
Scalable Meta-Learning via Mixed-Mode Differentiation

Iurii Kemaev 1 Dan A. Calian 1 Luisa M. Zintgraf 1 Gregory Farquhar 1 Hado van Hasselt 1

Abstract
Gradient-based bilevel optimisation is a pow-
erful technique with applications in hyperpa-
rameter optimisation, task adaptation, algorithm
discovery, meta-learning more broadly, and be-
yond. It often requires differentiating through the
gradient-based optimisation process itself, leading
to ”gradient-of-a-gradient” calculations with com-
putationally expensive second-order and mixed
derivatives. While modern automatic differentia-
tion libraries provide a convenient way to write
programs for calculating these derivatives, they
oftentimes cannot fully exploit the specific struc-
ture of these problems out-of-the-box, leading to
suboptimal performance. In this paper, we anal-
yse such cases and propose Mixed-Flow Meta-
Gradients, or MixFlow-MG – a practical algo-
rithm that uses mixed-mode differentiation to con-
struct more efficient and scalable computational
graphs yielding over 10x memory and up to 25%
wall-clock time improvements over standard im-
plementations in modern meta-learning setups.

1. Introduction
Bilevel optimisation (BLO) is a commonly used tool to solve
problems in meta-learning and deep learning (Liu et al.,
2021; Zhang et al., 2024). In this problem setting, an inner-
loop optimisation of parameters θ incrementally searches
for optimal values θ∗, in a process that depends on (fixed)
meta-parameters η. In an outer-loop meta-optimisation, we
search for optimal meta-parameters η∗. For instance, η may
include hyperparameters of the inner update (Bengio, 2000)
or even their per-weight versions (Sutton, 1992).

This framework offers a powerful approach to automating
the design and optimisation of learning systems, leading
to significant advancements in various machine learning
domains. It has applications ranging from hyperparameter
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optimisation (Bengio, 2000; Franceschi et al., 2018), data
weighting (Hu et al., 2023b; Calian et al., 2025), and fast
task adaptation (Finn et al., 2017), to neural architecture
search (Liu et al., 2018), adaptive reinforcement learning
(Xu et al., 2018; Zahavy et al., 2020), algorithm discovery
(Oh et al., 2020), and more.

In gradient-based bilevel optimization, the meta-parameter
update requires backpropagating through the inner loop,
leading to second-order derivatives (gradients of gradients)
– a notoriously computationally expensive process both in
terms of memory and FLOPs. Updating outer parameters ev-
ery T inner steps (truncated backpropagation through time,
Truncated-BPTT; Werbos, 1990) still results in computa-
tional cost scaling linearly with T . Consequently, we are
often restricted to small inner and outer models θ and η
and short horizons T , limiting the exploration of the full
potential of BLO. While Truncated-BPTT can be effective
for smaller meta-models η (Xu et al., 2018; Shaban et al.,
2019), its applicability to large neural networks with billions
of parameters (Gemini et al., 2023; OpenAI et al., 2023) re-
mains an open question. Moreover, given the demonstrated
impact of scale on model performance (Kaplan et al., 2020;
Hoffmann et al., 2022b), the trend of scaling inner mod-
els θ is likely to continue. This necessitates more efficient
BLO algorithms to support modern and future generations
of models and to explore larger backpropagation horizons
T whilst keeping the cost of experiments affordable.

In this paper, we first analyse standard implementations for
Truncated-BPTT-based bilevel gradients in modern frame-
works for automated differentiation and highlight their in-
herent inefficiencies. We then propose Mixed-Flow Meta-
Gradients, or MixFlow-MG – a simple reparameterization
of the inner-loop learning dynamics that exposes the under-
lying symmetry of the problem and uses mixed-mode auto-
matic differentiation to seamlessly exploit it. Finally, we use
modern hardware and libraries for tensor programming to
demonstrate that the proposed algorithmic technique, whilst
requiring only minor code modifications, yields significant
performance improvements in common meta-learning sce-
narios. In a representative setting, MixFlow-MG demon-
strates reductions up to 95% in the active memory con-
sumption and 25% reduction in wall-clock time, thus
allowing to scale bilevel gradient setups by more than an
order of magnitude in a compute-efficient way.
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While numerous approximations for the (Truncated-)BPTT-
based numerical procedure, such as implicit (Rajeswaran
et al., 2019; Lorraine et al., 2020; Blondel et al., 2022; Choe
et al., 2023) and forward-mode gradients (Silver et al., 2021;
Shen et al., 2024) have been proposed recently, we focus
on calculating exact gradients to isolate and address the
core computational bottlenecks. The presented ideas can be
seamlessly incorporated into approximate methods as well.

2. Background
2.1. Bilevel Optimisation

In the general form, BLO can be posed as the following
constrained optimisation problem:

min
η

V (η), where V (η) = Ey∼Y V (θ∗(η), y) (1)

s.t. θ∗(η) = argmin
θ

Ex∼XL(θ, η, x) (2)

where η are the outer meta-parameters, θ are the inner model
parameters, V and L are validation and train losses calcu-
lated on the data points y ∼ Y and x ∼X , respectively. Note
that standard network training regimes are a special case,
where the validation loss in Equation (1) is minimised by
tuning the meta-parameters η by hand.

Typically θ∗(η) in Equation (1) is approximated with T
steps of gradient-based methods (Maclaurin et al., 2015):

min
η

V (η) ∶= Ey∼Y V (θT (η), y),

(θi+1, υi+1) = Φ(θi, υi, η, xi) i = 0 . . . T − 1
(3)

where υi is an arbitrary state at step i, such as an optimiser’s
momentum, and Φ(θi, υi, η, xi) is an update that involves
calculating the gradient ∂L(θi, η, xi)/∂θi and is differen-
tiable by η. This ensures that meta-parameters η, in their
turn, can also be optimised with gradient methods, giving
rise to quantities involving second-order derivatives of the
loss function L(θ, η, x). In particular, such schemes require
computing left- or right-hand side products of the second-
order derivatives with arbitrary vectors.

