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ABSTRACT

The process of creating and optimizing a learned model inevitably involves multiple
training runs which potentially feature different architectural designs, input and out-
put encodings, and losses. Our method, You Only Train Once (YOTO), contributes
to limiting training to one shot w.r.t. the latter aspect of selection and weighting of
losses. It achieves this by automatically optimizing loss weight hyperparameters of
learned models in one shot via standard gradient-based optimization, treating these
hyperparameters as regular parameters of the networks and learning them. To this
end, we leverage the differentiability of the composite loss formulation which is
widely used for optimizing multiple empirical losses simultaneously. We model this
formulation as a novel layer, parameterized with a softmax operation which satisfies
the inherent positivity constraints on loss hyperparameters while avoiding degener-
ate empirical gradients. We complete our joint end-to-end optimization scheme by
defining a novel regularization loss on the learned hyperparameters, which models
a uniformity prior among the employed losses while ensuring boundedness of the
identified optima. We evidence the efficacy of YOTO in jointly optimizing loss
hyperparameters and regular model parameters in one shot by comparing it to the
commonly used grid search and random search across transformers and CNNs
for two representative vision tasks, i.e. the regression task of 3D estimation and
the classification task of semantic segmentation, and showing that it consistently
outperforms both grid and random search on unseen test data at a fraction of the
compute.

1 INTRODUCTION

Artificial intelligence has been driven in recent years via very large hierarchical parametric models in
the form of neural networks, whose success is largely due to the invention of effective and efficient
algorithms for optimizing them ( , ). The most widely used class of such
algorithms is based on gradient descent (GD), because gradients of the minimization objective with
respect to model parameters can be computed fast and thus afford numerous rapid iterations of the
algorithm, which helps to quickly i 1mprove the objective even with stochastic updates that use very
small fractions of the dataset ( s ; s ) and to converge to fair local optima.

While optimizing a given instance of a neural network architecture on a given data-based objective,
i.e. a given empirical loss, is thus by now well-understood and solvable, (i) selecting an optimal
architecture itself as well as (ii) optimally selecting and weighting empirical losses themselves still
pose fundamental challenges to the community. The first of these two points has given rise to the
relatively new research area of neural architecture search (NAS) ( s R ).
Moreover, both (i) and (ii) involve the optimization of hyperparameters (HPs), i.e. parameters which
are of a different, potentially non-differentiable or even non-continuous nature than regular parameters
of neural network layers Hyperparameter optimization (HPO) ( ,

, ) consists precisely in optimizing such hlgher-level
parameters of elther the architecture or the losses. However, the crux of both NAS and HPO in
practice is that they typically require multiple complete training runs in order to first compute the
validation performance of the network before making a single iteration in the architecture space or
the HP space. Each outer iteration of this meta-optimization is thus extremely inefficient compared to
inner, gradient-based iterations in the parameter space.
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In this work, we focus on point (ii), i.e. on the selection and weighting of losses. We start with the
observation that a large portion of HPO experiments in practice lies in the optimization of HPs which
weigh multiple empirical losses and which typically appear as weights of a linear combination of
such losses. A piece of evidence for the ubiquity of this setting comes from randomly examining
the 20 papers which appear at the top of the online list of the CVPR 2024 proceedings (cvp,

): 10 out of the 20 optimize such a linear combination of distinct empirical losses. More

broadly, notable vision models that fall in this setting include Gaussian Splatting ( , ),
pix2pix ( R ), the R-CNN series ( s ; ; R ),
and DETR ( , ), and respective language models include PaLM ( ,

), Switch Transformers ( , ), and DistilBERT ( , ). Because

of the moderate dimensionality of this HP space and the aforementioned typical inefficiency and
intensity of sophisticated HPO techniques, practitioners in learning areas such as vision or language
commonly resort to simple yet computationally intensive brute-force approaches, such as grid search
in this space ( , ), to optimize these loss HPs. However, such approaches suffer
from the curse of dimensionality, which makes them cumbersome even for optimizing two HPs
when a suitable range of values is not known a priori. Can we instead directly optimize loss weight
HPs simultaneously and jointly with regular model parameters in one shot, building on standard
gradient-based methods?

We present a novel optimization algorithm, named You Only Train Once (YOTO), and experimental
validation of it that jointly answer this question affirmatively. YOTO hinges on the linearity of
the above composite empirical loss to the involved loss weight HPs, which allows us to express
this loss as the ultimate, differentiable layer of the overall end-to-end model. In turn, gradients
with respect to the loss HPs can be computed and backpropagated in order to update the latter
together with the regular parameters of the network, i.e. to apply standard gradient-based learning
on them. We bake the inherent positivity of loss weights in our novel loss layer by operating in a
logarithmic space, and decouple the loss scale from the learning rate via a softmax parameterization
which ensures normalization. Akin to weight decay ( , ) used for regular
network weights which reside in a Euclidean space, we complete YOTO with a novel hyperparameter
decay for regularization, which uses the gradient of a negated entropy term and a softplus term that
promote uniformity and upper-boundedness, respectively. We evidence—through experiments on
two central regression and classification tasks in vision—that letting the loss HPs of neural networks
be jointly optimized with the networks’ regular parameters via normal gradient-based optimization
delivers models that exceed the generalization capability of gradient-based optimization of only
regular parameters, in which loss HPs are segregated from regular parameters, kept fixed in each
optimization run, and optimized by computationally far more intensive and slow brute-force or
meta-learning-based approaches. Last but not least, YOTO exhibits robustness to stochasticity and
initialization.

