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Abstract— Learning-enabled control systems increasingly rely
on multiple sensing modalities (e.g., vision, audio, language, etc.)
for perception and decision support. A key challenge is that
multi-modal sensor training dynamics are often imbalanced: fast-
to-learn sensing channels dominate optimization, while slower
channels remain underutilized, degrading reliability under
sensing perturbations. Existing balancing strategies are largely
heuristic and can require computationally intensive subroutines.
In this paper, we reformulate multi-modal sensor learning as
a multi-objective optimization (MOO) problem that explicitly
prioritizes the worst-performing modality while retaining the
nominal multi-modal sensor fusion objective. We then propose
a simple gradient-based method, MIMO (multi-modal sensor
learning via MOO), for the resulting formulation. We provide
convergence guarantees and evaluate the method on standard
multi-modal benchmarks. Results show improved balanced
performance over state-of-the-art balanced multi-modal learning
and MOO baselines, together with up to ∼ 20× reduction in
subroutine computation time, highlighting the suitability of
MIMO for resource-constrained control pipelines.

I. INTRODUCTION

Modern control and robotics systems routinely fuse hetero-
geneous sensing channels, including cameras, microphones,
lidar/radar, and natural-language or operator signals. In these
systems, multi-modal sensor learning (MSL) serves as an
upstream estimation and representation module whose training
dynamics strongly affect downstream control quality and
robustness. Unlike uni-modal sensor pipelines, multi-modal
sensor fusion learning can leverage complementary informa-
tion across sensing channels, improving state inference and
task performance under partial observability. This advantage
has made multi-modal sensor fusion architectures central to
embodied AI and autonomous decision-making stacks [1],
[2], [3], [4].

A common sensor-fusion approach uses separate encoders
for each sensor modality to transform data into feature
representations that are then “fused” before further processing.
The fused representation is subsequently processed by a model
head to produce the output. In the two-modality case, the
multi-modal sensor learning problem can be formulated as:

min
ϑmm,θm1 ,θm2

fmm(ϑmm, θm1
, θm2

) (1)

where fmm is the multi-modal loss, θm1 and θm2 are encoders
for modalities m1 and m2, and ϑmm is the fusion head that

This work was supported by IBM through the IBM-Rensselaer Future of
Computing Research Collaboration. Heshan Fernando and Tianyi Chen are
with Rensselaer Polytechnic Institute, Troy, NY, USA. Parikshit Ram, Yi
Zhou, Horst Samulowitz, and Nathalie Baracaldo are with IBM Research,
USA. Quan Xiao and Tianyi Chen are with Cornell University, Ithaca, NY,
USA.

processes the fused features. The goal is then to optimize fmm

in (1) using standard optimization algorithms (e.g., SGD).

A. Imbalance issue in multi-modal sensor learning

While multi-modal sensor learning can outperform uni-
modal sensor learning, recent studies show that standard
training may still underperform the best single modality [5],
[6]. For control-oriented systems, this issue is particularly crit-
ical: if one sensing stream dominates the updates, the learned
estimator can become brittle to disturbances, occlusions, or
sensor faults at deployment time. Prior works [7], [8], [9]
attribute this behavior to dominant modalities suppressing
slower but informative modalities during optimization. Using
a toy example, Figure 1(a) illustrates this imbalance: θm1 and
θm2 evolve at different rates, producing slower and biased
convergence of the fused model.

Recent studies have provided theoretical explanations for
this inefficiency by analyzing the training process of late-
fusion models. In [10], [6], [11], the emergence of a dominant
modality is explained through the concept of modality
competition. In [12], the modality dominance is attributed to
statistical characteristics of multi-modal data. Beyond these
theoretical studies, empirical works have developed methods
for balanced learning of different modalities, thereby im-
proving performance [9], [13], [14], [9], [15], [16]. However,
a principled algorithm with low per-iteration computational
complexity for balanced multi-modal sensor learning, together
with convergence guarantees, is still missing.

B. Our contributions

We address modality imbalance through a control-motivated
optimization reformulation. The main idea is to shape training
dynamics so that slow-to-learn sensing channels are not
suppressed by dominant channels. We augment the fused
objective with modality-specific objectives and enforce a
lexicographic priority on the worst-performing uni-modal
sensor channel. Concretely, we reformulate the multi-modal
sensor learning problem in (1) as a lexicographic MOO
problem [17], given by

min
ϑmm,θm1

,θm2

fmm(ϑmm, θm1 , θm2) (2)

s.t θm1
, θm2

, ϑm1
, ϑm2

∈ argmin
θm1

,θm2
ϑm1

,ϑm2

max
k∈{1,2}

(
fmk

(ϑmk
, θmk

)− f∗
mk

)
.

where fmk
for k ∈ {1, 2} are uni-modal sensor objectives

induced by separate uni-modal sensor heads ϑm1 and ϑm2

(see Figure 1(b)), and f∗
mk

= minϑmk
,θmk

fmk
(ϑmk

, θmk
)
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Fig. 1: Balancing multi-modal sensor learning via multi-objective optimization. (a) Optimizing the standard fusion
objective can lead to slower convergence because fast-to-learn modalities dominate the optimization. (b) We propose MIMO
(MSL via MOO), which optimizes a modified objective that prevents single-modality dominance, yielding faster convergence.

for all k ∈ {1, 2}. The formulation in (2) extends naturally to
an arbitrary number of modalities in (8); here we focus on the
two-modality case for clarity. We then propose MIMO (multi-
modal sensor learning via MOO), a lightweight gradient-based
algorithm for the resulting formulation. As shown in Figure
1(b), our method alleviates modality imbalance and converges
quickly to the global optimum. Specifically, the weights of
θm1

and θm2
are learned at similar rates (Figure 1(b), ∥θm1

∥
and ∥θm2

∥), leading to faster convergence.
Our main contributions are threefold. First, we introduce

a lexicographic MOO reformulation of MSL that prioritizes
worst-channel performance while preserving the original fused
objective. Second, we develop MIMO, a simple first-order
algorithm with low per-iteration overhead and no expensive
inner-loop balancing subroutine. Third, we provide conver-
gence guarantees and empirical evidence across standard
benchmarks, showing improved balanced performance with
up to 20× lower subroutine time versus strong baselines.

II. PRELIMINARIES

In this section, we introduce basic concepts in multi-modal
sensor learning [5] and MOO [17] used to build a formulation
for balanced multi-modal sensor learning.

A. Multi-modal sensor learning (MSL)

Consider the classification problem on a multi-modal
sensor dataset Dmm := {x(m1)

i , x
(m2)
i , . . . , x

(mK)
i , yi}Ni=1,

which consists of N input samples x
(mk)
i from K modalities

mk, where k ∈ [K] := {1, 2, . . . ,K}, together with the
corresponding labels yi. Unlike the uni-modal sensor case,
we need a “fusion” strategy to combine inputs from different

modalities before producing the output used in the loss
function. Depending on whether fusion happens during feature
extraction, after feature extraction, or in a hybrid manner,
fusion strategies can be classified as early, late, or hybrid
fusion, respectively [15]. In early fusion, data from different
modalities are processed jointly starting from the raw inputs to
obtain multi-modal features. In late fusion, separate encoders
are used to extract uni-modal sensor features, which are then
fused at the final stage of the model. Any combination of early
and late fusion is referred to as hybrid fusion. We consider
the late-fusion setting, where different modalities are fused
after extracting features from each modality (see Figure 1(a)).
Common fusion operations include summing the extracted
features (summation) or concatenating them (concatenation)
[9]. Let θmk

denote the parameters of the encoder that extracts
features from inputs x

(mk)
i for all k ∈ [K], and ϑmm denote

the parameters of the fusion head that maps the fused features
to the target output. Then, the problem of finding the optimal
multi-modal sensor fusion model can be formulated as

min
Θmm∈Rdmm

fmm(ϑmm, θm1
, θm2

, . . . , θmK
), (3)

where Θmm := [ϑmm; θm1
; θm2

; . . . ; θmK
], and fmm :

Rdmm 7→ R is the multi-modal sensor fusion objective defined
over all input modalities in Dmm. Solving (3) yields the
optimal fusion model Θ∗

mm.
Uni-modal bias in sensor-fusion training. As described

in Section I, imbalance in sensor-fusion training can lead to
poor fused performance, even relative to uni-modal sensor
learning. To illustrate this issue, we use an example from
[12] involving a multi-modal regression problem with a two-
layer fully connected network, where one layer serves as the



encoder and the other serves as the fusion head, together with
concatenation fusion. A toy implementation of this example
is shown in Figure 1, and the corresponding implementation
details are given in Appendix II.

