Visualizing the Loss Landscape of
Neural Nets

Li, Hao, et al. “Visualizing the loss landscape of neural nets.” Advances in
neural information processing systems 31 (2018). (NeurlPS2018)
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Contour Plots & Random Directions To use this approach, one chooses a center point #* in
the graph. and chooses two direction vectors, 4 and 7. One then plots a function of the form

fla) = L(6" + ad) inthe 1D (line) case, or

»H%m(0%)

_/'(‘n_ y) = L(H* + ad + ‘fI/‘l (1)
N
LAME(0)

° - bl
in the 2D (surface) case-.
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Figure 2: (a) and (d) are the 1D linear interpolation of VGG-9 solutions obtained by small-batch and
large-batch training methods. The blue lines are loss values and the red lines are accuracies. The
solid lines are training curves and the dashed lines are for testing. Small batch is at abscissa 0, and
large batch is at abscissa 1. The corresponding test errors are shown below. (b) and (e) shows the
change of weights norm ||@||2 during training. When weight decay is disabled, the weight norm grows
steadily during training without constraints (¢) and (f) are the weight histograms, which verify that
small-batch methods produce more large weights with zero weight decay and more small weights
with non-zero weight decay.
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we begin by producing a random Gaussian direction
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where d; ; represents the jth filter (not the jth weight) of the ith layer of d, and || - || denotes the

Frobenius norm. Note that the filter-wise normalization is different from that of [21], which normalize |:|
\
d: 7V X LR ML

|j1> 74»&%@ / |

2 ZEEICIERY

7 4L R(F
HAOFv>oxld LLITHEART
5 D B MR



- BFEFEEAWIIEE LM
FRDERTE
« CIFAR-10%#9EVGGT=ExE

1. Batch size=128T% ¥
2. Batch size=8192Cc%¥H

e 7272 L. SEIZT VX LK

AEZzRAWZFET, TN

%M@E‘+Ttﬂ ) DlLoss 7
TFAINLZT7OY k

Vo

Weight Decay(IERIML) % L Weight Decay(IERI{L) & V)
(@) 0.0,128.7.37%  (b) 0.0.8192, 11.07%  (c) Se-4, 128, 6.00%  (d) Se-4, 8192, 10.19%
“ @ 00, 128,7.37% () 00,8192, 11.07% () Se-4. 128,6.00%  (h) Se-4, 8192, 10.19%

Figure 3: The 1D and 2D visualization of solutions obtained using SGD with different weight decay

and batch size. The title of each subfigure contains the weight decay, batch size, and test error.
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Figure 5: 2D visualization of the loss surface of ResNet and ResNet-noshort with different depth.
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Figure 6: Wide-ResNet-56 on CIFAR-10 both with shortcut connections (top) and without (bottom).
The label k£ = 2 means twice as many filters per layer. Test error is reported below each figure.
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Figure 5: 2D visualization of the loss surface of ResNet and ResNet-noshort with different depth.
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that these visualizations fail to capture. To answer this question, we calculate the minimum and
maximum eigenvalues of the Hessian, \,,,;,, and \,,...* Figure 7 maps the ratio | A,,,in /A maz| across
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(a) Resnet-36 (b) Resnet-56-noshort (¢) DenseNet-121

Figure 7: For each point in the filter-normalized surface plots. we calculate the maximum and
minimum eigenvalue of the Hessian, and map the ratio of these two.
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(a) ResNet-110, no skip connections (b) DenseNet, 121 layers
Figure 4: The loss surfaces of ResNet-110-noshort and DenseNet for CIFAR-10.
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Figure 8: Ineffective visualizations of optimizer trajectories. These visualizations suffer from the
orthogonality of random directions in high dimensions.
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It 1s well-known that two random vectors in a high dimensional space will be nearly orthogonal
with high probability. In fact, the expected cosine similarity between Gaussian random vectors in n

dimensions is roughly 1/2/(7n) ([12], Lemma 5).
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