2.2. Primer on Automatic Differentiation

A convenient way to compute the quantities involving
second-order derivatives in Equation (3) is provided by mod-
ern automatic differentiation libraries such as JAX (Brad-
bury et al., 2018) or PyTorch (Paszke et al., 2017). This
section explains fundamental concepts upon which these
libraries are built, which is important for understanding how
to design efficient algorithms for solving equations (3).

Let us consider arbitrary f(x) ∶ Rn → Rm with the corre-
sponding Jacobian J = ∂f/∂x ∈ Rm×n. Autodiff provides
two types of differentiation for such functions: forward

and reverse. Forward mode calculates Jacobian-by-vector
product (JVP) Jv with arbitrary vector v at a computational
cost proportional to a single forward pass (Baur & Strassen,
1983). By carrying out JVPs with n input’s basis vectors, the
full Jacobian J can be recovered column-by-column, hence
requiring O(n) forward passes in total. Reverse mode, on
the other hand, computes vector-by-Jacobian product (VJP)
νJ and recovers the Jacobian one row at a time, in total
requiring O(m) forward passes for computing the full Jaco-
bian; however, by design, it operates in two passes – forward
and backward – and requires storing all intermediate activa-
tions during the forward pass to use them in the backward
pass, resulting in significantly higher memory requirements.

For neural networks, typical objects for differentiation are
loss functions L ∶ Rn → R that output scalars. This is why
reverse mode is the default choice, since it recovers the
whole Jacobian JL in O(1) forward passes.

Certain classes of differential programs, such as those imple-
menting second-order optimisation in Section 2.1, require
computing products with second-order derivatives of the
corresponding loss functions. One example is Hessian-by-
vector products (HVPs) ∂2L/∂x2v. HVPs can be cheaply
evaluated using repeated VJP and/or JVP products (Pearl-
mutter, 1994), and there are three computationally tractable
ways available in practice:

∂2L

∂x2
v = e

∂

∂x
(
∂L

∂x
v) = V JP (e, JV P (L, v))

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

reverse-over-forward

=
∂

∂x
(e

∂L

∂x
) v = JV P (V JP (e,L), v)

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

forward-over-reverse

= v
∂

∂x
(e

∂L

∂x
) = V JP (v, V JP (e,L))
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
reverse-over-reverse

,

where v ∈ Rn is an arbitrary vector and e = (1)1×1 is a unit
vector. Note that forward-over-forward mode was purpose-
fully omitted due to its prohibitive computational cost of
O(n) forward passes.

One crucial observation is that forward-over-reverse mode
avoids storing activations from the inner backward pass, of-
ten making it the most memory efficient choice in practice.
In addition, it has lower I/O overhead (no need to read/write
activations), potentially leading to reductions in wall-clock
time. This advantage becomes even more apparent when
calculating ∂L/∂x relies on the gradient checkpointing tech-
nique (Griewank & Walther, 2000), as it is effectively a no-
op for forward-mode differentiation. This property forms
the core of a highly efficient algorithm for gradient-based
BLO which will be described further in the paper.
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2.3. Automatic Differentiation in BLO

Several works (e.g., Franceschi et al., 2017) explore the
trade-offs between forward- and reverse-mode differentia-
tion for meta-parameters η in gradient-based BLO in Equa-
tion (3). In this context, the computational cost of reverse-
mode differentiation for the validation loss JV with respect
to η is comparable to the computation of the inner- and
outer losses themselves, i.e. O(∣η∣) +O(T ∣θ∣), but requires
storing all intermediate activations in memory that are not
necessary in forward-mode differentiation. However, this
memory efficiency comes at the price of the increased com-
putational cost, which becomes O(∣η∣ × ∣θ∣). The overall
consensus is that when the number of meta-parameters is
small, one should consider forward-mode differentiation
to avoid incurring extra memory costs. However, in many
modern applications (Finn et al., 2017; Wichrowska et al.,
2017; Oh et al., 2020), ∣η∣ can be much larger, often even
comparable in size to the number of model parameters ∣θ∣
(e.g., η are themselves the parameters of a neural network,
as in Finn et al. (2017)), thus making forward-mode differ-
entiation prohibitively expensive. In such cases, a straight-
forward implementation uses reverse mode at both levels
of the corresponding program, as shown in Algorithm 1.
All of the open-source repositories for gradient-based meta-
optimisation that we verified use this implementation (e.g.,
Arnold et al., 2020; Metz et al., 2022). We therefore re-
fer to Algorithm 1 as a standard or default autodiff-based
implementation further in the text.

The aforementioned autodiff libraries (Paszke et al., 2017;
Bradbury et al., 2018) compile the computational graph
that is defined by a user’s program (in just-in-time or dy-
namic regime) before executing it. Compilation allows for
leveraging advanced optimisations and memory allocation
algorithms, which can make all three differentiation modes
theoretically equivalent in terms of compute- and memory
efficiency in many use cases (Dagréou et al., 2024; Blondel
& Roulet, 2024).

Nevertheless, their corresponding hidden constants can sub-
stantially differ in practice. The practical differences stem
from various factors, including: the underlying model’s
structure, inputs’ size, autodiff framework and hardware
backend, compiler’s configuration and flags, custom op-
timisations, etc. Moreover, these frameworks only have
limited contextual information about a given problem’s na-
ture, hence often failing to capture and exploit inherent
symmetries and structural bottlenecks of the problem at
hand, which can lead to suboptimal low-level programs in
practice, as we will demonstrate further in the paper.

In the following section we identify an algorithmic improve-
ment based on the fact that a standard computational graph
for bilevel gradients includes symmetric matrices, such as
Hessians, which are never fully instantiated or explicitly

defined in the code. By exploiting their hidden symmetry
in a non-intrusive way, we achieve substantial memory sav-
ings with minimal code changes in the user programs. Our
benchmarks show that modern compilers are not able to
make such improvements on their own.