Concretely, consider a two-modality dataset Dmm :=

{x(m1)
i , x

(m2)
i , yi}Ni=1 with x

(m1)
i ∈ Rd1 , x(m2)

i ∈ Rd2 , and
yi ∈ R for all i ∈ [N ]. Let the empirical input and input-
output correlation matrices for modality m1 be Cm1 and Cym1

(and similarly for modality m2). Let the cross-correlation
matrices between m1 and m2 be Cm1m2

and Cm2m1
. The

exact definitions of these matrices are given in Appendix II.
Illustration with the two-layer model. For the two-

layer fully connected late-fusion multi-modal network with
concatenation fusion, we choose the uni-modal sensor encoder
parameters as θm1

∈ Rd1×dh and θm2
∈ Rd2×dh , where

dh is the dimensionality of the encoder layer for each
modality. Note that the fusion head ϑmm can be partitioned
into modality-specific components ϑmm,m1 and ϑmm,m2 as
ϑmm = [ϑmm,m1

;ϑmm,m2
], with ϑmm,m1

, ϑmm,m2
∈ Rdh .

Hence, we denote Θmm := [ϑmm,m1
;ϑmm,m2

; θm1
; θm2

].
All model parameters are initialized close to zero.

For a given data index i, the output of the multi-modal
sensor fusion model can then be given as

ŷi = ϑ⊤
mm,m1

θ⊤m1
x
(m1)
i + ϑ⊤

mm,m2
θ⊤m2

x
(m2)
i . (4)

The decoupled nature of the output with respect to the
modalities is a consequence of the late-fusion architecture
with concatenation fusion. The corresponding regression loss
is given by fmm(Θmm) = 1

N

∑N
i=1(yi − ŷi)

2. We can then
derive the gradient of fmm as follows (see Appendix II for
details):

∇Θmmfmm(Θmm) = [θ⊤m1
Ψ1; θ

⊤
m2

Ψ2; Ψ1ϑ
⊤
mm,m1

; Ψ2ϑ
⊤
mm,m2

],
(5)

where

Ψ1 = Cym1
− ϑmm,m1

θm1
Cm1

− ϑmm,m2
θm2

Cm2m1
,

Ψ2 = Cym2
− ϑmm,m1

θm1
Cm1m2

− ϑmm,m2
θm2

Cm2
.

To ensure ∇Θmmfmm(Θmm) = 0 (i.e., stationarity), it
suffices to achieve some combination of Ψ1 = 0, Ψ2 = 0,
θmk

= 0, and ϑmk
= 0. However, for the model to have

“learned” modality mk, the weights corresponding to that
modality should in general be nonzero, i.e., θmk

̸= 0 and
ϑmk

̸= 0. Thus, to reach a stationary point while learning
both modalities, we ideally want model parameters that satisfy
Ψk = 0, θmk

̸= 0, and ϑmk
̸= 0 for all k ∈ {1, 2}.

Superficial modality preference. Since the model weights
are initialized near zero, the model first visits a uni-modal
sensor stationary point where Ψk = 0, ϑmm,m3−k

= 0,
and Θm3−k

= 0 for some k ∈ {1, 2}, before eventually
reaching the ideal stationary point that achieves Ψ1 = Ψ2 = 0,
ϑmm,m3−k

̸= 0, and Θm3−k
̸= 0 for all k ∈ {1, 2}. Which

stationary point is visited first depends on the dataset statistics
[12] (see Appendix II for more details). Furthermore, it can
be shown that the uni-modal sensor stationary point visited
first is decoupled from which modality contributes more to
minimizing fmm; this phenomenon is known as “superficial
modality preference” [12]. For example, in the toy MSL

task shown in Figure 1, the drop in the objective value
fmm is smaller when modality m1 is learned (when the
norm of the encoder weights ∥θm1∥ attains a nonzero value)
than when modality m2 is learned, even though modality
m1 is learned first. Thus, imbalanced modality learning can
lead to models that overfit a fast-learning modality and are
therefore suboptimal for the overall multi-modal sensor fusion
objective.

B. Lexicographic MOO

In this section, we introduce the key MOO formulation
that we use to alleviate the imbalance issue in MSL discussed
in Section II-A. Specifically, we introduce lexicographic
MOO, which is useful when one can assign an a priori
order to the learning objectives based on preference. In other
words, optimizing lower-priority objectives is constrained by
the optimality of higher-priority objectives. More concretely,
consider a set of objectives fm : Rd 7→ R for m ∈ [M ].
Then, lexicographic MOO problem can be formulated as [17]

lex min
Θ∈Rd

FLex(Θ) := f1(Θ), f2(Θ), . . . , fM (Θ) (6)

where the index of the objectives specifies the order in which
the optimality of each objective should be achieved. For
the bi-objective case, (6) can be written as the constrained
optimization problem

min
Θ∈Rd

f2(Θ) s.t. Θ ∈ arg min
Θ∈Rd

f1(Θ). (7)

Note that this method allows us to incorporate prior knowl-
edge about the problem into the optimization process. It can
be shown that the solution of (6) is Pareto optimal [17].

III. BALANCED MSL VIA MOO

In this section, we first present our proposed reformulation
of the multi-modal sensor learning problem to address the
imbalance issue discussed in the previous section. We then
detail the corresponding algorithm and provide a convergence
analysis for the proposed method.

A. Problem formulation

In this section, we modify the original multi-modal sensor
learning problem (3) to encourage balanced learning across
modalities. Intuitively, the slow-to-learn modality will have
the largest optimality gap. To alleviate this imbalance, we
modify the MSL formulation to encourage learning of the
modality with the worst optimality gap. Specifically, we seek
to optimize the multi-modal sensor fusion objective subject to
the optimality of the worst-performing (in terms of optimality
gap) uni-modal sensor objective, namely,

min
Θmm∈Rdmm

fmm(Θmm) (8)

s.t {Θmk}Kk=1 ∈ arg min
{Θ′

mk
}K
k=1

max
k∈[K]

(
fmk

(Θ′
mk

)− f∗
mk

)
,

where Θmk = [ϑmk
; θmk

] with ϑmk
denoting the uni-

modal sensor head dedicated to modality mk, and f∗
mk

=



minΘmk
fmk

(Θmk) for all k ∈ [K]. Intuitively, for-
mulation (8) learns the multi-modal sensor head by op-
timizing the fusion objective fmm over the backbone
model θmk

, which optimizes the worst-performing modality
maxk∈[K]

(
fmk

(Θmk)− f∗
mk

)
.

Remark 1. Note that (8) follows the lexicographic MOO
structure in (7), where f2(Θ̂mm) = fmm(Θmm) and
f1(Θ̂mm)=maxk∈[K]

(
fmk

(Θmk)− f∗
mk

)
with Θ̂mm :=

[ϑmm;ϑm1
; . . . ;ϑmK

; θm1
; . . . ; θmK

]. However, unlike in (7),
in (8) only part of Θ̂mm (the set of uni-modal sensor
encoders) is shared between the two objectives, allowing
for independent optimization of the non-shared part of Θ̂mm

(multi- and uni-modal sensor heads).

The only parameters shared between the uni-modal sensor
and multi-modal sensor fusion objectives are the uni-modal
sensor encoders θmk

for all k ∈ [K]. Note that the
lexicographic optimization of the worst-performing uni-modal
sensor objective and the multi-modal sensor fusion objective
with respect to the shared parameters θmk

for k ∈ [K] can be
viewed as a simple bilevel optimization problem. Recently,
[18] introduced a reformulation of bilevel optimization as
a single-level problem by penalizing lower-level constraints
in the upper-level objective. Leveraging this view, we can
obtain the single level MIMO objective by rewriting (8) as

min
Θ̂mm∈Rd̂mm

f̂mm(Θ̂mm) := fmm(Θmm) (9)

+ λmax
k∈[K]

(
fmk

(Θmk)− f∗
mk

)
,

where Θ̂mm = [ϑmm; {ϑm1
}Kk=1; {θmk

}Kk=1], and λ > 0
is a problem dependent penalty parameter.