2 BACKGROUND AND RELATED WORK

HPO is as old as machine learning itself ( s ; s ), as it arises from the
ubiquitous empirical need for an optimal expenmental design and thus plays a critical role in the
field. HPs not only determine the generalization capabilities of trained models, but may actually
decide which method constitutes the state of the art. The distinction between standard optimization of
parametric models and HPO has been invariably based on the nested nature of the latter (
, ). Formally, let f(A) denote a learned mapping configured by the HP vector A and
consider a function M that evaluates the performance of f on a learning task. The composition
h(X) = Mo f(A) is referred to as the response function. In this settmg, HPO is invariably viewed
as optlmlzmg h with respect to X in the literature ( , ;

, ). Under this reglme a dlverse set of methods
have been proposed for HPO rangmg from (i) gradient-based methods which compute approximate
“hypergradlents” of h wr.t. A ( , ; s ; s ; s

, ), to (11) model based methods (
, ), which are 1ntr1n91cally characterlzed by a sequentlal
operatlon in explorlng the HP space, and to (iii) populatlon based methods ( ,
; )

Wthh are by contrast parallel but require the computatlonally intensive malntenance of a multitude
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of concurrent HP estimates. Across all these classes of HPO as well as HPO methods that combine
them ( , ; , ), one needs to run an entire optimization of the mapping f
w.r.t. its regular parameters w on a standard empirical loss to fit f to the available data, e.g. a full
training run for a neural network, in order to evaluate the response function h at a single point A in the
HP space and optrmrze the outer objectlve in what is known as bi-level optzmlzatlon Mult1 fidelity
HPO ( , ;b; , ;

; ; ; , ) attempts to mitigate the fundamental
1nefﬁ01ency of bi-level optrmlzatlon by tuning the regular parameters w in the main optimization
faster via early stopping or training on partial data, but does not cancel the fact that a single update in
the HP space is orders of magnitude slower than an update of regular parameters, e.g. via GD.

The standard argument for justifying the disjoint, bi-level optimization of regular parameters and
HPs is that the analytical form of h is typically either unknown or impractical to handle. Yet these
problems also exist for the regular parameters w which the learned mapping f needs to optimize for
and they have been largely solved for complex differentiable models by backpropagation-based GD.
While the training objectives of mappings f cannot be differentiated with respect to all their HPs, we
recognize that this possibility does exist for the weights A € RE+1! of the widely used composite
empirical loss in equation 1 below. Moreover, the regular parameters w are typically also not tuned
directly on the performance function M, but rather on the original optimization objective or loss.
Thus, there is no fundamental reason preventing us from rethinking HPO, treating these loss weight
HPs A as regular parameters of f and optimizing them regularly on the same empirical loss as regular
parameters rather than on M.

Particularly related to our optimization of a composite loss functlon with multiple mdependent
components is multl -objective HPO ( , ;

; s ) A key dlfference is that these
works focus rather on multiple performance or validation-level objectives than on multiple training-
level objectlves i.e. empirical losses Also related is constrained HPO ( , ;

, ), which typically expresses constraints in terms
of the value of the vahdatlon level objective and thereby indirectly constrains the feasible set of HPs,
whereas our optimized loss HPs have direct intrinsic constraints on their values per se, as they need
to be posmve Finally, our work is related to NAS ( , : R ; s

, ) in the wide sense and shares analogles w1th methods
from that area proposrng a differentiable formulation ( ; , ), but we
solely focus on continuous HPs involved in the optimized loss rather than on discrete or categorical
parameters involved in the models’ modules.

3 LoSS HYPERPARAMETER OPTIMIZATION VIA STANDARD
GRADIENT-BASED LEARNING

3.1 PRELIMINARIES

In the design of parametric learned mappings f which are optimized by minimizing a basic empirical
loss Iy with respect to the parameters w of f, practitioners often introduce additional loss terms
l;;i € {1,..., K} in the overall empirical loss, which typically play an auxiliary role and help
obtain mappings that generalize better to unseen data during inference. The overall empirical loss L,
becomes

K
Le(f(W)IA) =D Aili(f(w), M

i=0
where \; > 0, ¢ € {0,..., K}, are positive HPs which serve as weights of the respective loss terms

and which also need to be optimized besides the regular parameters w of the mapping. We term
the empirical loss L, of equation 1 as composite empirical loss. However, the standard practice is
to optimize A on the validation set, based on the final performance metrics of f(w) having been
optimized on the training set, e.g. through GD. The former optimization of A typically involves a
non-end-to-end, inefficient search over several fixed values of A, which suffers from the curse of
dimensionality w.r.t. the number K + 1 of HPs.
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3.2 COMPOSITE LOSS LAYER

