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(a) Original Image (b) Guided Backprop ‘Cat’ (c) Grad-CAM ‘Cat’ (d) Guided Grad-CAM ‘Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’

(g) Original Image (h) Guided Backprop ‘Dog’ (i) Grad-CAM ‘Dog’ (j) Guided Grad-CAM ‘Dog’ (k) Occlusion map for ‘Dog’ (l) ResNet Grad-CAM ‘Dog’
Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.

(a) Original Image (b) Guided Backprop ‘Cat’ (c) Grad-CAM ‘Cat’ (d) Guided Grad-CAM ‘Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
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the model justifying a predicted class should be (a) class-
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and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).
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As a result, important regions of the image which correspond
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detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
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tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
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unreasonable predictions have reasonable explanations. For
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what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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and (b) high-resolution (i.e. capture fine-grained detail).
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the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.

"cat"predict

explain



a human-centered approach
Interpretability

2

• Local interpretability: explain specific model predictions

• Typical approach: design and evaluate explanations based on abstract principles

Abstract Principles

(perturbation, axioms, 

robustness, etc)

Human Context

(usability, cognition, 

soc. implication, etc)

many current methods

(a) Original Image (b) Guided Backprop ‘Cat’ (c) Grad-CAM ‘Cat’ (d) Guided Grad-CAM ‘Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’

(g) Original Image (h) Guided Backprop ‘Dog’ (i) Grad-CAM ‘Dog’ (j) Guided Grad-CAM ‘Dog’ (k) Occlusion map for ‘Dog’ (l) ResNet Grad-CAM ‘Dog’
Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
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modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
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modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
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As a result, important regions of the image which correspond
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detail even if the image contains evidence for multiple possi-
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modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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• Contrastive                                                           
[van Fraassen, 1988; Lipton, 1990] 

• Factual and counterfactual                                   
[van Fraassen, 1988]

• Sequences of simple statements                             
[Hempel, 1962]

Machine Explanation
(as typically done in ML interpretability)

• Absolute, non-contrastive

• Only factual

• Monolithic (one-shot)
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In ML context:         hypothesis = model prediction (e.g., ),                  evidence = input features ( ) y = "dog" x
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• WoE traditionally used in simple settings (binary classification, few features)

• Challenge: how to extend (and maintain interpretability) in ML settings, e.g.:

high-dimensional inputs

 multi-class classification

grouped explanations: 

explain in terms of aggregated 'atoms' 

e.g., groups of features

sequential explanations: 

break up explanation into sequence 


of contrastive comparisons  

Ref.: Nature 507, 315–322 (20 March 2014) doi:10.1038/nature12965
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compute per-atom weight of evidence values

 classes remaining to be explained after t steps𝖴t :

select main and alternative hypotheses to contrast

total weight of evidence is sum of individual ones



actual explanation 
generated by our tool 



WoE disentangles base-rates

from posteriors:


prior odds + woe = posterior odds

actual explanation 
generated by our tool 

color-coding with rule-of-thumb

significance bands

'vertical addition' of WoE values
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• Qualitative in-context user study with 10 MSFT ML practitioners, various levels of experience

• "Think-aloud" protocol - participants were asked to verbalize thought process throughout

• Tutorial (~45 min): introduce weight-of-evidence, example explanations

• Practitioners often use interpretability tools without fully understanding them [Kaur et al., 2020]

• Main Study (~40 min): real news classification dataset, questions on predictions

• Follow-up Interview (~10 min): feedback
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user study - main findings
WoE Interpretability
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• Participants successfully used the tool, despite some struggling with background concepts


• Sequential explanations useful for 'breaking down' prediction - led to more detailed answers                                              
"[they were like] a story of how the prediction was made" (P3)


• Users want more interactivity - consistent with cognitive science [Lombrozo, 2012]  and HCI 
[Amershi et al., 2019; Hohmanet al., 2019b; ...]


• Tutorial was crucial, time spent on it correlated with quality of answers                                                                                         
"I can’t imagine doing this [study] without the tutorial." (P5)
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• Ethos: ML interpretability should put humans at the front and center!


• Method: 5 design principles from cog/soc sciences, operationalize via Weight-of-Evidence


• Findings: modularity, interactivity + tutorials matter!


• Improvements: more participants, contextualize study to user’s familiar settings


• Code + Notebooks: GitHub.com/dmelis/interpretwoe

http://GitHub.com/dmelis/interpretwoe