3. MixFlow-MG: Mixed-mode Differentiation
for Bilevel Gradients

We are now going to decompose equations (3) in order to
expose the Hessian matrix. This will allow us to employ a
more memory-efficient algorithm for calculating the outer
gradients.

Firstly, we propose reparameterising equations (3) to have
gradients ∇Li = ∂L(θi, η, xi)/∂θi as a separate argument
in the combined update function Υ:

(θi+1, υi+1) = Φ(θi, υi, η, xi) = Υ(∇Li, θi, υi, η, xi). (4)

After applying the chain rule to the gradient of the validation
loss with respect to η and using the fact that the validation
loss V in (3) does not depend on the last-step state υT , we
obtain (in vector notation)

dV
dη
=

∂V

∂θT

dθT
dη
+

∂V

∂υT

dυT
dη
= (

∂V

∂θT
0)

dΥT

dη
. (5)

Then, after unrolling one step for Υi+1 (Appendix A.2), we
get the following recurrent relation for the total derivatives:

dΥi+1
dη

=(
∂Υi+1
∂θi

+
∂Υi+1
∂∇Li

∂2L

∂θ2i

∂Υi+1
∂υi

)
dΥi

dη
+

+
∂Υi+1
∂∇Li

∂2L

∂η∂θi
+
∂Υi+1
∂η

.

(6)

Equation (6) allows to unroll the loop ”backwards”, from
i = T − 1 to 0. According to Equation (5), for calculating
dV /dη it needs to be multiplied by the vector (∂V /∂θT 0)
from the left, hence it only requires one VJP. However, it
can be noticed that Equation (6) contains explicit vector-by-
hessian and vector-by-mixed-derivatives-matrix products;
the default autodiff implementation will perform them in
reverse-over-reverse mode, which can be suboptimal in prac-
tice.

To circumvent this, we transform the relation using classical
results. Assuming that the function approximator and loss
function have continuous second-order derivatives, which is
typically the case for neural networks, the following identi-
ties hold (c.f. Schwarz’s theorem):

∂2L

∂θ2i

T

=
∂2L

∂θ2i
,

∂2L

∂η∂θi

T

=
∂2L

∂θi∂η
.
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Algorithm 1 Standard Truncated-BPTT (Equation (3))

Input: η, θ0, υ0, inputs {xi}
T
t=1, val x

Output: ∂V /∂η
1:
2: function Φ(θ, υ, η, xi)
3: ∇L← grad(L)(θ, xi)

4: . . . arbitrary operations on θ, υ,∇L
5: (θ, υ) ← optimizer(θ, υ,∇L)
6: . . . arbitrary operations on θ, υ
7: return θ, υ
8:
9: function VALLOSS(η, θ0, υ0, {xi}

T
t=1, val x)

10: (θ, υ) ← (θ0, υ0)
11: for i← 1 to T do
12: empty line
13: (θ, υ) ← Φ(θ, υ, η, xi)

14: return V (θ, val x)

15:
16: ∂V ← grad(ValLoss)(η, θ0, υ0, {xi}

T−1
t=0 , val x)

17: return ∂V

Algorithm 2 Mixed-mode Truncated-BPTT (Equation (4))

Input: η, θ0, υ0, inputs {xi}
T
t=1, val x

Output: ∂V /∂η
1:
2: function Υ(∇L,θ, υ, η, xi)
3: empty line
4: . . . arbitrary operations on θ, υ, ∂θ
5: (θ, υ) ← optimizer(θ, υ, ∂θ)
6: . . . arbitrary operations on θ, υ
7: return θ, υ
8:
9: function VALLOSS(η, θ0, υ0, {xi}

T
t=1, val x)

10: (θ, υ) ← (θ0, υ0)
11: for i← 1 to T do
12: ∇L← fwdrev grad(L)(θ, xi)

13: (θ, υ) ← Υ(∇L, θ, υ, η, xi)

14: return V (θ, val x)

15:
16: ∂V ← grad(ValLoss)(η, θ0, υ0, {xi}

T−1
t=0 , val x)

17: return ∂V

Combining them with Equation (6) we can rewrite the
vector-by-hessian (VHP) and vector-by-mixed-derivatives-
matrix (VMP) products into their transposed versions, i.e.
hessian-by-vector (HVP) and mixed-derivatives-matrix-by-
vector (MVP) products:

v
∂Υi+1
∂∇Li

∂2L

∂θ2i
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

inefficient VHP

=

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

∂2L

∂θ2i

normal VJP
³¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹·¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹µ

(v
∂Υi+1
∂∇Li

)

T

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

efficient HVP

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

T

(7)

v
∂Υi+1
∂∇Li

∂2L

∂η∂θi
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

inefficient VMP

=

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

∂2L

∂θi∂η

normal VJP
³¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹·¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹µ

(v
∂Υi+1
∂∇Li

)

T

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

efficient MVP

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

T

. (8)

Proposition 3.1. Reparamererisation (4) and identities (7),
(8) allow for replacing the default reverse-over-reverse dif-
ferentiation for recurrent relation (6) with more efficient
forward-over-reverse or reverse-over-forward alternatives.

Since mixed-mode differentiation constitutes the core algo-
rithmic improvement in this technique, we call it Mixed-
Flow Meta-Gradients or MixFlow-MG.

While advanced autodiff compilers and memory allocation
algorithms can make all three differentiation modes equiv-
alent in terms of compute- and memory efficiency in most

of cases (Dagréou et al., 2024; Blondel & Roulet, 2024),
their practical performance can vary remarkably, which we
demonstrate in Section 5. In general case, it is recommended
trying all three options for choosing the best one for a setup
at hand; the proposed reparameterisation (4) makes this
probing straightforward. In Section 5 we demonstrate how
MixFlow-MG leverages forward-over-reverse differentiation
for significant performance gains in practice.

3.1. Implementation in JAX

JAX (Bradbury et al., 2018) is a powerful library for dif-
ferential tensor programming. It relies on the functional
paradigm, where stateless functions can be transformed
and returned by other functions; one of its key transforma-
tions is grad(f) which accepts a scalar-valued function
f(x) ∶ Rn → R and returns a new function g(x) ∶ Rn → Rn

that computes the gradient of f with respect to x, i.e.
g(x) ∶= ∂f/∂(x).