First, we recognize that the common formulation of the composite empirical loss in equation 1 is
essentially a linear parametric mapping of the K + 1 inputs ;( f(w)) to the output L., parameterized
by A. Thus, we can extend the typical end-to-end formulation of parametric mappings from the
commonly defined end of predictions f(w) to the ultimate end of L, itself as

Le = g(A) o1o f(w) = g(1(f(w)),A) = ATI(f(w)), 2

where 1(f(w)) = (lo(f(W)), ..., Il (f(w))". We term g the composite loss layer. Since g is linear,
it is differentiable, hence amenable to standard gradient-descent-based methods and backpropagation
for optimization. That is, we can optimize the HPs A of g as regular parameters at each iteration of
gradient-based optimization, together with the regular parameters w of f. This paradigm shift leaves
the computation of the gradients of the regular parameters w w.r.t. L. unchanged, as

L. 9(AT1 1 K A
OL. _ 9(NUSW) _ \rollfw) _§5) Ol(fw)) .
ow ow ow ~ ow
However, because of the positivity constraints \; > 0,4 € {0,..., K}, we cannot directly ap-

ply standard unconstrained gradient optimization on A € R¥*1 merely with the formulation of
equation 2.

3.3 SOFTMAX PARAMETERIZATION

Instead of directly learning the weights \; themselves, one can learn the exponents
ﬂileg()\i)EKiE{O,---aK}, 4)

which are amenable to unconstrained gradient-based optimization. This ensures that the weights,
which now become exponentials A; = exp(f;), are positive by definition.

Nonetheless, this exponential trick alone makes the gradients w.r.t. the HPs degenerate, in particular
positive. More formally, if we substitute equation 4 into equation 1 and differentiate w.r.t. p;, we
obtain ?9;6 ¢ = exp(u;)l;(f(w)) > 0, which implies that all gradient-based updates will reduce the
exponents 1; and hence the weights ;. Intuitively, there is the incentive to reduce the weight of each

term of the composite loss, so that the overall loss L. is reduced too.

We circumvent this degeneracy by introducing a softmax parameterization of the composite loss
layer. This parameterization adopts the exponential trick above, but also additionally introduces a
normalization factor, which creates competition between different HPs and loss terms. More formally,
we formulate the composite loss layer as

K K
L= explua)li( f(w) / " explpy) = (Softmax(p))” 1(f(w)). 5)
i=0 =0

For the weights A = Softmax(u), besides the preservation of the positivity constraints, we also

have ZZK:O A; = 1, implying that the composite loss L. now becomes a convex combination of the
individual loss terms /;. With the softmax parameterization of equation 5, the HP gradients become

2

oL K K
e = et | 0 et | [ (Sown)
¢ §=0 §=0

i

The proof of equation 6 is in Appendix A. Because of the differences I;(f(w)) — I;(f(w)) which
appear in the numerator on the RHS of equation 6, the HP gradients can be either positive or negative,
thus solving the above degeneracy. As what is important to learn in the formulation of equation 5
for the composite loss layer are the relative values of the exponents u;, the associated degrees of
freedom are actually K. Thus, we freeze the exponent p corresponding to the basic loss [y to 0
throughout the optimization and only learn p; for ¢ € {1, ..., K}, i.e. for the auxiliary losses, using
the gradients from equation 6.
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Another important attribute of the softmax parameterization is that it preserves the scale of the
composite loss to the same level as that of the basic loss ly. The basic loss [y is typically the starting
point in the design of a mapping which may subsequently include auxiliary losses I;,7 > 1. The scale
of [y affects the optimal scale of the learning rate 7, for optimizers which are not scale-invariant, such
as stochastic gradient descent or SGDW ( . ), because (i) the gradient is a
linear operator and directly inherits a change of scale in the loss, and (ii) the learning rate acts as a
multiplier of the loss gradient, so a change of scale in the loss effectively acts as a change of scale in
the learning rate. By merely modifying [ to a composite loss L. via equation 1 without constraining
Ai, one would change the scale of the overall loss by a factor of ZiK:O A; # 1, effectively changing
the learning rate and altering the operating range of such scale-dependent optimizers. By contrast,
our softmax parameterization preserves the original scale of the learning rate thanks to its convex
combination character. This point is important in conducting comparisons including our approach on
existing methods which use scale-dependent optimizers, such as SGD or SGDW, but originally do
not apply this normalization and alter the effective learning rate when introducing auxiliary losses by

setting S0 Ay # 1.
3.4 REGULARIZATION

Our treatment of loss HPs as regular parameters optimized via standard GD updates necessitates
the application of regularization to these HPs, similarly to what is standard practice for regular
parameters. However, the difference in the mathematical functionality of our HP exponents p and of
regular parameters w of the learned network mapping which typically reside in a standard Euclidean
space dictates a differentiation in their respective regularization. In the latter case, weights in w
typically multiply features that assume arbitrary real values, so a regularity prior consists in small
magnitudes and is typically pursued via a squared Lo penalty which is equivalent to a weight decay
towards O ( s