How does MIMO alleviate modality imbalance? To
understand how this new formulation alleviates modality im-
balance, let us revisit the two-layer fully connected late-fusion
multi-modal network with concatenation fusion, for the two
modality case (K = 2), now augmented with additional uni-
modal sensor heads (linear layers) to obtain uni-modal sensor
objectives fm1 and fm2 (see Figure 1). Let the weight vectors
corresponding to the uni-modal sensor heads be ϑm1

∈ Rdh

and ϑm2
∈ Rdh . Then, the new parameter vector can be writ-

ten as Θ̂mm := [ϑmm,m1
;ϑmm,m2

;ϑm1
;ϑm2

; θm1
; θm2

].
The corresponding uni-modal sensor objectives are given
by fmk

(Θmk) =
1
N

∑N
i=1(yi − ŷ

(mk)
i )2 for k ∈ [2], where

ŷ
(mk)
i = ϑ⊤

mk
θ⊤mk

x
(mk)
i for each data index i ∈ [N ]. With

these definitions, we can rewrite the gradients of each layer
of the network with additional uni-modal sensor heads as

∇Θ̂mm
f̂mm(Θ̂mm) = [θ⊤m1

(Ψ1 + λ1Ψ̌1);ϑ
⊤
mm,m2

(Ψ2 + λ2Ψ̌2);

Ψ1ϑ
⊤
mm,m1

; Ψ2ϑ
⊤
mm,m2

;λ1Ψ̌1θ
⊤
m1

;λ2Ψ̌2θ
⊤
m2

],
(10)

where Ψ̌1=Cym1
− ϑm1

θm1
Cm1

, Ψ̌2=Cym2
− ϑm2

θm2
Cm2

,
and λi = λ if i = argmax

k∈{1,2}

(
fmk

(Θmk)− f∗
mk

)
, and 0

otherwise. This modification, introduced by incorporating
modality-specific objectives, helps balance multi-modal sensor
learning in an intuitive way. Suppose modality m1 is quick to
learn. Then, initially, the weights in the m2 component of the
model remain close to zero, so optimality gap of m2 is larger
than that of m1. As a result, λ1 = 0 and λ2 = λ. Due to the

amplified gradient induced by the λ weighting, the weights
in the m2 component are updated more rapidly through the
gradient contribution of the fm2 objective, while modality
m1 is learned through the gradient contribution of fmm. At
stationarity, since all gradient components in (10) must be
zero, the gradient components contributed by fmm and fm2

must each vanish. Hence, the model achieves optimality for
the original multi-modal sensor fusion objective fmm while
simultaneously learning modality m2.

Formal justification of penalty reformulation. To
provide more insights on why optimizing MIMO in (9) alle-
viates the imbalanced modality issue, we formally prove the
approximate equivalence between the penalty reformulation
(9) with the worst-case MOO problem (8).

Assumption 1 (PL condition of objectives). We assume
that each modality objective fmk

(Θmk) satisfies the Polyak-
Łojasiewicz (PL) condition with µ, for all k ∈ [K], i.e.

∥∇fmk
(Θmk)∥2 ≥ µ(fmk

(Θmk)− f∗
mk

).

PL condition is commonly used in bilevel optimization as
a generalization of strongly convexity [18], [19], [20], [21],
and holds for various non-convex applications such as linear
quadratic regulator models [22], phase retrieval [23], over-
parameterized neural network [24], including convolutional
neural network [25], residual network [26], etc. Next, we
introduce the notion of smooth functions.

Definition 1. A differentiable function g : Rd → R is L-
smooth if for all Θ1,Θ2 ∈ Rd, the gradient of g satisfies the
condition

∥∇g(Θ1)−∇g(Θ2)∥ ≤ L∥Θ1 −Θ2∥. (11)

Assumption 2 (Smoothness of objectives). Functions
fmm(Θmm) and fmk

(Θmk) are Lmm- and Lmk
-smooth

(Definition 1), respectively, where k ∈ [K].

Assumption 2 is standard in the optimization [27]. Under
above assumptions, we can prove that the solutions of penalty
problem (9) with certain penalty constant λ are also the
solutions to the ϵ-relaxed worst-case problem (8) as follows:

min
Θmm∈Rdmm

fmm(Θmm) (12)

s.t max
k∈[K]

(
fmk

(Θmk)− f∗
mk

)
≤ ϵ,

Here, the constraint in (8) enforces that all modalities be
learned equally well and requires the worst-case modality
fmk

to stay close to its best achievable performance f∗
mk

,
thereby preventing it from being overlooked too much. We
will then show that solving the MIMO problem (9) inherently
addresses the relaxed worst-case problem (8).

Theorem 1 (Relations of the penalty reformulation and the
relaxed problem). Under Assumption 1–2, let (Θ∗

mm,Θ∗
mk

)
be an ϵλ-global (or local) solution of the penalty problem
(9) with λ. Then if λ = O(ϵ−1

λ ), then (Θ∗
mm,Θ∗

mk
) is an

ϵλ-global (or local) solution to the relaxed problem in (12),
with some ϵ = O(ϵ2λ).



Algorithm 1 MIMO (multi-modal sensor learning via MOO)

input Θ̂mm,1 := [ϑmm,1;ϑm1,1;ϑm2,1; θm1,1; θm2,1],
learning rates {ηt}Tt=1, penalty parameter λ, smoothing
parameter µ
for t = 1, . . . , T do

Compute gradient of f̂mm given in (13)
Update Θ̂mm,t+1 following (14)

end for
output Θ̂mm,T+1

The proof of Theorem 1 is deferred to Appendix IV, which
relies on the semi-smoothness and the nonsmooth PL property
of maxk∈[K]

(
fmk

(Θmk)− f∗
mk

)
, and generalizes the results

in [18] to the nonsmooth setting. Theorem 1 shows that
solving the MIMO problem (9) is equivalent to solving the
ϵ-relaxed worst-case problem (12), which motivates us to
develop algorithm to solve MIMO problem (9) to alleviate
the learning unbalanced issue for the worst-case modality.

B. Algorithm development

In this section, we present the algorithm used to solve the
problem in (9). First, note that the penalty term in (9) is
nonsmooth because of the max operator. In general, this
kind of nonsmoothness leads to the slower convergence
rate O(1/ϵ2) for subgradient-based optimization, compared
to O(1/ϵ) for smooth gradient-based optimization [28]. To
alleviate this issue, prior work has proposed using smoothing
functions [29] that encode structure in the nonsmooth term,
yielding convergence to an O(ϵ)-suboptimal point of the
original nonsmooth problem within O(1/ϵ) iterations. We
next introduce the notion of smoothing functions.

Definition 2. For a continuous function g : Rd → R, we
call gµ : Rd → R a smoothing function of g if for any
µ > 0, gµ is continuously differentiable in Rd and satisfies
the conditions (1) lim

Φ→Θ,µ↓0
gµ(Φ) = g(Θ); and (2) there

exists constants L and α > 0 independent of µ, such that gµ
is
(
L+ αµ−1

)
-smooth (Definition 1).

Note that gµ(Θ) := µ log
(∑M

m=1 exp
(
µ−1gm(Θ)

))
is

a smoothing function for g(Θ) = maxm∈[M ] gm(Θ) [29],
where µ > 0 is the smoothing parameter that controls the
smoothness of gµ. Then, the smoothed version of (9) is

min
Θ̂mm∈Rd̂mm

f̂mm,µ(Θ̂mm) := fmm(ϑmm, θm1
, θm2

) (13)

+ λµ log

(
2∑

k=1

exp
(
µ−1(fmk

(ϑmk
, θmk

)− f∗
mk

)
))

.

With this formulation, we can apply gradient descent to the
smoothed MIMO objective f̂mm,µ in (13) as

Θ̂mm,t+1=Θ̂mm,t − ηt∇f̂mm,µ(Θ̂mm,t), (14)

where t is the iteration index and ηt is the learning rate.
Specifically, for K = 2, the MIMO update in (14) can be

decomposed into updates for each component of Θ̂mm as

ϑmm,t+1 = ϑmm,t − ηt∇ϑmm
fmm(ϑmm,t, θm1,t, θm2,t)

ϑmk,t+1 = ϑmk,t − ηtλσmk
∇ϑmk

fmk
(ϑmk,t, θmk,t)

θmk,t+1 = θmk,t − ηt∇θmk
fmm(ϑmm,t, θm1,t, θm2,t)

− ηtλσmk
∇θmk

fmk
(ϑmk,t, θmk,t)

where σmk := exp(hµ,k)/
∑2

k′=1 exp(hµ,k′), hµ,k =
µ−1(fmk

(ϑmk
, θmk

) − f∗
mk

), and k ∈ {1, 2}. The MIMO
algorithm is summarized in Algorithm 1. Importantly, the
careful construction of a single objective for balanced multi-
modal sensor learning allows us to use gradient descent
directly on f̂mm,µ, without computationally intensive heuristic
subroutines that lack provable convergence guarantees. Next,
we make the following assumptions to establish convergence
of Algorithm 1.

Assumption 3 (Lipschitz continuity of objectives). For all
k ∈ [K], the objectives fmk

are Lmk,1-Lipschitz continuous,
i.e., for any Θmk ,Θ

′
mk

,

|fmk
(Θmk)− fmk

(Θ′
mk

)|≤Lmk,1∥Θmk −Θ′
mk

∥. (15)

Assumption 3 is required in our analysis to establish the
smoothness of the composite objective f̂mm,µ. We can then
state the following proposition.

