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Learning
Supplementary Materials

1 Deep Cosine Metric Learning (DCML)

Algorithm 1: Training DML for one iteration
Sample batch of images I , phenotype y, and category c
Gκj

, Gψj
, Gωj

, Gθ ← 0 ∀j; // Initialize gradients
foreach I , c, y do

X ← fθ(I); // Pass image in feature extractor
h← gψc(X); // Compute embedding given concept
Append global intensity statistics to get h′

L2-normalize embeddings and centroids to get h̃′ and ω̃c
Compute softmax outputs p(y = k|h̃′),∀k
Compute cosine softmax loss L
Gκc

+= ∂L
∂κc

; // Accumulate gradients

Gψc
+= ∂L

∂ψc

Gωc
+= ∂L

∂ωc

Gθ += ∂L
∂θ

Back-propagate all gradients

We show in Fig. 1 a schema of our architecture, and give a training pseudo-code in Alg. 1

2 Fungi-Profiler
We give here additional details related to Fungi-Profiler, our handcrafted feature extractor.

2.1 Segmentation
As a first pre-processing step, We aim to segment regions where fungi is located to focus our downstream feature
extraction pipeline.

We first apply Adaptive Histogram Equalization [7] on bright-field images to reduce luminosity variations accross
different experiments. Next, we detect edges by applying an adaptive thresholding step, and follow with a serie of
morphological operations. We show an example in Fig. 2.

Figure 1: Deep Cosine Metric Learning model. Images are normalized, then fed into a Convolution Neural Network.
We concatenate global image statistics computed on the original image to the resulting feature vector and feed it into
a serie of dense layers according to the phenotypical category captured by its modality (red, green, blue and grey
blocks). Last, we compute the cosine softmax loss on each image of a batch, and aggregate gradients to update the
centroids, the category-specific dense layers, and the feature extraction backbone.
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Figure 2: Segmentation step of Fungi-Profiler. (Left) Original image after adaptive histogram equalization. (Center)
Edge map obtained through morphological operations. (Right) Segmentation map.

Category Feature description Dimension

Intensity

Mean & standard deviation 2
Median & Mean absolute difference from median 2
Upper and lower quartiles 2
Area (Pixel counts) 1
Min and max intensity 2

Texture Haralick features: Rotation invariant features in local neighbor-
hood computed at multiple scale [5]

156

Granularity spectrum using morphological operators [6] 16

Co-Localization

Correlation coefficient 1
Least-square regression slope coefficient M − 1
Manders overlap coefficient [3] M − 1
Rank-weighted coefficient [8] M − 1
Count of overlapping pixels above threshold M − 1
Costes automated threshold [1] M − 1

Table 2: Summary of feature set computed by Fungi-Profiler. M denotes the number of image modalities.

2.2 Illumination Correction
As noted in [9], microscopy images manifest an uneven illumination pattern accross the field of view, where regions
close to the border show reduced brightness with respect to the center. This has been shown to have an important
impact on the quality of visual features as measured by downstream prediction tasks.

To circumvent this artefact, we implement a simple illumination correction procedure as suggested by [9], where
we compute an illumination correction function (ICF) as follows:

All bright-field images acquired during a plate assay are averaged pixel-wise, and then smoothed spatially using
a squared median filter of size 25% of the original image size. Last, we apply the ICF to bright-field and fluorescent
channels following:

I ′ =
I

1 + ICF
(1)

2.3 Feature Extraction
In this step, we apply to each corrected image (both bright-field and fluorescent channels) the segmentation mask of the
corresponding site, so as to set background pixels to 0. Next, we apply a serie of feature extraction routines summarized
in Tab. 2 to obtain a vector of dimension 210 for each image. Note that, aside from traditional features computed on
each image taken individually, we further leverage cross-channel information by extracting co-localization features on
each pair of images of a given stack.

3 Pooled-Adjacent Violators Algorithm (PAVA)
We give in Alg. 2 a pseudo-code of the PAVA algorithm [2] by which we impose a monotonicity constraint on our
dose-response estimations.

4 Testing Dataset
We show in Tab. 3 all compounds used in our experiments, along with their modes of action and biological targets.

3



Algorithm 2: Pooled-Adjacent Violators Algorithm (PAVA)

input : x ∈ RN : An ordered set of Design-points
r ∈ RN : A set of observations taken at x

output: r̂ ∈ RN : A set of monotous-increasing values that best approximate r in the least-squares sense
∀j ∈ 1, . . . , N, r̂j ← rj ; // Initialize all observations as valid
C← ∅ ; // For book-keeping contiguous violations
// Find all violations
while V← {j : j < m, r̂j > r̂j+1} ≠ ∅ do

l← min(V) ; // Select first occurence
if l ∈ C then

C← C ∪ {l + 1} ; // last correction did not break violation
else

C← {l, l + 1} ; // pool adjacent observation

∀j ∈ C, r̂j ← Ek∈C[rk] ; // replace values with expectation

Figure 3: Example of a subtle phenotypical variation where spores turn bigger as concentration increases, while
fungal mass is largely unaffected. Methods that relie on fungal mass (FPCML, GI) fail to capture this transformation,
in contrast with DCML, which relies on a CNN feature extraction backbone.

5 Experiments

5.1 Dose-response Estimation
We give in Tab. 1 the mean absolute errors of our methods on all tested compounds. In Fig. 3, we show a set of images
along with estimated dose-response curves where a phenotype is largely independent on the fungal mass. In particular,
we emphasize a limitation of methods FPCML and GI in capturing subtle variations in morphology, while our best
method DCML, as it relies on a CNN backbone, behaves as expected.
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