By contrast, our exponents p; are passed through a softmax to multiply positive loss values. Thus,
the resulting softmax vector can be viewed as a discrete probability distribution over the various
loss terms /;, the data-related bias of which towards any individual loss can be regularized via the
negated entropy of the distribution that favors “simpler” distributions close to uniform. Moreover, to
regularize the absolute scale of the exponents y;, to which negated entropy is invariant, we include a
softplus term for each learnable p; to our regularization loss L,., so that the latter becomes

N exp(m) exp(1s) a
L7-<u>:p(2 Rl log<ZK BA >+Zlog<1+exp<m>>>, @

=0 2 j—o0 exP(k;) i—oexp(uy) ) o

where p > 0 is the single non-learnable hyperparameter decay which our method introduces. In
particular, p is shared by all loss HPs, akin to the standard weight decay A ( .

) which serves as a single non-learnable HP shared by all weights w of the model. In this way,
we substitute the selection of multiple loss-specific HPs p; with a single generic HP decay p having a
range of values that is common across multiple diverse learned models and needing minimal tuning,
similar to the standard treatment of weight decay of regular parameters in neural networks. Moreover,
we keep the same weight decay or other regularization for w as the original optimization algorithm
on which YOTO is implemented in each case, as equation 7 only pertains to p.

For the gradients of our regularizer w.r.t. the HPs, OL,./Ou;, we prove in Appendix B that

von,  exp(u) (S5 () — ) L o)

Opi 2 1 i
p Op (Zf:o exp(uj)) + exp(pi)

,iefl,..., K} (8)

3.5 INITIALIZATION AND OVERALL YOTO ALGORITHM

While Sec. 3.3 and 3.4 detail the gradients for updating loss HPs within a given iteration of gradient-
based optimization, how to initialize the exponents x;, ¢ € {1, ..., K}, is also of central importance.
The strategy that we follow in practice in our experiments is to initialize these p;, which correspond
to auxiliary empirical loss terms, uniformly with the same value p; o < log(e), where € is a small
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Algorithm 1 YOTO with SGDW with momentum

1: given initial learning rate € R, momentum factor 5; € R, weight decay A > 0, hyperparameter decay
p > 0, initialization parameter 0 < € < 1
2: initialize time step ¢ <« 0, parameter vector wi;—9 € R", loss HP exponent vector pi—g <—

(0, log(e), ..., log(e)) € R*T!, first moment vector for parameters m;—o + 0, first moment vector for
HPs n¢—o < 0, schedule multiplier n:—o € R
3: repeat
4: t+—t+1
5:  VLe¢(W¢—1), VLe(pe—1) < SelectBatch(w¢—_1,:—1) > compute empirical gradient, using i.a.
equation 6

6 gt < VLe,t(Wtfl)

7 h; + VLe,t(Ht—l)

8:  m¢ < SetScheduleMultiplier(t)

9: m; < fimy_1 + nag

10: n; < Blnt,1 + ntocht

11 Wi 4 Wi — Iy — N OAW—1

12: pt « pe—1 —ng —nrapVEL:(e—1) > include gradient of regularizer in update using equation 8
13: until stopping criterion is met

14: return optimized parameters w, optimized loss HPs f¢;

positive number. Combined with the fact that 9 ; = 0 for the basic empirical loss Iy, this implies
that we start optimization with weak overall contributions A; ol; for the auxiliary empirical losses, i.e.
fori € {1, ..., K}, and let the model potentially increase these contributions automatically in the
case where such an increase is also beneficial for optimizing the more heavily weighted basic loss
contribution, A\yly, or keep the former contributions at a low value throughout the optimization. In both
cases, the model selects automatically which losses are useful for optimization and to what degree.
As we evidence in Sec. 4, the optimal p and A values after convergence of a certain network are rather
stable across a wide range of initializations, hinting on the insensitivity of YOTO to the particular
initialization. A full instance of our YOTO algorithm when combined with SGDW (
, ) is presented in Algorithm 1; note that YOTO can be combined with any optimizer.

4 EXPERIMENTS

We select the key network optimization area of computer vision for the validation of our method, i.e.
the same area on which previous seminal optimization works such as AdamW (

) have been validated. AdamW considered for experimental validation only a single vision task
and a single network architecture, i.e. image classification and ResNet ( , ) CNNs. We
instead consider a more diverse set of vision tasks and network architectures to validate YOTO. In
particular, we select (i) the central regression task of monocular depth and 3D estimation and (ii)
the key classification task of semantic segmentation. Moreover, our experimental comparisons are
performed both on transformer networks, as we use a Vision Transformer (ViT) ( R

) architecture for task (i), and on CNNs, as we use a ResNet ( , ) architecture for
task (ii).