Proposition 1 (Smoothness of f̂mm,µ). Under Assumptions
2 and 3, there exist L̂mm > 0 such that f̂mm,µ defined in
(13) is L̂mm-smooth (Definition 1), where L̂mm := Lmm +
λ
∑2

k=1

(
Lmk

+ µ−1L2
mk,1

)
.

A proof of Proposition 1 is given in Appendix III.
Proposition 1 establishes the smoothness of the objective
used by Algorithm 1 for gradient descent. Standard gradient
descent theory [27] then yields the following result.

Theorem 2 (Convergence). Let Assumptions 2 and 3 hold.
For any λ, µ > 0, and 0 < ηt ≤ 1/L̂mm for all t ∈ [T ],
Algorithm 1 reaches an ϵ-stationary point of f̂mm,µ with
iteration complexity O(1/ϵ).

IV. EXPERIMENTS

In this section, we evaluate MIMO on several multi-modal
benchmarks and compare it with popular multi-modal and
MOO baselines. In addition to the performance comparison,
we include experiments illustrating the generalization benefits
of MIMO and an ablation study of its parameters.

Experiment settings. We adopt the same experimental
settings as [15] and [9] across several popular multi-modal
datasets. The CREMA-D dataset [30] is an audio-visual
dataset for speech emotion recognition with six emotion labels.
The UR-Funny dataset [31] was created for humor detection
and involves word (text), gesture (vision), and intonational
cue (acoustic) modalities. Kinetics-Sound [32] comprises 31
human action classes derived from the Kinetics dataset [33],
which contains 400 categories of YouTube videos with both
audio and visual components. VGGSound [34] is a large-
scale video dataset with 309 classes spanning a broad range
of everyday audio events. Additional experimental details and
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Fig. 2: Left: Comparison of the training and testing performance of MIMO algorithm with vanilla MSL (joint training with
sum fusion) on CREMA-D dataset. Middle and Right: Comparison of the loss landscape of vanilla MSL and MIMO after
1500 iterations on CREMA-D dataset. The black contours (—) denote the multi-modal training loss, and the yellow dashed
contours (- - -) denote the multi-modal testing loss. The red star (★) denotes the convergent point of each method. The color
of the heatmap denotes the difference between uni-modal sensor training accuracies at the given point of the loss landscape,
where blue ( ) denotes audio modality is dominating, green ( ) denotes visual modality is dominating, and higher color
intensity denotes larger differences in accuracy. As illustrated by the training curves and loss landscapes, MIMO achieves
lower multi-modal test loss (i.e. better generalization) by balancing the learning of each modality.

TABLE I: Multi-modal and uni-modal sensor test accuracy performance (Acc, Acca, Accv, Acct ) of different MSL and
MOO methods on the CREMA-D and UR-Funny datasets. t(s) denotes the average subroutine time for each method. The
best (highest) accuracy results are shown in bold. The best (lowest) subroutine time among the first three best-performing
methods (in Acc) is underlined. All error values denote one standard deviation.

Method CREMA-D UR-Funny
Acc (%) Acca (%) Accv (%) t(s) Acc (%) Acca (%) Accv (%) Acct t(s)

Audio - 59.31± 0.76 - 0.028± 0.005 - 58.00± 0.74 - - 0.037± 0.002

Visual - - 61.04± 0.87 0.029± 0.005 - - 53.12± 0.52 - 0.038± 0.002

Text - - - - - - - 63.74± 1.59 0.038± 0.002

MSL 60.26± 0.84 58.02± 0.58 22.69± 1.72 0.038± 0.009 63.10± 0.59 53.02±1.16 50.18± 0.78 62.49± 0.90 0.038± 0.002

MSES 57.96± 0.42 55.84± 0.91 27.37± 1.12 0.042± 0.007 62.90± 0.68 53.33±1.17 49.91± 1.46 62.71± 0.60 0.071± 0.006

MSLR 62.09± 0.15 58.35± 0.62 25.62± 1.43 0.0412± 0.006 63.16± 0.45 54.77±1.51 50.69± 0.18 61.89± 0.99 0.074± 0.012

OGM-GE 74.49± 0.65 53.78± 1.21 47.82± 1.51 0.112± 0.009 - - - - -
AGM 46.63± 0.93 43.05± 0.99 18.32± 1.11 0.205± 0.005 64.18± 0.77 54.76±0.65 49.45± 0.90 62.74± 0.76 0.384± 0.001

EW 65.50± 0.50 58.80± 0.77 59.66± 1.56 0.036± 0.006 63.63± 0.42 54.00± 0.94 49.69± 0.95 62.41± 0.55 0.090± 0.002

MGDA 63.47± 0.79 60.80± 0.68 26.25± 1.19 0.310± 0.053 63.81± 0.53 53.85± 1.37 49.81± 0.80 62.96±1.00 0.441± 0.003

MMPareto 68.67± 0.97 60.59± 0.57 58.82± 1.61 0.309± 0.053 63.94± 0.53 52.48± 1.57 50.31± 0.76 63.35± 1.27 0.436± 0.006

MIMO 75.96± 0.83 55.60± 1.54 59.76± 1.40 0.037± 0.012 64.54± 0.86 52.19± 1.08 50.38± 0.48 62.10 ± 1.31 0.101± 0.013

results for AV-MNIST, AVE, and CMU-MOSEI are provided
in Appendix V. We compare MIMO with several popular
multi-modal baselines, including Modality-Specific Early
Stopping (MSES) [13], Modality-Specific Learning Rate
(MSLR) [14], On-the-fly Gradient Modulation Generalization
Enhancement (OGM-GE) [9] (designed only for the two-
modality case), and Adaptive Gradient Modulation (AGM)
[15]. In addition to these baselines, we compare against
MOO baselines such as equal weighting (EW), the Multiple
Gradient Descent Algorithm (MGDA) [35], and MMPareto
[16], which solve the multi-modal sensor learning problem
as an MOO problem.

Balanced multi-modal sensor learning for better gener-
alization. We first provide qualitative evidence that MIMO
improves generalization in a real-world multi-modal sensor-
fusion task using the CREMA-D dataset. Figure 2 (Left)
shows the learning behavior of vanilla MSL and MIMO.
While MIMO learns the slow-to-learn visual modality, vanilla

MSL overfits the audio modality, resulting in poor test
performance. Furthermore, in Figure 2 (Middle and Right), we
investigate the loss landscape around the models trained using
vanilla MSL and the proposed MIMO method in a reduced-
dimensional space [36]. Vanilla MSL achieves lower training
loss (solid black contours) than MIMO, but exhibits poorer
test loss (dashed yellow contours). In addition, the training-
accuracy disparity between the audio and visual modalities
(blue-green shading) is much larger in favor of the audio
modality. In contrast, MIMO yields a more balanced training
accuracy between the audio and visual modalities and a better
test-loss profile than vanilla MSL, at the expense of slightly
worse training loss. This suggests that balanced multi-modal
sensor learning prevents the model from overfitting to a
specific modality, thereby improving generalization.

Comparison with baselines. Next, we demonstrate the
performance gains of MIMO on real-world multi-modal
benchmarks relative to existing balanced multi-modal sensor



TABLE II: Comparison using VGGSound dataset.

Acc (%) Acca (%) Accv (%) t(s)
MSL 60.8±0.13 42.83±1.04 15.43±1.18 0.011±0.001

OGM-GE 62.13±1.31 32.50±2.26 22.00±0.01 0.121±0.007

EW 63.90±1.58 48.77±2.01 25.20±1.40 0.006±0.001

MMPareto 66.07±1.04 48.07±1.37 28.87±1.44 0.389±0.053

MIMO 69.10±1.13 41.47±1.04 38.20±1.01 0.019±0.004

TABLE III: Comparison using Kinetics-Sound dataset.

Acc (%) Acca (%) Accv (%) t(s)
MSL 59.83±1.78 41.2±6.34 18.67±1.56 0.023±0.007

OGM-GE 63.73±1.37 44.10±0.01 22.57±2.56 0.247±0.119

EW 60.73±1.77 45.13±2.56 33.3±2.34 0.026±0.010

MMPareto 68.60±1.41 48.07±1.37 37.23±1.37 0.689±0.098

MIMO 69.60±1.41 45.07±1.04 43.13±1.78 0.039± 0.015

learning methods and MOO methods. Table I reports the
performance of MIMO and several fusion and MOO baselines
on the CREMA-D and UR-Funny classification benchmarks.
On CREMA-D, MIMO achieves the best test accuracy among
the baselines. Comparing against the individual-modality
results also shows that MIMO attains superior performance
through balanced multi-modal sensor learning, whereas vanilla
MSL fails to match the best-performing individual modality
(the visual modality). Furthermore, naively applying MOO
methods to the fused and uni-modal sensor objectives (e.g.,
EW and MGDA) does not improve fused performance,
because such approaches provide no fine-grained control over
the trade-off between uni-modal sensor and fused-objective
optimization. For example, MGDA is heavily biased toward
the audio modality, leading to poor fused accuracy.

