
A. Architectures of SQUID

Our SQUID consists of an encoder, a student (main)
generator, a teacher generator, and a discriminator. All of
the network architectures are built with plain convolution,
batch normalization, and ReLU activation layers only. The
architecture details of the encoder are shown in Table 3. For
an input radiography image (sized of 128×128), we first di-
vide it into 2×2 non-overlapping patches (sized of 64×64).
The encoder then extracts the patch features.

As mentioned in §3.1, the student and teacher generators
were constructed identically. The only difference is that ad-
ditional Memory Matrices are placed in the student gener-
ator. The architecture details of the student generator are
shown in Table 4. Skip connections from the encoder are
only enabled at such levels that Memory Matrices are used.
After the last Memory Matrix, the non-overlapping patches
are put back as a whole for further reconstruction.

As shown in Table 5, the discriminator was constructed
in a more lightweight style. Note that the images are dis-
criminated at their full resolution (i.e. 128×128) rather than
in patches.

Table 3. Encoder structure in SQUID.

Level #Channels Resolution
Input 1 (2 × 2) × (64 × 64)
1 32 (2 × 2) × (32 × 32)
2 64 (2 × 2) × (16 × 16)
3 128 (2 × 2) × (8 × 8)
4 256 (2 × 2) × (4 × 4)

Table 4. Student and teacher generator structures in SQUID. S&M
denotes the usage of skip connections and Memory Matrix. Note
that there is no Memory Matrix placed in the teacher generator.

Level #Channels w/ S&M Resolution
4 256 � (2 × 2) × (4 × 4)
3 128 � (2 × 2) × (8 × 8)
2 64 32 × 32
1 32 64 × 64
Output 1 128 × 128

Table 5. Discriminator structure in SQUID.

Level #Channels Resolution
Input 1 128 × 128
1 16 64 × 64
2 32 32 × 32
3 64 16 × 16
4 128 8 × 8
5 128 4 × 4
Output 1 1 × 1

B. Additional Results
B.1. Extensive Ablation Studies

In this section, we ablate three components in SQUID to
fully validate their necessity and effectiveness.

Table 6. The extensive results indicate that all proposed techniques
in SQUID are essential for a high overall performance.

Method AUC (%) Acc (%) F1 (%)
Convolution Layers 76.9±3.3 74.2±3.3 80.7±2.7
Transformer Layers (∆) ↑10.7 ↑6.1 ↑4.0
Soft Masked Shortcut 79.7±3.4 76.1±2.7 80.7±2.3
Hard Masked Shortcut (∆) ↑7.9 ↑4.2 ↑4.0
Pixel-level In-painting 79.1±0.4 74.4±1.6 81.3±0.9
Feature-level In-painting (∆) ↑8.5 ↑5.9 ↑3.4
Full SQUID 87.6±1.5 80.3±1.3 84.7±0.8

(1) Convolutional vs. Transformer Layers: In our pro-
posed in-painting block, a transformer layer is used to ag-
gregate the encoder extracted patch features, and the Mem-
ory Queue augmented “normal” features. However, one
may wonder if a simple convolution layer can also suf-
fice. We conducted experiments by replacing the trans-
former layer with a convolutional layer while preserving
other structures.
(2) Soft vs. Hard Masked Shortcuts: In our proposed
masked shortcut, skipped and in-painted features are aggre-
gated using a binary gating mask. The intuitive question
is whether such “hard” gating is necessary and a weighted
“soft” addition can also achieve comparable results. To this
end, instead of following Eq. 2, we conducted experiments
by aggregating the patch features F through:

F ′ = (1− ρ) · F + ρ · inpaint(F), (3)

where ρ was set to 95%, same as the best setting in SQUID.
(3) Pixel-level vs. Feature-level In-painting: As dis-
cussed in §3.3, raw images usually contain larger noise
and artifacts than features, so we proposed to achieve the
in-painting at the feature level rather than at the image
level [41, 54, 87]. To validate our claim, we have con-
ducted experiments on carrying out the in-painting at the
pixel level. Instead of using a transformer layer to in-paint
the extracted patch features, we randomly zeroed out parts
of the input patches with 25% probability and let SQUID
in-paint the distorted input images. All other settings and
objective functions remain unchanged.
Summary: The results of the above three additional abla-
tive experiments are presented in Table 6. Without using
the transformer layer, masked shortcut, and feature-level
in-painting as proposed, the AUC, Acc, and F1 scores de-
creased by at least 8%, 4%, and 3%, respectively, compared
with the full SQUID setting.

B.2. Patch-MemAE

MemAE [17] with Memory Matrix is the primary base-
line that we considered in this work. To further verify
the effectiveness of our proposed space-aware setting, we
trained additional MemAE models on patches segmented
from different spatial location of input images. These mul-
tiple space-specific models were trained separately with



Table 7. We apply space-specific strategy to one of the strongest
counterparts (MemAE [17]). In addition, the ensemble of spatial-
aware models demands a higher degree of computational costs
(4× more than ours), while our work proposed to encode this spa-
tial information into the feature dictionary, ultimately requiring
only one model—its efficiency is pronounced.