4.1 REGRESSION: DEPTH AND 3D ESTIMATION

We first apply YOTO to the state-of-the-art monocular metric depth and 3D estimation method
of UniDepth ( s ), which uses a ViT backbone ( s ), for
optimizing its loss HPs. In particular, UniDepth originally optimizes a composite empirical loss
L. based on its metric dense 3D predictions (Zjog, ©, ®) and the respective ground-truth maps
(Zjoq, ©%, @), computed as

Le = AoSILog(Ziog, Zio,) + MMSE ((©, @), (O, %)) + Aalcon, C)]

where SILog is the “scale-invariant” loss in logarithmic space used widely in depth estimation (

, ), MSSE is the standard mean-squared-error loss introduced in UniDepth for estimation of
dense camera intrinsics, and [, is the geometric invariance loss utilized in UniDepth for consistency
of internal geometric network features to geometric augmentations. The official implementation of
UniDepth sets A\g = 1, A\; = 0.25, and Ay = 0.1. Moreover, the initial learning rate is o = 10~%.
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Table 1: Comparison of YOTO vs. grid search for optimizing UniDepth ( , ) and
its two independent loss HPs for monocular metric depth and 3D estimation. “Grid”: grid search over
two dimensions to identify optimal loss HP values. Performance metrics and HPs (exp(u1), exp(p2))
are reported for all models at completion of training. A.Rel: absolute relative depth error (%), RMS:
root mean square depth error (in m), RMS),: log variant of RMS, §;: percentage of depth inlier
pixels for threshold ratio 1.25, SIj,s: scale-invariant depth error in log-scale, CD: metric 3D Chamfer
distance, F 4: area under the curve of 3D F-score ( s ) up to 1/20 of the datasets’
maximum depth, |: lower is better, 1: higher is better. “Mean” metrics are averaged over the two
benchmarks, which is only possible for scale-independent metrics: A.Rel, 61, Sliog, and F 4.

Method  (exp(ju1), expliiz)) nuScenes ( A . ) SUN-RGBD ( N ) . Mean

ARell RMS| RMSwzl 611 Slggl CDJ Fait|ARell RMS| RMSwgl i1 Shogel CDJ Fat|ARell &1t Shogl Fat
Grid (0.001,0.01) 325 6.36 0.338 489 2496 145 43.0 11.0 0.285 0.127 92.2 8.16 0.134  76.1 21.8 70.6  16.56 59.6
Grid (0.001,0.1) 317 6.38 0.334 50.3 25.03 1.41 447 11.1 0.287 0.128 92.1 8.16 0.134  76.2 214 71.2 16.60 60.5
Grid (0.001,1) 335 6.35 0.344 45.1 25.30 1.47 413 11.2 0.287 0.128 92.1 8.13 0.136  75.6 224 68.6 16.72 58.5
Grid (0.01,0. l)l) 345 6.43 0.350 438 2532 149 411 11.3 0.289 0.130 91.5 8.24 0.136  75.7 229 67.7 16.78 58.4
Grid (0.01,0.1) 338 6.44 0.346 459 2525 1.47 42.1 11.1 0.286 0.127 92.1 8.17 0.134  76.1 225 69.0 16.71 59.1
Grid (0.01,1) 332 6.36 0.344 448 25.86 1.46 41.5 10.7 0.284 0.125 92.8 8.20 0.134 763 22.0 68.8 17.03 58.9
Grid (0. 2 5, 0. l)l) 348 6.53 0.351 455 25.23 1.47 41.1 11.2 0.290 0.129 92.0 8.12 0.135  76.1 23.0 68.8 16.68 58.6
Grid (0.25,0.1)-orig 33.0 6.48 0.341 485 25.19 144 431 11.1 0.286 0.128 92.2 8.15 0.133 764 221 704 16.67 59.8
Grid (U ,1) 342 6.50 0.350 459 2582 1.45 422 11.0 0.286 0.127 92.2 8.17 0.134  76.2 226 69.1 17.00  59.2
Grid (1,0.0 ]) 358 6.63 0.358 444 2536 1.49 40.7 10.9 0.286 0.127 92.6 8.09 0.133  76.6 234 68.5 16.73 58.7
Grid (1,0. H 352 6.69 0.354 47.1 25.09 1.49 41.8 11.0 0.288 0.128 92.6 8.13 0.133 765 23.1 69.9 16.61 59.2
Grid (1, 31.8 6.24 0.334 484 2551 139 434 11.0 0.287 0.128 92.3 8.17 0.133 765 214 704  16.84 60.0
Grid (10, () 01) 37.6 6.75 0.366 426 2518 1.51 38.6 10.8 0.284 0.126 92.6 8.10 0.132  76.7 242 67.6 16.64 577
Grid (10,0.1) 36.5 6.66 0.361 447 25.40 1.46 40.4 11.0 0.287 0.128 925 8.18 0.132  76.6 238 68.6 16.79 58.5
Grid (10,1) 328 6.56 0.338 526 24.61 1.40 44.1 10.6 0.282 0.124 93.0 8.09 0.131 771 21.7 728 16.35 60.6
YOTO  (0.04678,0.04671) | 307 6.28 0327 518 2476 136 454 | 110 0.283 027 922 814 0132 767 | 209 720 1645 610

