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ICYM2I: The illusion of multimodal 
informativeness under missingness
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The Illusion of Multimodal Missingness

● Prediction performance and modality-specific information gain drive 
decisions to use multimodal or unimodal models.

● Current multimodal methods assume no modality missingness or a stable 
missingness process between source and target environments.

● However, the target environment may have different modality availability than 
the source environment (e.g. sensor failure in self-driving cars due to weather 
conditions).

● This shift in modality availability can skew both prediction performance 
and information gain metrics.
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The Illusion in Bitwise Operators (Prediction)

X1, X2: bits drawn from a Bernoulli distribution with p=0.5.
Y: bitwise-logic outcome from X1 and X2 (AND, OR, and XOR).
X2 has 50% missingness: M2~Bern(0.6X1 +0.2)

Oracle: train on all data.
Observed: train on observed data only.
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Even in this simple 
setting, missingness can 
cause skewed predictive 
performance estimates.



The Illusion in Bitwise Operators (Information Gain)

Leveraging Partial Information Decomposition (PID):
● Unique 1 and Unique 2: Only X1 or X2: have information about Y. 
● Shared: Both X1 or X2: have the same information about Y. 
● Complementary: The combination of X1 and X2 gives us information about Y.
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Similar to 
prediction, 
information 
gain metrics 
are skewed.



ICYM2I: In Case You Multimodal Missed It

Goal:
Recover unbiased estimates of predictive performance and information gain 
under modality missingness.

Assumptions:
Modalities are missing at random (MAR) and positivity.

Proposed Method:
A double Inverse Probability Weighted (IPW) correction-based framework:
ICYM2I=ICYM2I-Learn (predictive performance)+ICYM2I-PID (information gain)
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ICYM2I-Learn (Prediction)

● Using the MAR and Positivity assumptions, we can use Inverse Probability 
Weighting (IPW) to upweight under-observed samples as outlined above.

● This method is model agnostic and requires only data and binary 
missingness labels to train the propensity models.

6



● Recovering the partial information bounds introduced by Bertschinger et al. 
requires minimizing the three-way mutual information between X1, X2, and Y. 

● ICYM2I-PID corrects for the shift caused by modality missingness with the 
mutual information formulation above.

ICYM2I-PID (Information Gain)
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Bitwise Operators Revisited (Prediction)

While a model naïvely trained on the observed data has incongruent performance 
across unimodal settings with the oracle model, ICYM2I-Learn is able to correct 
for this bias.
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Bitwise Operators Revisited (Information Gain)

Similarly, ICYM2I-PID corrects for partial information decomposition metrics across 
the three bitwise operator settings.
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Semi-Synthetic Experiments
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● We induce 70% missingness on the image wmodality with UR-FUNNY 
(Hasan et al., 2019) and Hateful Memes (Kiela et al., 2020).

● Boxed regions demonstrate the ability of ICYM2I-Learn and ICYM2I-PID 
to correct the bias.



Real World Clinical Example

● We collected real-world clinical data of electrocardiograms (ECGs), chest 
X-rays (CXRs) and associated structural heart diesease labels (SHD).

● The corrected PID values suggest that CXRs are not independently 
useful for this task.

● Note that since this is real-world data we do not report oracle model metrics.
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Limitations

● ICYM2I is designed for settings where modalities are paired (e.g. a patient 
and their associated medical exams) and does not extend to unpaired 
settings.

● Our method is designed for Missing at Random (MAR) missingness and is 
stable under missing completely at random (MCAR). However, identifying and 
addressing modality missingness under Missing not at Random (MNAR) 
remains an open question.

● The Partial Information Decomposition (PID) bounds only cover two input 
modalities. Consequently, for practitioners will have to utilize a 
one-versus-rest to perform ICYM2I-PID with three or more input modalities.
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● Assuming stable missingness between 
source and target distributions can lead to 
suboptimal modeling decisions.

● We formalize the issue of missing 
modalities in multimodal settings.

● ICYM2I is a framework for the unbiased 
estimation of predictive performance and 
information gain under modality 
missingness.

● Our method is model-agnostic and 
requires only data and binary missingness 
labels to train the propensity models.

Conclusion and Takeaways
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