The default autodiff-based implementation uses this conve-
nient notation for computing second-order derivatives in the
original training loop (3), as shown in Algorithm 1. This
however can be highly suboptimal as it fails to exploit the
problem’s inherent symmetries, as discussed in Section 2.3.
Our proposed reparameterisation (4), outlined in Algorithm
2, allows to use mixed-mode differentiation via custom fw-
drev grad transformation, which defines a VJP rule for cal-
culating HVPs in forward-over-reverse mode. This requires
changing only a few lines of code; our implementation can
be found in Appendix A.4.
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Figure 1. Peak HBM and step time across the number of (per inner
step) transformations M in Equation (9) (GPU).

3.2. Motivating Example

To illustrate the effects of MixFlow-MG, we consider the
following simple BLO problem (Equation (3)), similar to
Finn et al. (2017): η defines the initialisation point θ0 =
η for the inner optimisation; the inner loss is a standard
L2 loss which is independent of η; the update dynamics
Φ(θi, υi, η, xi) is a standard stateless (υ = ∅) gradient step.

The inner model yM is the following M -step recursive map:

yi(θ, x) = i ⋅ (2 + sin(yi−1))cos(yi−1), (9)

where y0(θ, x) = θx, x ∈ RB×D, θ ∈ RD×D. We used
B = 1024 and D = 4096 in our experiments and kept the
number of inner updates T = 2 for simplicity. The compu-
tational graph gets longer as the number of (per inner step)
transformations M increases, meaning we can study the ef-
fects on memory and runtime by adjusting M . For the sake
of demonstration, we minimised the effects of compiler’s
optimisation by disabling all loop fusions.

Figure 1 demonstrates how the metrics change across the
number of per-step transformations M . The HBM and step-
time scales much better when using mixed-mode differenti-
ation, with memory and wall-clock reductions up to 85% as
M increases. The corresponding code and XLA-generated
computational graphs are given in Appendices A.6 and A.7.

4. Scaling to Large Models
This section investigates device memory patterns and mem-
ory optimisation techniques in gradient-based bilevel opti-
misation for the case when the underlying models get larger.

The standard implementation of Truncated-BPTT for BLO
(Algorithm 1) loops over T inner updates Φ to obtain θT
for calculating the outer (validation) loss. If done naively,
this algorithm requires storing intermediate activations At

and outputs θt, υt for each of t = 1..T inner steps, hence
the peak memory consumption for one meta update scales
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Figure 2. Device memory footprint for an outer update when using
autodiff for one step of bilevel optimisation. The memory can be
divided into static (checkpoints, inputs, parameters, states) and
dynamic (activations for backpropagation). The dynamic memory
can be reduced by exploiting the problem structure (see Figure
3). X-axis: instruction number in a compiled computation graph.
Y-axis: the amount of occupied device memory.

as O(T ⋅ (∣A∣ + ∣θ∣ + ∣υ∣)). While it can be affordable for
small setups, real-world models are too large to be adapted
for meta-training this way due to high cost and scarcity of
the high bandwidth on-device memory: typically, one inner
step already uses all available on-accelerators memory.

Gradient checkpointing (Griewank & Walther, 2000) for
inner steps is often used in practice (e.g. in Arnold et al.
(2020); Metz et al. (2022)) to bring the memory footprint
down to O(∣A∣ + T ⋅ (∣θ∣ + ∣υ∣)), since only activations for
the current step are kept in memory at any moment of time
during meta-backpropogation, and T ⋅ (∣θ∣ + ∣υ∣) parame-
ters are getting checkpointed during the outer-loop unroll.
Typically the size of activations and partial derivatives ∣A∣
is substantially larger than the size of parameters and opti-
miser states ∣θ∣ + ∣υ∣ due to the dependency of the former
on both the latter and inputs’ sizes. This makes gradient
checkpointing instrumental for scaling, and following this
common practice, we keep it enabled in all our benchmarks.

One important distinction to make is that checkpoints, in-
puts, parameters, and states require O(T ⋅(∣θ∣+∣υ∣) bytes that
get allocated at the beginning of a program for the whole
execution time and written to only once. For this reason,
we refer to this type of memory as static. On the contrary,
O(∣A∣) bytes are allocated during outer-level backpropaga-
tion and re-purposed for new activations at every inner step,
hence we refer to it as dynamic memory. Typical memory
footprint for a single outer step can be found in Figure 2.
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Figure 3. HBM footprints for each stage of optimisation for 489M chinchilla transformer on GPU: 1 – block rematerialization, 2 –
saving inner gradients, 3 – mixed-mode differentiation. Each optimisation is responsible for reducing a specific chunk of HBM.

In addition to enabling gradient checkpointing for inner loop
unrolling, we found the following two optimisations impor-
tant for amplifying the gains of the proposed algorithm:

1. Block rematerialisation: for neural networks with
block-residual connections xi+1 = fi(xi) + xi, such as
residual networks (He et al., 2016) and transformers
(Vaswani, 2017), gradient checkpointing can be applied
to each of the blocks fi to substantially reduce memory
footprint at the theoretical cost of one forward pass;
this is a known optimisation, hence we keep it enabled
for both baseline and the proposed method to avoid
running out of memory even for smallest networks.

2. Saving inner gradients: ∂L/∂θ can be saved (in addi-
tion to per-inner step inputs and parameters θ) as part
of inner-loop gradient checkpointing to avoid incurring
one extra backward pass during the outer-level gradient
propagation; we have not found this optimisation in
previous works and existing libraries, hence it can be
considered as an additional contribution of this paper;
we enable it only for MixFlow-MG.