The AdamW optimizer ( . ) is employed by UniDepth, with 5; = 0.9,

B2 = 0.999, and weight decay A = 0.1. We recognize that this loss formulation involves one basic
empirical loss term, i.e. SILog, and two auxiliary terms, i.e. MSE and [..,. We compare in Table 1:

l.a 5 x 3 grid search in log space involving 15 distinct training runs across normalized,
non-learnable loss HPs (Mg, A1, A2) = (exp(uo),exp(ul),exp(ug))/ziz:o exp(p;), where
(exp(po), exp(p1), exp(uz2)) € {1} x {0.001,0.01,0.25,1,10} x {0.01,0.1,1}, i.e. the search
includes i.a. the original-“orig” loss HP combination of UniDepth (1, 0.25,0.1), and

2. YOTO, involving a single training run that automatically optimizes the loss HPs jointly with
UniDepth’s regular weights. In this setting, YOTO is implemented on AdamW, analogously to
Algorithm 1, using p = 20 and ¢ = 0.1 and otherwise keeping exactly the original UniDepth
optimization settings mentioned above, identically to the grid search runs.

Moreover, across the comparison of Table 1, the training set is composed of the ScanNet (

, ), Argoverse2 ( , ), and Waymo ( s ) sets—which were all
originally used by ( ) too—for a total of ca. 700K images, and we train the same
ViT-L ( , ) backbone as ( ) originally did on mini-batches of

size 64 for 300K iterations. This results in each training run of both YOTO and grid search taking
4-5 days on 4 RTX4090s. We evaluate all models zero-shot on two datasets unseen during training:
the outdoor nuScenes ( s ) with 36,114 images and the indoor SUN-RGBD (

R ) with 4,396 images.

YOTO Pareto-dominates the grid search in terms of performance and wallclock training time: the
YOTO UniDepth model, trained in one shot, outperforms all 15 grid-search models across the two
benchmarks on the majority of the seven diverse depth and 3D metrics, at 6.7% of the grid search’s
total wallclock time. The superiority of YOTO in these evaluation metrics, which are not explicitly
optimized as losses at training but are rather only used at testing, crucially implies that optimizing
HPs on training-set losses with YOTO improves testing performance as well. Note that we did not
experiment at all with tuning p and e for YOTO in this main comparison for depth and 3D estimation.
We rather trained only once using the specified p = 20 and € = 0.1, even though the entire YOTO
optimization algorithm is new and no suitable parameter ranges were previously known.

We evidence the robustness to initialization of our algorithm by conducting a sensitivity analysis w.r.t.
initialization of the HPs p;,7 = 1, 2, in Figure 1. In particular, we train 25 different YOTO models
for UniDepth, by initializing p; and po differently and varying their respective initializations, log(e; )
and log(ez), across a regular grid in log space from 102 to 10, while keeping hyperparameter decay
fixed at p = 2. Note that we use a different value for p than in Table 1’s comparison, which ensures
that we indeed only train YOTO once with the default p = 20 in the main comparison, utilizing a
different configuration for the present analysis that requires multiple training runs. We create a phase
portrait by plotting the (1 (), u2(t)) trajectories of all 25 models. Despite the broad initialization
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Figure 1: Phase portrait of YOTO training trajectories in the log-space of UniDepth’s independent
HPs, 11 and po, demonstrating the insensitivity of YOTO to initialization. We vary the initialization
parameter € = (€1, €2) across a 5 x 5 grid of values while keeping hyperparameter decay fixed at
p = 2, and plot the (11 (t), ua(t)) trajectories of HPs throughout model optimization with YOTO.
Different trajectories are referred in the legend by their respective (€1, €2) values which initialize
(exp(u1), exp(pz)). Final points of trajectories are marked as dots. Best viewed on a screen and
zoomed in.

spectrum in Figure 1, all 25 models converge to either of only two points or attractors in the HP space.
The one point attractor is at (u, p2) =~ (—0.18,—0.18), with both auxiliary losses contributing
non-negligibly at convergence. The other point attractor also has p1 ~ —0.18, but for it exp(us2) = 0.
In essence, models that converge to the latter point attractor have automatically selected only the
camera MSE loss weighted via p1 as a helpful auxiliary loss, and have “rejected” the invariance [y,
loss weighted via pio, the contribution of which is negligible to them at convergence. This automatic
loss rejection is broadly useful as it performs model selection. In addition, we have found that models
which converge to the former point attractor have better performance on SUN-RGBD than models
which converge to the latter point attractor, and vice versa for nuScenes. This implies that the two
point attractors represent two diverse local optima in the HP space and the regular weight space. This
finding supports the invariance of YOTO to initialization, as the weight space of a given large neural
network is known ( , ) to exhibit different local optima of similar high quality,
to which optimization may converge for different configurations, e.g. different initialization.