We then compare MIMO against MSL and MOO baselines
on the three-modality UR-Funny benchmark and observe that
MIMO performs comparably to or better than the baselines,
while maintaining a subroutine time close to that of vanilla
MSL; this is consistent with the observations on CREMA-
D. Next, we evaluate performance on the Kinetics-Sound
benchmark. The results in Table III show that MIMO outper-
forms both MOO baselines and balanced multi-modal sensor
learning baselines. We attribute this superior performance to
more balanced learning across modalities, as evidenced by
the smaller disparity in uni-modal sensor accuracies for audio
and visual modalities (only ∼ 3% for MIMO, whereas the
next-smallest disparity, achieved by MMPareto, is ∼ 11%).
Similar observations can be made from the VGGSound results
in Table II.

Furthermore, in most of the experiments above, MIMO
has the fastest subroutine time (underlined values in the t(s)
column) among the top three best-performing methods, and
its runtime is on the same order as vanilla MSL. In the
VGGSound experiments, MIMO achieves a speed-up of up
to ∼ 20× relative to the next-best-performing baseline (MM-
Pareto). While MIMO consistently outperforms the baselines
across datasets, simple methods such as vanilla MSL can still
work reasonably well on some datasets, such as UR-FUNNY.
This may be due to the nature of the dataset, which does not
satisfy the conditions for imbalance in MSL [37] and therefore
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Fig. 3: Ablation of hyperparameters.

does not exhibit severe modality imbalance. However, since
MIMO does not incur significant computational overhead,
applying it in such cases is reasonable.

Ablation of MIMO parameters. In Figure 3, we provide
an ablation study of the choice of λ and µ for MIMO on the
CREMA-D dataset. We observe that, for very small λ (= 1.0),
performance is worse than for larger λ values (≥ 10), which
is expected because the effect of the constraint is weaker when
λ is small. We also observe that increasing λ can improve
performance, although the gains become marginal for larger λ
values (≥ 10). For µ, smaller values lead to good performance,
whereas larger values significantly degrade performance. This
is also expected: when µ is large, the smoothed max deviates
too much from the max function, preventing MIMO from
prioritizing the worst-performing uni-modal sensor objective.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we proposed a new formulation for bal-
anced multi-modal sensor learning that prioritizes the worst-
performing uni-modal sensor objective while optimizing the
fused multi-modal sensor objective. This perspective improves
modality balance and supports robust multi-modal sensor
representations relevant to learning-enabled control pipelines.
We then proposed MIMO, a simple gradient-based algorithm
with convergence guarantees and without computationally
expensive inner subroutines. Empirical evaluations show that
MIMO outperforms existing balanced multi-modal sensor
learning methods while substantially reducing computation
time. This work focuses on late-fusion architectures with
concatenation/sum fusion; extending MIMO-style MOO
formulations to early/hybrid fusion and to explicit closed-loop
control criteria is a natural next step.
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Supplementary Material for “Balancing Multi-modal Sensor Learning via Multi-objective
Optimization"

APPENDIX I
NOTATIONS

A summary of notations used in this work is listed in Table IV for ease of reference.

TABLE IV: Notations and their descriptions.

Notation Description

K Number of modalities considered. We use K=2 in most parts of the paper for conciseness
N Number of datapoints in the multi-modal sensor dataset Dmm

k Index used to denote modality, k ∈ [K]
i Index used to denote datapoint, i ∈ [N ]

Dataset

x
(mk)
i Input corresponding to modality mk for the datapoint index i

yi Target output for the datapoint index i
ŷi Multi-modal output of the vanilla MSL/MIMO model for the datapoint index i

ŷ
(mk)
i Uni-modal output of the MIMO model for the modality mk for the datapoint index i

Model

ϑmm Multi-modal head in the vanilla MSL/MIMO model (see Figure 1)
ϑmk Uni-modal head for the modality mk in the MIMO model (see Figure 1)
θmk Uni-modal encoder for the modality mk in the vanilla MSL/MIMO model (see Figure 1)

Θmm
Concatenation of all the components in the vanilla MSL model,
i.e. Θmm := [ϑmm; θm1 ; θm2 ; . . . ; θmK ]

Θ̂mm
Concatenation of the MIMO model parameters,
i.e. Θ̂mm := [ϑmm;ϑm1 ;ϑm2 ; . . . ;ϑmK ; θm1 ; θm2 ; . . . ; θmK ]

Θmk

Concatenation of all the mk modality specific components in the MIMO model,
i.e. Θmk := [ϑmk ; θmk ]

Objectives

fmm(Θmm) Vanilla multi-modal sensor fusion objective
fmk (Θmk ) Uni-modal objective for modality mk induced by uni-modal sensor head ϑmk in MIMO model
f̂mm(Θ̂mm) MIMO objective, which is a combination of fmm and fmk for all k ∈ [K] (defined in (13) for K=2)

Toy Illustration

ϑmm,mk Parameter matrix for the partition of ϑmm that corresponds to the modality mk

Cmk Empirical input correlation matrix for modality mk (defined in Section II)
Cmkm3−k Empirical cross-correlation matrix between modality mk and modality m3−k (defined in Section II)
Cymk Empirical input-output correlation matrix for modality mk (defined in Section II)

Let the empirical input and input-output correlation matrices for modality m1 be Cm1
and Cym1

(similarly for modality
m2). Also let the cross-correlation matrices between m1 and m2 be Cm1m2 and Cm2m1

APPENDIX II
DETAILS OF TOY EXAMPLE

In this section, we provide the implementation details of the toy experiment used to generate the learning curves given in
Figure 1. This experiment is motivated by a similar illustration given in [12].

a) Datset.

To generate multi-modal data Dmm := {x(m1)
i , x

(m2)
i , yi}Ni=1, we sample each element of x(m1)

i from N (0, 25) and each
element of x(m2)

i from N (0, 0.25), where x
(m1)
i , x

(m2)
i ∈ R50, N (µ, σ2) are Gaussian distributions with mean µ and variance

σ2. We set the number of data points N = 700. The label for each datapoint is generated as yi = 0.001x
(m1)
i + x

(m2)
i . The

dataset is generated in this way so that it satisfies the condition for superficial modality preference given by

∥Cym1
∥ > ∥Cym2

∥ and Cym1
C−1

m1
C⊤

ym1
< Cym2

C−1
m2

C⊤
ym2

, (16)

where Cmk
:= 1

NΣN
i=1x

(mk)
i (x

(mk)
i )⊤, Cmkm3−k

:= 1
NΣN

i=1x
(mk)
i (x

(m3−k)
i )⊤, and Cymk

:= 1
NΣN

i=1yi(x
(mk)
i )⊤. The

derivation of the condition (16) for superficial modality preference follow the derivation steps given in [12] Appendix F.



TABLE V: Gradient of the objective for each layer of the network for vanilla MSL (column fmm(Θ)) and MIMO (column
fmm(Θ) + column ∆). Column ∆ contain the additional gradient components for f̂mm(Θ̂mm) (if any) compared to that of
fmm(Θ). Rows ∇ϑm1

and ∇ϑm2
for column fmm(Θ) is empty because only MIMO model Θ̂mm contains ϑm1

and ϑm2
.

