness robotic gripper. IEEE Transact. Automat. Sci. Eng. 19, 969–981. doi: 10.1109/TASE.2021.3054655

Copyright
 © 2024 Hosoda, Nishida, Seno, Mashita, Kashioka and Ohzawa. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/inline_6.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		A single fast Hebbian-like process enabling one-shot class addition in deep neural networks without backbone modification



		1 Introduction



		2 Weight imprintings and Hebbian interpretation



		2.1 Qi's weight imprinting



		2.2 Interpretation of weight imprinting via Hebbian theory



		2.3 Our weight imprinting: direct one-shot learning



		2.4 Quantile normalization to better reflect real neural mechanisms



		2.5 Limitations, applications, and negative impacts of DONE







		3 Materials and methods



		3.1 Backbone DNN models



		3.2 Image datasets







		4 Results and discussion



		4.1 One-class addition by one-shot learning



		4.2 Multi-class addition and K-shot learning



		4.3 Comparative analysis of various backbone DNNs and weight imprinting methods



		4.4 Principal component analysis of weight vectors



		4.5 Few-shot learning in transfer learning context







		5 Conclusion



		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/inline_5.gif





OPS/images/inline_8.gif





OPS/images/inline_7.gif





OPS/images/inline_4.gif





OPS/images/inline_3.gif











OPS/images/crossmark.jpg
©

|






OPS/images/logo.jpg
& frontiers | Frontiers in Neuroscience







OPS/images/fnins-18-1344114-g005.gif





OPS/images/fnins-18-1344114-g006.gif
L Sy t.shot csssiicason. Sy Ssnot cassiicaton






OPS/images/fnins-18-1344114-g003.gif
ST
Simow

Frrirait

S

i
Siom

EREEREREC
Siimw

< FrEiTE

ovren

i

T b

BEEISTEREE
s

Closs of input images.





OPS/images/fnins-18-1344114-g004.gif
§EeFR°§EEF R0

§iivacgEseA°





OPS/images/inline_2.gif





OPS/images/inline_1.gif
Wy = 0+hw, = howy





OPS/images/inline_10.gif





OPS/images/cover.jpg
& frontiers | Frontiers in Neuroscience

A single fast Hebbian-like
process enabling one-shot class
addition in deep neural networks

without backbone modification





OPS/images/fnins-18-1344114-g001.gif





OPS/images/fnins-18-1344114-g002.gif





OPS/images/math_1.gif





OPS/images/inline_9.gif





OPS/images/math_3.gif
(3)





OPS/images/math_2.gif