Both these optimisations plus mixed-mode differentiation,
as introduced in Section 3, complement each other. Fig-
ure 3 include the ablation study for 489M Chinchilla model
(on MAML; our full benchmark setup is described in the
next section). In particular, block rematerialisation under
forward-over-reverse differentiation does not require storing
intermediate per-block checkpoints thanks to the forward
mode at the outer level. This allows to almost completely
remove block #3 in Figure 3 thus drastically reducing peak
memory usage. Note that some portion of extra memory is
still claimed for calculating activations and JVPs on-the-fly,
this is why forward mode differentiation typically requires
3 times more memory than the basic forward pass.

We also observed that, while saving inner gradients is crucial
both for memory and step-time reductions on GPUs, it was
only important for the latter on TPUs, which shows the dif-

ference in the compilers’ efficiency for these two backends.
More details on this can be found in Appendix A.8.

5. Benchmarking Language Modelling Tasks
The primary goal of this section is to demonstrate the bene-
fits of MixFlow-MG on a representative set of BLO setups.
Without limiting generalisation, we chose the language mod-
elling domain for the inner-level optimisation, where the
standard loss is the next-token-prediction loss NTP (θ, x).
We use the Chinchilla family of language models (Hoff-
mann et al., 2022a) with RoPE (Su et al., 2024) and the
Adam optimiser (Kingma, 2014). When a meta model is
present, we use the same architecture as for the inner model.

Firstly, we explain the rationale behind choosing the perfor-
mance metrics. Then, we select a diverse class of real-world
problems to demonstrate possible gains in practice. Further,
we investigate different properties of MixFlow-MG using
various model structures and data regimes. Finally, com-
bining all findings, we provide practical recommendations
on efficiently scaling bilevel gradient setups by orders of
magnitude beyond any existing frameworks.

Benchmarking was performed in JAX (Bradbury et al.,
2018) on TPUv5p and H100 using the OpenXLA back-
end and libraries from DeepMind et al. (2020). While we
observe consistent behaviour across setups and tasks, results
may vary depending on library versions, hardware, compiler
flags, and other factors beyond the scope of this work.

We listed the minimal changes required for implement-
ing MixFlow-MG in Section 3.1 and included the relevant
Python code for JAX and PyTorch in Appendix A.4.

5.1. Metrics

MixFlow-MG operates on a per-inner-step basis, i.e. it ad-
dresses dynamic memory. In our metrics we focus solely on
dynamic memory and defer to Appendix A.3 for practical
recommendations on how to reduce static memory.
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Figure 4. Joint sweep over tasks, models, and hyperparameters from Table 1: peak dynamic HBM and step time ratio between default and
mixed-mode differentiation, sorted by value in descending order (higher is better, and values > 1 mean that MixFlow-MG improves over
the default autodiff implementation). All variations win both memory- and compute-wise, with highly correlated gains between tasks.

Table 1. Sweep over tasks: hyperparameters and values.
Parameter Values
Task {learning lr, maml, loss weighting}
Model size (×106) {57, 106, 163, 217, 306}
# of inner updates (T ) {2, 4, 8}
Batch size {2, 4, 8}
Sequence length {2048, 4096, 8192}

We measure peak dynamic High Bandwidth Memory
(HBM) (device memory) and wall-clock step time. Where
more appropriate, we report two performance metrics which
are defined as a ratio of the corresponding measurements be-
tween the default implementation and the proposed changes,
i.e. higher values indicate stronger gains over the baselines.

Peak dynamic HBM ratio is the ratio between the peak
usages of dynamic HBM (Section 4)

HBMdefault −HBM static
default

HBMMixFlow-MG −HBM static
MixFlow-MG

. (10)

Step Time ratio is the ratio between wall-clock time per
meta step

Tdefault / TMixFlow-MG. (11)

5.2. Sweeping over Bilevel Optimisation Tasks

To recap, a typical setup for the gradient-based BLO Equa-
tion (3) is comprised of an inner loop that updates model
parameters θ for T steps, and an outer loop that updates
η by backpropagating ∂V /∂η through the inner loop steps
by unrolling it backwards; the particular dependence of the
inner-loop optimisation on η defines the problem setup.

We consider the following three common BLO setups:

• Hyperparameter Learning: similar to Bengio (2000)
and Maclaurin et al. (2015), η are the per-parameter
learning rates for the inner optimiser, so that

θi+1 = g(η, ∂NTP (θi, xi)/∂θi, θi, υi) ,

with g a function that includes optimiser’s transforma-
tions for converting gradients into parameter updates.

• Model-Agnostic Meta-Learning (MAML, Finn et al.
(2017)): η defines the initialisation point w0 = η for
the inner optimisation and the inner loss is otherwise
independent of η:

L(θi, η, xi) = NTP (θi, xi).

• Meta-learning Adaptive Loss Weighting: inspired by
Hu et al. (2023a), this setup uses η to calculate per-data
point loss weighting factors:

L(θi, η, xi) = α(η, xi) ⋅NTP (θi, xi).

We sweep over the hyperparameters in Table 1, totalling in
135 distinct configurations per task and sort all results by
gains, in descending order. Figure 4 shows memory gains
and step-time wins for the runs that fit in available device
memory (80 GiB for GPU and 96 GiB for TPU).

MixFlow-MG delivers substantial improvements across the
board. We observe that memory footprint and step time are
reduced for all hyperparameter combinations. Remarkably,
memory usage is decreased by approximately 75% (nearly
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Figure 6. Sweep over transformer components: peak dynamic HBM ratio between default and mixed-mode differentiation.

4x less memory) for 80% of configurations, with peak reduc-
tions exceeding 90% (over 10x less memory) on both GPUs
and TPUs. Previously, memory constraints severely limited
the scale of bilevel optimization. These results open the
door to training models of much larger size and complexity.
Wall-clock time wins reach 25% for GPU and 20% for TPU,
with a median improvement of 12% for both.

Wall-clock gains are almost uniform across configurations,
while memory gains vary significantly. We investigate this
in the following, and disentangle factors contributing to the
memory behaviour to showcase MixFlow-MG’s properties.