In column ∆, λi = λ if i = arg max
i∈{1,2}

(
fmk

(ϑmk
, θmk

)− f∗
mk

)
, else 0, where λ is the penalty parameter in (9).

fmm(Θ) ∆ = f̂mm(Θ̂mm)− fmm(Θ)

∇θm1
ϑ⊤
mm,m1

(Cym1 − ϑmm,m1θm1Cm1 − ϑmm,m2θm2Cm2m1 ) λ1ϑ⊤
m1

(Cym1 − ϑm1θm1Cm1 )

∇θm2
ϑ⊤
mm,m2

(Cym2 − ϑmm,m1θm1Cm1m2 − ϑmm,m2θm2Cm2 ) λ2ϑ⊤
m2

(Cym2 − ϑm2θm2Cm2 )

∇ϑmm,m1
(Cym1 − ϑmm,m1θm1Cm1 − ϑmm,m2θm2Cm2m1 ) θ

⊤
m1

−
∇ϑmm,m2

(Cym2 − ϑmm,m1θm1Cm1m2 − ϑmm,m2θm2Cm2 ) θ
⊤
m2

−
∇ϑm1

− λ1 (Cym1 − ϑm1θm1Cm1 ) θ
⊤
m1

∇ϑm2
− λ2 (Cym2 − ϑm2θm2Cm2 ) θ

⊤
m2

b) Models.
For the vanilla multi-modal sensor fusion model (as shown in Figure 1 (a)) we use a linear layer of input size 50 and

output size 100 as the modality encoder for each modality m1 and m2, and then use linear layers of input size 100 and
output size 1 for the modality-specific fusion head part for each modality m1 and m2. Finally, the multi-modal output is
obtained by summing the output of each modality-specific part. For the MIMO model, we use the same architecture for the
multi-modal part of the model, and use two additional linear layers, each with input size 100 and output size 1 to generate
uni-modal sensor outputs (as shown in Figure 1 (b)).

c) Optimization.
We use a learning rate of 0.01 for both vanilla MSL and MIMO methods. For the MIMO method, we set λ = 10 and

µ = 0.2. The expressions of the gradients used in vanilla MSL and MIMO are summarized in Table V. The derivation of
gradients follow a similar approach to that given in [12] Appendix A.

d) Superficial modality preference.
In Figure 1 (a), we can see that vanilla MSL is quick to learn modality m1. However, it does not contribute to minimizing

the multi-modal sensor fusion objective compared to modality m2. This phenomenon is known as “superficial modality
preference” [12], and occurs due to the properties of the dataset. More concretely, let the time taken to reach Mm1

and Mm2

are tm1
and tm2

, respectively. Furthermore, let the objective value at the manifolds Mm1
and Mm2

be fmm (Mm1
) and

fmm (Mm2
), respectively. Then we say model has “superficial modality preference” [12] if the following condition holds

tm1
< tm2

and fmm (Mm1
) > fmm (Mm2

) . (17)

It can be shown that if the dataset statistics satisfy the following condition, applying SGD on fmm with model Θ will result
in superficial modality preference:

∥Cym1∥ > ∥Cym2∥ and Cym1C
−1
m1

C⊤
ym1

< Cym2C
−1
m2

C⊤
ym2

. (18)

Note that the condition depends only on the statistics of each modality data. Thus, applying SGD on multi-modal sensor
fusion objective fmm parameterized by a late fusion multi-modal Θ can result in the model giving priority to one modality,
which may not be contributing most in minimizing the objective. The data set used in this toy example is generated in such
a way that the above conditions for superficial modality preference are met.

APPENDIX III
PROOF OF PROPOSITION 1.

In this section, we provide the proof for Proposition 1.

Proof. Consider any Θ̂mm = [ϑmm;ϑm1
;ϑm2

; θm1
; θm2

], with Θmk = [ϑmk
; θmk

] for k ∈ {1, 2}. For brevity, we will
omit the argument of the function/gradient in derivation; for example ∇Θ̂mm

fmm(Θ̂mm) will be denoted as ∇Θ̂mm
fmm.

However, we will carefully consider the dependence of the function on the corresponding parameter, when we take gradients.
Furthermore, we will denote the dimension of a vector parameter v as dim(v). Our goal in this proof is to show that
∇2

Θ̂mm
f̂mm ⪯ L̂mmI0 for some L̂mm > 0, where ∇2

Θ̂mm
f̂mm is the Hessian of f̂mm, and I0 ∈ Rdim(Θ̂mm)×dim(Θ̂mm) is



an identity matrix. We first derive the gradient of gµ := µ log
(∑2

k=1 exp
(

fmk
−f∗

mk

µ

))
with repsect to Θ̂mm. We have

∇Θ̂mm
gµ =

µ∑2
k=1 exp

(
fmk

−f∗
mk

µ

) ·
2∑

k=1

1

µ
exp

(
fmk

− f∗
mk

µ

)
∇Θ̂mm

fmk

=
1∑2

k=1 exp
(

fmk
−f∗

mk

µ

) 2∑
k=1

exp

(
fmk

− f∗
mk

µ

)
∇Θ̂mm

fmk
. (19)

Then we can compute ∇2
Θ̂mm

gµ as

∇2
Θ̂mm

gµ = ∇Θ̂mm

 1∑2
k=1 exp

(
fmk

−f∗
mk

µ

) 2∑
k=1

exp

(
fmk

− f∗
mk

µ

)
∇Θ̂mm

fmk


=

(∑2
k=1 exp

(
fmk

−f∗
mk

µ

))
∇Θ̂mm

(∑2
k=1 exp

(
fmk

−f∗
mk

µ

)
∇Θ̂mm

fmk

)
(∑2

k=1 exp
(

fmk
−f∗

mk

µ

))2
−

(∑2
k=1 exp

(
fmk

−f∗
mk

µ

)
∇Θ̂mm

fmk

)
∇Θ̂mm

(∑2
k=1 exp

(
fmk

−f∗
mk

µ

))
(∑2

k=1 exp
(

fmk
−f∗

mk

µ

))2
=

2∑
k=1

Ψ(zk)

(
1

µ
∇Θ̂mm

fmk
∇Θ̂mm

f⊤
mk

+∇2
Θ̂mm

fmk

)

− 1

µ

(
2∑

k=1

Ψ(zk)∇Θ̂mm
fmk

)(
2∑

k=1

Ψ(zk)∇Θ̂mm
fmk

)⊤

, (20)

where zk =
fmk

−f∗
mk

µ , and Ψ is the softmax operator given by Ψ(zi) =
exp(zi)∑2

k=1 exp(zk)
. We then rewrite (20) as

∇2
Θ̂mm

gµ =

2∑
k=1

Ψ(zk)∇2
Θ̂mm

fmk
+

1

µ

[
2∑

k=1

Ψ(zk)∇Θ̂mm
fmk

∇Θ̂mm
f⊤
mk

−

(
2∑

k=1

Ψ(zk)∇Θ̂mm
fmk

)(
2∑

k=1

Ψ(zk)∇Θ̂mm
fmk

)⊤ ]
. (21)

Now, consider ∇2
Θ̂mm

fmk
for k ∈ {1, 2}. Since fmk

is Lmk
-smooth (Assumption 2), we have

∇2
Θmk

fmk
⪯ Lmk

Ik, Ik ∈ Rdim(Θmk
) is an identity matrix

=⇒ ∇2
Θ̂mm

fmk
⪯ Lmk

I0

=⇒ v⊤(∇2
Θ̂mm

fmk
− Lmk

I0)v ≤ 0 for any v ∈ Rdim(Θ̂mm)

=⇒
2∑

k=1

Ψ(zk) v
⊤(∇2

Θ̂mm
fmk

− Lmk
I0)v ≤ 0

=⇒ v⊤

(
2∑

k=1

Ψ(zk)∇2
Θ̂mm

fmk
−

2∑
k=1

Lmk
I0

)
v ≤ 0

=⇒
2∑

k=1

Ψ∇2
Θ̂mm

fmk
⪯

2∑
k=1

Lmk
I0. (22)



Next, considering the second term of (21), we have for any v ∈ Rdim(Θ̂mm),

v⊤

[
2∑

k=1

Ψ(zk)∇Θ̂mm
fmk

∇Θ̂mm
f⊤
mk

−

(
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)(
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fmk

)⊤

−
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L2
mk,1

I0

]
v

=

2∑
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Ψ(zk) y
2
k −

(
2∑

k=1

Ψ(zk) yk

)2

− ∥v∥2
2∑

k=1

L2
mk,1

, yk = v⊤∇Θ̂mm
fmk

for k ∈ {1, 2}

≤
2∑

k=1

Ψ(zk) y
2
k − ∥v∥2

2∑
k=1

L2
mk,1

≤
2∑

k=1

Ψ(zk) ∥∇Θ̂mm
fmk

∥2∥v∥2 − ∥v∥2
2∑
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L2
mk,1

, due to Cauchy-Schwarz inequality (23)

≤ ∥v∥2
2∑

k=1

Ψ(zk)
(
∥∇Θ̂mm

fmk
∥2 − L2

mk,1

)
(24)

≤ 0, (25)

where the last inequality is due to Assumption 3. The above inequality suggests that

2∑
k=1

Ψ(zk)∇Θ̂mm
fmk

∇Θ̂mm
f⊤
mk

−

(
2∑

k=1

Ψ(zk)∇Θ̂mm
fmk

)(
2∑
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Ψ(zk)∇Θ̂mm
fmk

)⊤

⪯
2∑
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L2
mk,1
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Putting together (21), (22), and (26), we have

∇2
Θ̂mm

gµ ⪯
2∑

k=1

(
Lmk

+
L2
mk,1

µ

)
I0. (27)

On the other hand, from the Lmm-smoothness of fmm (Assumption 2), we have

∇2
Θ̂mm

fmm ⪯ LmmI0. (28)

Since f̂mm = fmm + λgµ, we can have
∇2

Θ̂mm
f̂mm ⪯ L̂mmI0, (29)

where L̂mm := Lmm + λ
∑2

k=1

(
Lmk

+
L2

mk,1

µ

)
> 0, which completes the proof.