4.2 CLASSIFICATION: SEMANTIC SEGMENTATION

The second, classification-level vision task we consider is semantic segmentation, using the state-
of-the-art domain-generalizing method of CISS ( s ). In particular, we use the
DeepLabv2 ( , ) version of CISS based on a ResNet backbone ( , ) and its
basic formulation with losses computed only from the source domain, referred to as CISS-source. In
particular, CISS-source originally optimizes a composite empirical loss L. for an encoder-decoder
segmentation network f = w o ¢, where ¢ is the encoder and w the decoder. Based on: (i) a pair of
internal feature tensors that the network produces using a pair of images I and I, i.e. ¢(Is) and
d(g(Is, I;)) where g is a non-learned mapping, (ii) the softmax output f(I) for the first image I,
and (iii) the respective ground-truth label map Y, we compute

Lo = Nolce(f(1s),Ys) + Mlinv(0(Ls), #(9(Ls, It))), (10)

where [cg is the standard cross-entropy loss which is used in semantic segmentation ( ,
) and I, is a feature invariance loss that penalizes differences between corresponding elements
of the two internal feature tensors. The original implementation of CISS sets A\g = 1, A; = 10, the
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constant learning rate to &« = 2.5 X
10~%, and uses the SGDW opti- 50
mizer ( . ), with
B1 = 0.9 and weight decay A = 2.
The formulation of equation 10 includes
one basic empirical loss term, i.e. Icg,
and one auxiliary term, i.e. ljy. In
the present comparisons, we keep the
above optimization settings, but because
SGDW is not scale-invariant, we always

Mean IoU (%)

—e— Grid search for log, (A1/Xo)

. . 35| © Random search forlog,, (A1/A
normalize the loss weights such that {/ . Yoro 10 (A1/20)
OOO

Ao + A1 = 1. We compare in Figure 2:
(i) a grid search through 13 normalized,
non-learnable loss HPs (g, A1), where Loss hyperparameter log ratio logy (A1/X0)

the 1D grid is in the space of the log ra-  Fjoyre 2: Comparison of YOTO vs. grid search and ran-
tio of the two HPs, logy9(A1/Ao), and  gom search for optimizing CISS-source ( ,
1nclud§§ the original CISS 1(_)g10 ratio ) and its loss HPs for domain-generalizing seman-
of 1, (ii) a random search with 5 sam-  (jc seomentation. Means and standard deviations (1-o)
ples of this log ratio drawn from a uni- o performance (y-axis) are plotted for each examined
form distribution in the interval [-2,2], configuration. The means and standard deviations of the
and (iii) the YOTO optimization of the 140 ratios of optimized HPs with YOTO (z-axis) are also
loss HPs combined with SGDW based  p1tted, but the latter standard deviations are very small,
on Algorithm 1, setting ¢ = exp(—4)  hence imperceptible in the plot.

and varying p € {20,50,200,500}.

This range of values for the HP decay p intentionally overlaps with that for 3D estimation, to verify
that p needs minimal tuning across diverse networks and tasks, similarly to the weight decay A of
regular network parameters. We train 3 models with different random seeds for every point of the grid
and random searches and for each p in YOTO The training set comprises the standard benchmark
of Cityscapes—ACDC ( , , ) for normal-to-adverse domain
generalization, where only Cityscapes labels are used. We train with mini-batches of size 2, i.e. one
Cityscapes image I, and one ACDC image I, for 148,750 iterations, which takes ca. 2 days on an
RTX4090 for each training run. Validation is performed on the held-out validation set of ACDC,
following ( ) and using standard mean Intersection over Union (IoU) (

, ). YOTO again dominates the grid search, consistently outperforming all 13 grid-search
models for all values of p. As p increases for YOTO, performance remains stable and above that
of grid search, while the free HP 11; decreases evenly, showcasing the insensitivity of YOTO to the
precise value of p. YOTO is also on a par w.r.t. performance with the best HP identified by the
random search and outperforms all four others. Moreover, YOTO exhibits far better robustness to
stochasticity, as performance variation at each p across training runs is much lower than that of
grid- and random-search models and YOTO reliably converges to the same point in HP space with
negligible variance. The optimization trajectories for p = 200 of the free HP p;(t) (cf. Appendix C)
are also virtually identical across the 3 runs. These findings evidence the stability of YOTO.

2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5

Discussion. While YOTO bypasses the need to manually tune loss HPs, in doing so it introduces
two new HPs: the hyperparameter decay p which weighs the regularization loss for all y;, and the
initialization parameter €. Resp. ¢, we have firmly evidenced that our algorithm is insensitive to it in
terms of performance and final loss HP values. Resp. p, we have shown that akin to weight decay A,
it has a standard range, i.e. [20, 200], that works well across settings, limiting the effort to tune it.