5.3. Model and Data Scaling

The dynamic memory requirements of transformer models
using the default implementation scale as O(BL(S+kS2)),
where L is the number of layers, S the context length, B the
batch size, and k a compiler-dependent constant. This scal-
ing arises from the self-attention blocks and holds even with
block rematerialisation enabled in the default implementa-
tion. However, as detailed in Section 4, our proposed mixed-
mode differentiation with block rematerialisation offers a
significant advantage: its memory usage is independent of
the number of layers, scaling only as O(B(S+k̂S2)), where
k̂ represents the corresponding constant for mixed-mode gra-
dients and is significantly smaller than k. This reduction
stems from the forward-over-reverse mode, which requires

only a single memory buffer for activations, as opposed to
number of blocks buffers for the default implementation.

This difference in memory scaling leads to a substantial
reduction in peak dynamic HBM usage, quantified by the
ratio:

BL(S + kS2)

B(S + k̂S2)
=
L(1 + kS)

1 + k̂S
. (12)

The factor L in the enumerator ensures that MixFlow-MG is
an algorithmic improvement for models with block-residual
connections, such as residual networks and transformers.

To validate this theoretical estimate, we benchmark combi-
nations of transformer models, context lengths, batch sizes,
and number of updates. In the previous section we observed
that MixFlow-MG shows highly correlated gains across all
tasks, so we report metrics only for the MAML setup here.

Figure 5 shows the gains for different models, batch sizes
B, context lengths S, and inner-loop lengths T for GPUs,
with similar dynamics observed for TPUs. These empirical
results closely align with Equation (12): discounting minor
compilation effects, the gains are constant across B and T
and sub-linearly increase towards kL/k̂ for larger S.

The impact of scaling different architectural components of
a Chinchilla transformer is shown in Figure 6. The memory
gains scale linearly with the number of layers L, confirming

8



MixFlow-MG: Scalable Meta-Learning via Mixed-Mode Differentiation

0 2 4 6 8 10 12 14 16
Model size, billions

0

1000

2000

3000

4000

5000

6000

Pe
ak

 d
yn

am
ic 

HB
M

 (G
iB

)

algorithm
mixed-mode
default

platform
H100
TPUv5p

0.0 2.5 5.0 7.5 10.0 12.5 15.0
Model size, billions

5

10

15

20

25

Pe
ak

 d
yn

am
ic 

HB
M

 ra
tio

default

platform
H100
TPUv5p

Figure 7. Chinchilla scaling ladder: peak dynamic HBM gains across transformers of various sizes.

our theoretical analysis. While the gains could be expected
to be near-constant for the other structural parameters, the
real numbers differ in practice, especially for small models
on GPUs. This can be attributed to compilation effects: the
smaller a computational graph, the more memory optimi-
sations a low-level compiler can find in limited time, e.g.
GPUs may be able to schedule the fixed-size thread warps
more efficiently for small graphs.

In the real world transformers simultaneously scale across
all components (Hoffmann et al., 2022a). Figure 7 shows
the peak dynamic HBM gains across a reduced version of
the original Chinchilla scaling ladder, with models ranging
from 44M to 16B parameters. We observe that the gains get
larger for bigger models, eventually converging to 23-25x
(96%) dynamic memory reductions for TPUs and 10x (90%)
for GPUs. We hypothesise that the convergence happens
due to the underspecified compiler’s behaviour given the
fact that starting from 1B transformers, the corresponding
default computational graphs outgrow any available memory
by more than one order of magnitude, which can be too far
from typical compilation targets.

6. Conclusion
In this paper, we examined the practical aspects of gradient-
based methods for bilevel optimisations, identifying inef-
ficiencies in default autodiff-based implementations. To
address them, we proposed MixFlow-MG that uses mixed-
mode differentiation for the most computationally de-
manding components in the corresponding programs. We
achieved this by introducing a simple generic reparame-
terisation technique that can be effortlessly integrated into
standard implementations. We conducted detailed analysis
of the proposed algorithm and identified its scaling proper-
ties. Our empirical benchmarks demonstrated significant
practical improvements, including up to 10x total mem-
ory reductions and 25% lower wall-clock time in modern

meta-learning setups. Importantly, as the domain models
become larger and more sophisticated, the positive effect
of using MixFlow-MG compounds, allowing to drastically
reduce scaling costs. We believe that our work will help to
facilitate research in gradient-based bilevel optimisation by
opening up a larger class of models for experimenting whilst
minimising the need for extra computational resources. We
included a minimalistic implementation in JAX and PyTorch
for MixFlow-MG in Appendix A.4 for reference and easy
adoption.
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A.2. Derivations for MixFlow-MG

To expose second-order derivatives in the update equations Equation (3), we propose reparameterising them to have gradients
∇Li = ∂L(θi, η, xi)/∂θi as a separate argument in the combined update function Υ:

(θi+1, υi+1) = Φ(θi, υi, η, xi) = Υ(∇Li, θi, υi, η, xi). (13)

After applying the chain rule to the gradient of the validation loss with respect to η and using the fact that the validation loss
V in (3) does not depend on the last-step state υT , we obtain

dV
dη
=

∂V

∂θT

dθT
dη
+

∂V

∂υT
´¸¶
= 0
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= (
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⎝
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dυT
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⎠

= (
∂V

∂θT
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dΥT

dη

. (14)

To calculate this total derivative, let us unroll one step for for Υi+1:

dΥi+1
dη

=
∂Υi+1
∂∇Li

d∇Li

dη
+
∂Υi+1
∂θi

dθi
dη
+
∂Υi+1
∂υi

dυi
dη
+
∂Υi+1
∂η

=
∂Υi+1
∂∇Li

(
∂2L

∂θ2i

dθi
dη
+

∂2L

∂η∂θi
) +

∂Υi+1
∂θi

dθi
dη
+
∂Υi+1
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dη
+
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∂∇Li
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dη
+
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dυi
dη
+ (

∂Υi+1
∂∇Li

∂2L

∂η∂θi
+
∂Υi+1
∂η
)

.