Method AUC (%) Acc (%) F1 (%)
MemAE [17] 77.8±1.4 56.5±1.1 82.6±0.9
Patch-MemAE (∆) ↑0.5 ↑18.5 ↓1.3
Full SQUID 87.6±1.5 80.3±1.3 84.7±0.8

their unique space-specific patches and were then evaluated
through an ensemble style to compare with our SQUID.
The results are reported in Table 7.

The results of the this experiment indicate that although
improvements can be observed on AUC and Acc, such
space-specific ensemble upgrade still performs inferior than
SQUID. Moreover, we found such ensemble of models de-
mands a much higher degree of computational costs (4×
more than ours), while in our work, we proposed to en-
code this spatial information into the feature dictionary, ul-
timately requiring only one model. Both effectiveness and
efficiency are pronounced.

C. Creating DigitAnatomy

The pseudocode of creating our new benchmark dataset
(DigitAnatomy in §4.1) is provided in Algorithm 1. In
practice, we have implemented the algorithm into an off-
the-shelf data loader that can be amended to many other
different datasets (e.g. SVHN, CIFAR, ImageNet).

D. Visualization Results

D.1. Visualizations on DigitAnatomy

More reconstruction results of SQUID and the compared
methods [1, 17, 61] are shown in Figure 11. Our obser-
vations from these additional results are aligned with the
ones discussed in §5.1. SQUID can capture every appear-
ing anomaly (highlighted in light blue) in the images and
augment them back to the normal closest forms. On the con-
trary, although MemAE restores the normal digits the best,
it is limited in detecting a few anomaly types (e.g. misor-
dered and missing digits). Ganomaly is not able to perfectly
recover the normal digits and also cannot generate mean-
ingful reconstructions on the abnormal ones. f-AnoGAN,
on the other hand, memorizes and generates an exemplary
normal pattern that fails to respond to different inputs.

D.2. Visualizations on Chest Radiography

Figure 12 and Figure 13 show more reconstruction re-
sults of our SQUID on the ZhangLab Chest X-ray and Stan-
ford CheXpert datasets. We observed that our method is ca-

Algorithm 1 Creating DigitAnatomy

# a function to pick random digit instances
def pick_random(class, single_digits):

# random pick an image with size: [28, 28]
pick_digit = random.choice(single_digits[class])
return pick_digit

# load MNIST digits with shape: [10, 1000, 28, 28]
single_digits = load_MNIST()

# all possible conditions
conditions = [’normal’, ’missing’,\

’misorder’, ’flipped’, ’novel’]

output = torch.zeros(3, 28, 3, 28)

# loop over digit 1-9 in order
for idx in range(1,10):

# randomly pick a condition
condition = random.choice(conditions)

if condition == ’normal’:
digit = pick_random(idx, single_digits)

# anatomy of missing digit
elif condition == ’missing’:

digit = torch.zeros(28,28)
# anatomy of disorder digit
elif condition == ’misorder’:

ridx = randrom.randint(1,10)
digit = pick_random(ridx, single_digits)

# anatomy of flipped digit
elif condition == ’flipped’:

digit = pick_random(idx, single_digits)
digit = digit[::-1,::-1]

# anatomy of novel digit
elif condition == ’novel’:

digit = pick_random(0, single_digits)

output[idx // 3, :, idx % 3, :] = digit

# combine all patches together
output = output.view(28 * 3, 28 * 3)

pable of translating the input image to its “normal” counter-
part and assigning larger anomaly scores to abnormal cases.

When inputting normal images, SQUID will try to re-
construct the inputs as well as possible. Due to the usage of
memory modules, our framework could hardly degenerate
to function as an identity mapping from inputs to outputs.
Therefore, the reconstruction of normal inputs cannot per-
fectly recover every single detail.

When inputting abnormal images, SQUID will make
larger impacts by combining previously seen normal fea-
tures together into such abnormal ones. Since the generator
is not trained on such hybrid features, the reconstruction re-
sults could demonstrate more obvious artifacts and blurs.

After our framework converges, the optimized discrimi-
nator can perceptually capture such inconsistencies between
reconstructed normal and abnormal images and achieve
anomaly detection.



Figure 11. Comparisons of reconstruction results on DigitAnatomy of our SQUID, f-AnoGAN [61], Ganomaly [1], and MemAE [17].
Anomalies are highlighted in light blue.



Figure 12. Reconstruction results of SQUID on the ZhangLab Chest X-ray dataset. The corresponding Grad-CAM heatmaps along with
anomaly scores are shown as well.

Figure 13. Reconstruction results of SQUID on the Stanford CheXpert dataset. Different disease types are separated into different rows.
The corresponding Grad-CAM heatmaps along with anomaly scores are shown as well.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