5 CONCLUSION

We have presented YOTO, an automatic, gradient-based optimization algorithm that tunes loss
weight HPs and regular parameters of learned models jointly in one shot via standard GD. The joint
optimization in YOTO allows the model to explore a richer parametric space than with existing
HPO approaches, leading to consistent gains in final testing performance besides its obvious gains
in efficiency due to its one-shot regime. We view YOTO as a first yet firm step in the direction of
directly optimizing HPs on empirical losses, which has wide beneficial implications on the practical
experimental optimization of the majority of learned parametric models and opens new avenues for
effective and efficient optimization of other types of HPs through standard GD.
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A DERIVATION OF COMPOSITE EMPIRICAL LOSS GRADIENTS

We derive the expression which is provided in equation 6 for the gradients of our composite empirical
loss L, with respect to the hyperparameters ;.

Proof. Starting from equation 5, we apply the quotient rule to get

oL,
Op B
K
I > exp(u;)l; (f ZeXp (1) ZGXP (1)1 8u ZeXP (1)
1 :0 1
J - .
> exp(uy)
=0

Y

By comparison of equation 11 with equation 6, we observe that the denominators of the RHSs are
identical. Thus, we simply proceed to show the equality of the respective numerators. In particular,
we expand the derivatives in the numerator on the RHS of equation 11 as

exp () l;( Zexp wi) | — exp(is) Zexp i)l (f(w)) ] . (12)

Next, we factorize equation 12 as

K
exp(p) | Y ((L(f(w)) = L(f(w))) exp(ny)) | - (13)

=0

Finally, the proof is completed by eliminating the zero term in the sum of equation 13 for j = ¢ as

K
exp(p) [ Y ((L(f(w)) = L (f(w))) exp(py)) | - (14)

j=0
J#i

B DERIVATION OF REGULARIZATION LOSS GRADIENTS

We derive the expression which is provided in equation 8 for the gradients of our regularization loss
L, with respect to the hyperparameters p;.

Proof. Starting from equation 7, we first note that the gradient of the second, softplus term of the
RHS is trivial to obtain via the chain rule, so we need to prove that the gradient of the first, negated
entropy term on the RHS of equation 7 is equal to the first term on the RHS of equation 8. We
leverage the linearity of the gradient operator to exchange it with the outer sum of the negated entropy
term of equation 7, as well as the product rule over each term of that sum to obtain the following
gradient:

i 0 | o) |y, | _oxpl) expls) 0 | | _expln)

alu’z K * K aﬂz

K
=0 Z exp () Doexplun) | D exp(u) > exp(u)
k=0 k=0 k=0 k=0

(15)
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We then break the sum into its -th term and the rest K terms for which j # i. By calculating away
the gradients in equation 15 and performing eliminations, the ¢-th term of the sum becomes

K
exp(fLi) <Z exp(pk) — eXP(Mz‘))
k=0 _exp(ui)
K 2 (Hlog(ZK p(p )))
_€x k
<Zexp<uk>> -
k=0

The rest of the terms of the aforementioned sum from equation 15, after respective calculations of the
gradients and eliminations, become

K
—exp(us) exp(py) | 1+ 1o 76)(1)(%) >>>
;( p(si) p(u)( + g(Zfzoexp(uk)
JF#i
K 2 '
(Z@m(m))
k=0

We observe that the denominators of both addends in equation 16 and equation 17 are identical to that
of the first term on the RHS of equation 8. Thus, we are left to prove that the sum of the numerators of
the two aforementioned addends is equal to the numerator of the first term on the RHS of equation 8.
With proper renaming of indices and grouping of sums, these two numerators sum to

(16)
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C STABILITY OF OPTIMIZATION TRAJECTORIES OF HYPERPARAMETERS
AGAINST STOCHASTICITY IN TRAINING

We further evidence the robustness of YOTO to stochasticity, complementing the results of Figure 2
which pertain to training CISS ( s ) with our method. In particular, beyond the
above results showcasing the stable performance and hyperparameter convergence across 3 runs
with different random seeds used for training, for p = 200 we show in Figure 3 the 3 optimization
trajectories of the free hyperparameter, 11 (t), for these 3 different runs. All 3 trajectories are virtually
identical with each other, with a very minor variation between them in the “transition” phase between
20,000 and 40,000 steps of gradient descent, where pq grows faster. This further corroborates the
insensitivity of YOTO to stochasticity in training, not only with regard to the converged models, but
also with regard to the intrinsic training dynamics.
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Figure 3: Analysis of sensitivity of YOTO to stochasticity in training, performed for training
CISS ( , ). The trajectory p1(t) of the hyperparameter 17 over training steps ¢
is plotted for 3 different training runs. The 3 training runs are the same as those used to generate
the result in Figure 2 for p = 200. Across these 3 runs, we vary the random seed in the set {0, 1, 2}.
Different models are referred in the legend by their respective seed values. All three trajectories are
virtually identical and can only be distinguished by zooming in at the interval between 20k and 40k
training steps. Best viewed on a screen at full zoom.
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