Rewriting this in the block-matrix form results in

⎛
⎜
⎜
⎜
⎜
⎝

dθi+1
dη

dυi+1
dη

⎞
⎟
⎟
⎟
⎟
⎠

= (
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∂θi

+
∂Υi+1
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)

⎛
⎜
⎜
⎜
⎜
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dη

⎞
⎟
⎟
⎟
⎟
⎠

+
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∂∇Li
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+
∂Υi+1
∂η

. (15)

Or, alternatively,

dΥi+1
dη

=

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎝

∂Υi+1
∂θi

+
∂Υi+1
∂∇Li

∂2L

∂θ2i
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

(P+O)×P

(P+O)×O
³¹¹¹¹¹¹¹·¹¹¹¹¹¹µ
∂Υi+1
∂υi

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎠

dΥi

dη
´¸¶

(P+O)×M

+
∂Υi+1
∂∇Li

∂2L

∂η∂θi
+
∂Υi+1
∂η

, (16)

where P , O, and M are the sizes of θ, υ, and η correspondingly.
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Figure 8. Static and dynamic peak HBM w.r.t. model size.

Assuming that the function approximator and loss function have continuous second-order derivatives, which is typically the
case for neural networks, the following identities hold (c.f. Schwarz’s theorem):

∂2L

∂θ2i

T

=
∂2L

∂θ2i
,

∂2L

∂η∂θi

T

=
∂2L

∂θi∂η
.

Combining them with Equation (16) we can rewrite the vector-by-hessian (VHP) and vector-by-mixed-derivatives-matrix
(VMP) products into their transposed versions, i.e. hessian-by-vector (HVP) and mixed-derivatives-matrix-by-vector (MVP)
products:

v
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⎛
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⎪⎪⎩
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⎪⎪⎭
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⎟
⎟
⎟
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⎛
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⎪⎪⎩
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⎫⎪⎪
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⎪⎪⎭
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⎟
⎟
⎟
⎟
⎟
⎟
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T

.

A.3. Handling static device memory

In the terminology introduced in Section 4, static device memory is used for storing inputs and outputs, parameters θ, states
υ, and checkpointed gradient and allocated at the beginning of the on-device computation for its whole lifetime. So far, the
reported performance metrics reflected only changes in dynamic memory usage because MixFlow-MG operates on per-inner
step basis, i.e. it does not change the static memory allocations.

Figure 8(a) shows dynamic and static memory distribution for the chinchilla scaling experiments from Section 5.3. As can
be seen, MixFlow-MG reduces dynamic memory by 10-25x, thus turning static memory into the dominating part of the
allocated device memory. This gets exacerbated by the fact that, as models and their optimizers’ states become larger, the
overall dynamic-to-static ratio shrinks from 50-100 to 5-10 for default implementation, as depicted in Figure 8(b). In total,
this causes peak HBM memory gains to reduce from 10-25x (Figure 7) to 4-6x (Figure 8(c)).

Fortunately, the static memory factor can be reduced by several folds with the following techniques or their combinations:
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• For distributed setups with D interconnected devices, static tensors can be efficiently (i.e. with minimal communication
overhead) distributed using Fully-Sharded Data Parallelism (FSDP) (Rajbhandari et al., 2020), thus reducing the static
memory allocation per device by D times.

• For momentum-based inner-level optimisers, such as Adam (Kingma, 2014), one can use the technique proposed in
Maclaurin et al. (2015) to invert per-step updates during backward pass instead of storing them in static device memory;
moreover, combining it with per-inner update remat from Section 4 can allow to avoid computational overheads; the
same principle holds for arbitrary optimisers applied to the class of reversible networks (Behrmann et al., 2019; Kitaev
et al., 2020; Mangalam et al., 2022).

• The default per-inner update rematerialisation strategy can be improved using dynamic programming (Griewank, 1992),
allowing to reduce static memory usage from linear to logarithmic by T (the number of inner updates per each outer
update).

All of these techniques are fully compatible with MixFlow-MG and allow to achieve the 10-25x gains shown in Figure 7
with affordable (if not zero) compute overhead. We leave the implementation details of these methods outside the scope of
this paper, as they can be found in the corresponding original works.

A.4. Python code for mixed-mode bilevel gradients in JAX and PyTorch

Code Listing 1. JAX implementation for fwdrev grad in Algorithm 2

def get_fwdrev_grad_fn(inner_loss_fn):
"""Returns a function implementing ‘grad(inner_loss_fn)‘.

The returned function has a custom-defined VJP rule for implementing
forward-over-reverse mode for Hessian-by-vector products that emerge in
the meta gradient / bilevel optimisation scenario. This custom rule can save
a substantial amount of memory and compute compared with default JAX autodiff.

Args:
inner_loss_fn: a function implementing inner loss calculation. It must

accept ‘params‘ as the first argument.

Returns:
A function implementing ‘grad(inner_loss_fn)‘ with a custom-defined VJP
rule for forward-over-reverse Hessian-by-vector products.

"""

@jax.custom_vjp
def fwdrev_grad_fn(params, *inputs):

"""Pure implementation."""
return jax.grad(inner_loss_fn)(params, *inputs)

def fwdrev_grad_fn_forward_pass(params, *inputs):
"""Forward pass implementation."""
return fwdrev_grad_fn(params, *inputs), (params, inputs)

def fwdrev_grad_fn_backward_pass(residuals, ct):
"""Backward pass implementation."""
(params, inputs) = residuals
grad_loss_fn = jax.grad(inner_loss_fn, argnums=range(len(inputs) + 1))
_, hvp_ct = jax.jvp(lambda p: grad_loss_fn(p, *inputs), (params,), (ct,))
return hvp_ct

fwdrev_grad_fn.defvjp(
fwdrev_grad_fn_forward_pass, fwdrev_grad_fn_backward_pass

)

return fwdrev_grad_fn
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Code Listing 2. PyTorch implementation for fwdrev grad in Algorithm 2

def get_fwdrev_grad_fn(inner_loss_fn):
"""Returns a function implementing ‘grad(inner_loss_fn)‘.