APPENDIX IV
PROOF OF THEOREM 1

To prove Theorem 1, it is crucial to analyze the properties of the maximum gap function g(Θ) :=
maxk∈[K]

(
fmk

(Θmk)− f∗
mk

)
, where Θm = [Θm1 , · · · ,ΘmK ]. As we will show later, although it is non-differentiable, it

still has some desired properties.

Definition 3 (Semi-smoothness). Let ℓ : Rd → R be a locally Lipschitz function. The function ℓ is said to be semi-smooth if
it is directionally differentiable at any z ∈ Rd and for any direction d ∈ Rd and any J ∈ ∂ℓ(z + d), it holds that

|ℓ(z + d)− ℓ(z)− J⊤d| = O(∥d∥2) as d → 0 (30)

Furthermore, the function ℓ is said to be semi-smooth on Z ⊂ Rd with L if ℓ is α-order semi-smooth at every z ∈ Z and
there exists d̄ such that for all ∥d∥ ≤ d̄ and any z ∈ Z , the following holds

|ℓ(z + d)− ℓ(z)− J⊤d| ≤ L∥d∥2. (31)

Both smooth and piecewise smooth functions are semi-smooth functions [38].

Proposition 2. Under Assumption 1–2, the maximum gap function g(Θm) := maxk∈[K]

(
fmk

(Θmk)− f∗
mk

)
satisfies the

semi-smooth condition with L := maxk∈[K] Lmk
and the Kurdyka-Łojasiewicz (KL) condition, i.e.

dist(0, ∂g(Θm))2 ≥ µ

K
g(Θm).



Proof. Since piecewise smooth function is semi-smooth [38], maxk∈[K] : RK → R is semi-smooth with modulus 1. Then
since the class of semi-smooth functions is closed under composition [38], we know that g(Θm) is semi-smooth over Θm

with L := maxk∈[K] Lmk
.

Define the active index set as I(Θm) = argmaxk∈[K]{fmk
(Θmk)−f∗

mk
} and the block vector G(k) = ek⊗∇fmk

(Θmk),
where ek ∈ RK is the k-th standard basis vector. This means

G(k) = (0, . . . , 0,∇fmk
(Θmk) , 0, . . . , 0) .

Then the subgradient of g(Θm) is given by [39]

∂g(Θm) = conv{G(k) | k ∈ I(Θm)}. (32)

For any v ∈ ∂g(Θm), there exists ak ≥ 0 such that
∑

k∈I(Θm) ak = 1 and k-th block of v has the form

vk =

{
ak∇fmk

(Θm) , k ∈ I(Θm),

0 k ̸∈ I(Θm).
(33)

Therefore, we have

∥v∥2 =

K∑
k=1

∥vj∥2 =
∑

k∈I(Θm)

∥ak∇fmk
(Θmk) ∥2

(a)

≥ µ
∑

k∈I(Θm)

a2k(fmk
(Θmk)− f∗

mk
)

(b)
= µ

∑
k∈I(Θm)

a2kg (Θm)

(c)

≥ 1

|I(Θm)|
µg (Θm) ≥ µ

K
g (Θm)

where (a) is because of Assumption 1, (b) is due to k ∈ I(Θm), and (c) is because of the Cauchy–Schwarz inequality
which gives

∑
k∈I(Θm) a

2
k ≥ 1

|I(Θm)| . Taking inf over both sides for v ∈ ∂g(Θm), this completes the proof because
dist(0, ∂g(Θm))2 = minv∈∂g(Θm) ∥v∥2.

Proof of Theorem 1. We only prove the local solution relations, and the corresponding global result then follows by extending
the local region to the entire domain. Since (Θ∗

mm,Θ∗
mk

) is the ϵλ-local solution of penalty problem (9), then there
exists a local neighborhood of (Θ∗

mm,Θ∗
mk

) ∈ B((Θ∗
mm,Θ∗

mk
), R) with R > 0 such that for any (Θmm,Θmk) ∈

B((Θ∗
mm,Θ∗

mk
), R)), we have

fmm(Θmm) + λmax
k∈[K]

(
fmk

(Θmk)− f∗
mk

)
≥ fmm(Θ∗

mm) + λmax
k∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
− ϵλ (34)

Specially, for any (Θmm,Θmk) ∈ B((Θ∗
mm,Θ∗

mk
), R)) with

max
k∈[K]

(
fmk

(Θmk)− f∗
mk

)
≤ max

k∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
=: ϵ

we have

fmm(Θmm) ≥ fmm(Θ∗
mm)− ϵλ (35)

Therefore, (Θ∗
mm,Θ∗

mk
) is ϵλ-local-optimal to the relaxed problem if ϵ := maxk∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
is small.

Without loose of generality (W.L.O.G), we assume 0 /∈ ∇Θmk
fmm(Θ∗

mm) + λ∂Θmk
maxk∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
.

Denote Θ̂∗
mm := [Θ∗

mm, {Θ∗
mk

}Kk=1], and letting Θ̂′
mk

= [Θ′
mm, {Θ′

mk
}Kk=1] = Θ̂∗

mk
− ru

∥u∥ where

u ∈ ∇Θmk
fmm(Θ∗

mm) + λ∂Θmk
max
k∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
is some subgradient that will be chosen later and r ≤ R. Then according to Proposition 2 and Taylor expansion of f , we have

−ϵλ ≤ fmm(Θ′
mm) + λmax

k∈[K]

(
fmk

(Θ′
mk

)− f∗
mk

)
− (fmm(Θ∗
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fmk

(Θ∗
mk

)− f∗
mk

)
)

≤ u⊤(Θ′
mk

−Θ∗
mk

) +
Lmm + λmaxLmk

2
∥Θ′

mk
−Θ∗

mk
∥2 ≤ −r∥u∥+ Lmm + λmaxLmk

2
r2



Therefore, when choosing r = O(R(ϵλ/λ)
1
2 ) ≤ R, we have

dist(0,∇Θmk
fmm(Θ∗

mm) + λ∂Θmk
max
k∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
)

≤ ∥u∥ ≤ Lmm + λmaxLmk

2
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ϵλ
r

= O(λr + ϵλ/r) = O(ϵ
1
2

λλ
1
2 )

Let ug ∈ ∂Θmk
maxk∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
be the one with u = ∇Θmk

fmm(Θ∗
mm) + λug, then by Cauchy-Schwartz

inequality,

dist(0, ∂Θmk
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≤ O
(√

ϵλ
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+
1
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= O(ϵλ).

where the last equality is obtained by setting λ = O(ϵ−1
λ ). Furthermore, with Proposition 2, we have

µ

K

(
max
k∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
)

)
≤ O(ϵ2λ)

Therefore, we have ϵ := maxk∈[K]

(
fmk

(Θ∗
mk

)− f∗
mk

)
) ≤ O(ϵ2λ). Combining with (35), (Θ∗

mm,Θ∗
mk

) is ϵλ-local-optimal
to the relaxed problem with ϵ.

APPENDIX V
ADDITIONAL EXPERIMENTS AND DETAILS

In this section, we provide implementation details for MIMO and other baselines in CREMA-D, AV-MNIST, UR-FUNNY,
and CMU-MOSEI multi-modal sensor benchmark datasets. Furthermore, we provide an ablation of MIMO parameters. For
implementing uni-modal sensor learning, vanilla MSL, and balanced multi-modal sensor learning methods, we use the
implementations of [15]1 and [9]2. MOO baselines are implemented by us. To be comparable with MOO methods, for
uni-modal sensor accuracy results for vanilla-MSL and balanced multi-modal sensor learning methods, we train a dedicated
uni-modal sensor head using the features extracted from the uni-modal sensor encoders, in addition to the fusion heads. We
provide an average of over three seeds for our experiments, with an error bar of one standard deviation. All experiments are
run using 2 NVIDIA GeForce RTX 3090 GPUs and 4 NVIDIA RTX A6000 GPUs.

a) CREMA-D [30].
This dataset is for multi-modal speech emotion recognition using facial and vocal expressions. The dataset includes six

common emotions: anger, happiness, sadness, neutrality, disgust, and fear. It is randomly divided into a training set with 6, 027
samples, a validation set with 669 samples, and a testing set with 745 samples. For method-specific parameter configurations
for implementing uni-modal sensor learning, vanilla MSL, and balanced multi-modal sensor learning baselines we use the
default setting of implementation by [15]. All methods are optimized with SGD optimizer with an initial stepsize of 10−3,
for 100 epochs.

b) UR-Funny [31].
The dataset was created for affective computing tasks that detect humor through the use of words (text), gestures (vision),

and prosodic cues (acoustic). This dataset was collected from TED talks and utilizes an equal number of binary labels
for each sample. For method-specific parameter configurations for implementing uni-modal sensor learning, vanilla MSL,
and balanced multi-modal sensor learning baselines we use the default setting of implementation by [15]. All methods
are optimized with SGD optimizer with an initial stepsize of 10−3, for 100 epochs. Note that OGM-GE method is not
implemented in this dataset since OGM-GE is by design only a two-modality balanced multi-modal sensor learning method.
Kinetics-Sounds [32] This dataset is derived from the larger Kinetics dataset [33], which contains 400 classes of YouTube
videos. Kinetics-Sounds specifically includes 31 human action categories that were selected for their potential to be both seen
and heard, such as playing musical instruments. Each video clip is 10 seconds long, manually labeled for human actions via
Mechanical Turk, and trimmed to center around the action of interest. The dataset comprises 19,000 video clips in total, with
a split of 15,000 for training, 1,900 for validation, and 1,900 for testing.
VGGSound [34] This dataset is a comprehensive video dataset consisting of 309 classes that span a broad spectrum of
audio events encountered in everyday contexts. The videos, each lasting 10 seconds, are recorded in real-world settings with
an audio-visual alignment, meaning the source of the sound is visible. The dataset is partitioned following the original split
in [34]. For our experiments, 168,618 videos are used for training and validation, while 13,954 are allocated for testing due
to the unavailability of some YouTube videos.

1https://github.com/lihong2303/AGM_ICCV2023.git
2https://github.com/GeWu-Lab/OGM-GE_CVPR2022

https://github.com/lihong2303/AGM_ICCV2023.git
https://github.com/GeWu-Lab/OGM-GE_CVPR2022


TABLE VI: Comparison using AV-MNIST dataset.

Method Acc (%) Acca (%) Accv (%) t(s)
Ca - 42.32± 0.17 - 0.019± 0.003

Cv - - 65.05± 0.08 0.019± 0.003

Vanilla MSL 71.70± 0.11 39.98± 0.46 64.67± 0.24 0.015± 0.002

MSES 71.61± 0.02 39.92± 0.65 64.66± 0.26 0.017± 0.002

MSLR 71.96± 0.12 40.5± 0.79 64.50± 0.14 0.018± 0.002

OGM-GE 71.70± 0.11 39.98± 0.46 64.67± 0.24 0.055± 0.026

AGM 70.92± 0.81 29.16± 0.92 61.76± 1.98 0.060± 0.021

EW 72.22± 0.04 41.63± 0.26 41.77± 0.18 0.019± 0.011

MGDA 72.15± 0.50 41.63± 0.12 41.92± 0.22 0.086± 0.003

MMPareto 72.42± 0.21 41.64± 0.35 41.83± 0.25 0.085± 0.002

MIMO (ours) 72.77± 0.10 42.21± 0.38 42.25± 0.34 0.018± 0.004

c) AV-MNIST [40].
In addition to the experiments given in the main text, here we provide a comparison of MIMO with proposed baselines in

the AV-MNIST dataset. This dataset is for multi-media classification tasks by combining visual and audio features. The first
modality, a noisy image, consists of 28× 28 PCA-projected MNIST images. The second modality, audio, consists of audio
samples represented by 112× 122 spectrograms. The entire dataset comprises 70, 000 samples, divided into a training set
and a validation set at a ratio of 6 : 1. Additionally, 10% of the samples from both the training set and validation set were
randomly selected to create a development set. For method-specific parameter configurations for implementing uni-modal
sensor learning, vanilla MSL, and balanced multi-modal sensor learning baselines we use the default setting of implementation
by [15]. All methods are optimized with SGD optimizer with an initial stepsize of 10−3, for 100 epochs. From Table VI,
it can be seen that MIMO can outperform the best performing modality significantly, and perform comparably or better
compared to other baselines. Moreover, when considering the subroutine execution times, MIMO is ∼ 4 faster compared to
the next best performing method (MMPareto). These results demonstrate that MIMO can achieve superior performance with
balanced multi-modal sensor learning, incurring only a minimal increase in computational time.

d) CMU-MOSEI [41].
This dataset was compiled for sentence-level sentiment analysis and emotion recognition, consisting of 23,454 movie

review clips drawn from over 65.9 hours of YouTube video featuring 1,000 speakers. As per the implementation in [15], we
utilize only the text and audio modalities, and the train/validation/test sets are split into 16,327, 1,871, and 4,662 samples,
respectively. All methods are optimized with SGD optimizer with an initial stepsize of 10−4, for 100 epochs. The experiment
results for CMU-MOSEI dataset is given in Table VII. It can be seen that while MIMO can outperform the best performing
modality, vanilla MSL and AGM fail to achieve this. Moreover, when considering the subroutine execution times, MIMO
is only slightly slower than vanilla MSL. These results demonstrate that MIMO can achieve superior performance with
balanced multi-modal sensor learning, incurring only a minimal increase in computational time.

e) AVE [42].
This dataset is an audio-visual dataset designed for event localization, encompassing 28 event classes. It contains 4,143

videos, each 10 seconds long, with synchronized audio and visual tracks, along with frame-level annotations. The experiment
results for AVE dataset is given in Table VIII. It can be seen that, similar to CMU-MOSEI dataset, MIMO can achieve
superior performance compared to the baselines with a subroutine time similar to that of vanilla MSL. Furthermore, it can be
seen that MIMO can outperform unimodal baselines consistently, while vanilla MSL and AGM fail to achieve this.

TABLE VII: Comparison using CMU-MOSEI dataset.

Method Acc (%) Acct (%) Acca (%) t(s)

Text - 81.53± 0.16 - 0.100± 0.009

Audio - - 74.12± 0.06 0.101± 0.009

MSL 80.33± 0.18 73.89±1.58 73.08± 0.01 0.279± 0.009

AGM 80.28± 0.19 79.64±0.19 78.23± 0.65 0.304± 0.007

MIMO 81.62± 0.06 81.44± 0.10 81.36 ±0.23 0.287± 0.009

TABLE VIII: Comparison using AVE dataset.

Method Acc (%) Acca (%) Accv (%) t(s)

Audio - 66.03±0.28 - 0.010±0.001

Visual - - 63.82±0.99 0.011±0.001

MSL 67.41±0.30 33.46±1.49 56.61±1.91 0.027±0.002

AGM 72.54±1.13 54.73±1.29 50.92±1.98 0.161±0.002

MIMO 73.69±0.24 72.69±0.22 71.85 ±0.47 0.029±0.002

f) MOO baseline implementation.
We implement the equal weighting (EW) method by optimizing the sum of uni-modal sensor and multi-modal sensor

fusion objectives. For implementing MGDA, we consider the shared and non-shared parameters separately. Specifically, we
solve the MGDA sub-problem [43] using the gradient of uni-modal sensor and multi-modal sensor fusion objectives with
respect to encoder weights for each modality encoder. Non-shared parameters like multi-modal and uni-modal sensor heads
are updated using normal SGD updates. For MMPareto, we follow the method described in [16], with updating shared and
non-shared parameters similar to that of MGDA implementation.



TABLE IX: MIMO parameters

CREMA-D UR-Funny Kinetics-Sound VGGSound AV-MNIST CMU-MOSEI AVE
λ 100 10 10 10 10 100 100
µ 0.01 1.0 0.01 0.01 0.1 0.001 0.01

g) Subroutine time calculation.
For calculating the subroutine times of MIMO and baselines, we compute the average computation time taken for the

subroutine used for balancing modalities (if any) and updating the model parameters per batch. Since run times differ for
different seeds due to background processes, we report the average subroutine times (over 100× number of batches per
epoch) calculated using one seed.

h) MIMO parameters and implementation.
MIMO-specific parameters used for each dataset are given in Table IX. We coarsely tune λ parameter in the grid

{1, 10, 100}, and µ parameter in the grid {0.001, 0.01, 0.1, 1.0} for each dataset. To ensure numerical stability during MIMO
implementation, when the loss values become large, we increase the value of µ two times until the exponents in the MIMO
objective fall within the permissible range for the datatype. The reported subroutine times include the computation time
required for this adjustment.
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