The returned function has a custom-defined VJP rule for implementing
forward-over-reverse mode for Hessian-by-vector products that emerge in
the meta gradient / bilevel optimisation scenario. This custom rule can save
a substantial amount of memory \& compute compared with default implementation.

Args:
inner_loss_fn: a function implementing inner loss calculation. It must

accept ‘params‘ as the first argument.

Returns:
A function implementing ‘grad(inner_loss_fn)‘ with a custom-defined VJP
rule for forward-over-reverse Hessian-by-vector products.

"""

class FwdRevGrad(torch.autograd.Function):

@staticmethod
def forward(context, params, *inputs):

"""Forward pass implementation."""
context.save_for_backward(params, *inputs)
return torch.func.grad(inner_loss_fn)(params, *inputs)

@staticmethod
def backward(context, ct):

"""Backward pass implementation."""
params, *inputs = context.saved_tensors
grad_loss_fn = torch.func.grad(loss, argnums=tuple(range(len(inputs) + 1)))
_, hvp_ct = torch.func.jvp(lambda p: grad_loss_fn(p, *inputs), (params,), (ct,))
return hvp_ct

return FwdRevGrad.apply

A.5. Python snippet for per-inner step gradient checkpointing with saving inner gradients

Code Listing 3. Python snippet for optimisations in Section 4

def inner_step(...): # Implements one inner step.
d_params = grad_fn(params, inputs)
d_params = jax.tree.map(

lambda x: jax.ad_checkpoint.checkpoint_name(x, ’inner_grads’), d_params
)
...

def outer_step(...): # Implements the outer step.
inner_step = jax.checkpoint(

inner_step, policy=jax.checkpoint_policies.save_only_these_names(’inner_grads’))
new_params, ... = jax.lax.scan(inner_step, ...)
...

15



MixFlow-MG: Scalable Meta-Learning via Mixed-Mode Differentiation

A.6. Python code for the motivating example

Code Listing 4. Python implementation for the motivating example

def get_toy_task(seed, B, M, T, D, use_loop_fusion, use_mixed_mode):
"""Returns a toy task and example arguments.

Args:
seed: a random seed.
B: a batch size.
M: a number of inner steps.
T: a number of inner updates.
D: a data and inner model size.
use_loop_fusion: whether to use loop fusion.
use_mixed_mode: whether to use mixed mode.

Returns:
A jitted function with arguments that correspond to the toy task.

"""
rng1, rng2, rng3 = jax.random.split(jax.random.PRNGKey(seed), 3)
params = jax.random.normal(rng1, (D, D))
xs, targets = jax.random.normal(rng2, (2, T, B, D))
val_x, val_target = jax.random.normal(rng3, (2, B, D))

def toy_task(params, xs, targets, val_x, val_target):

def apply(params, x):
y = jnp.matmul(x, params)

def f(y, i):
return i * (2 + jnp.sin(y)) ** jnp.cos(y), ()

if use_loop_fusion:
for i in range(1, M + 1):

y, _ = f(y, i)
else:
y, _ = jax.lax.scan(f, y, jnp.arange(1, M + 1))

return y

def loss(params, x, target):
return jnp.mean((apply(params, x) - target) ** 2)

def meta_loss(params):
if use_mixed_mode:
grad_fn = get_fwdrev_grad_fn(loss)

else:
grad_fn = jax.grad(loss)

def inner_step(params, x_and_target):
d_params = grad_fn(params, *x_and_target)
params = jax.tree.map(lambda p, dp: p - 1e-3 * dp, params, d_params)
return params, ()

params, _ = jax.lax.scan(inner_step, params, (xs, targets))
return loss(params, val_x, val_target)

meta_grad = jax.grad(meta_loss)(params)
return meta_grad

return jax.jit(toy_task), (params, xs, targets, val_x, val_target)
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0

divide.11
f32[4096,4096]{1,0:T(8,128)}

2

multiply.603
f32[4096,4096]{1,0:T(8,128)}

0

multiply.607
f32[4096,4096]{1,0:T(8,128)}

0

multiply.611
f32[4096,4096]{1,0:T(8,128)}

0

multiply.638
f32[4096,4096]{1,0:T(8,128)}

0

1

multiply.644
f32[4096,4096]{1,0:T(8,128)}

0

multiply.648
f32[4096,4096]{1,0:T(8,128)}

multiply.664
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

1
1

multiply.672
f32[4096,4096]{1,0:T(8,128)}

0

add.418
f32[4096,4096]{1,0:T(8,128)}

0

multiply.665
f32[4096,4096]{1,0:T(8,128)}

1

1

multiply.684
f32[4096,4096]{1,0:T(8,128)}

0 1

multiply.688
f32[4096,4096]{1,0:T(8,128)}

0

1

multiply.693
f32[4096,4096]{1,0:T(8,128)}

0

multiply.697
f32[4096,4096]{1,0:T(8,128)}

add.438
f32[4096,4096]{1,0:T(8,128)}

1

1
multiply.719

f32[4096,4096]{1,0:T(8,128)}

0
multiply.725

f32[4096,4096]{1,0:T(8,128)}

0

multiply.706
f32[4096,4096]{1,0:T(8,128)}

1

0

1

negate.77
f32[4096,4096]{1,0:T(8,128)}

1

multiply.747
f32[4096,4096]{1,0:T(8,128)}

0
1

multiply.751
f32[4096,4096]{1,0:T(8,128)}

0

1

multiply.756
f32[4096,4096]{1,0:T(8,128)}

0multiply.760
f32[4096,4096]{1,0:T(8,128)}

negate.92
f32[4096,4096]{1,0:T(8,128)}

0

multiply.780
f32[4096,4096]{1,0:T(8,128)}

negate.99
f32[4096,4096]{1,0:T(8,128)}

0

multiply.789
f32[4096,4096]{1,0:T(8,128)}

negate.105
f32[4096,4096]{1,0:T(8,128)}0

multiply.798
f32[4096,4096]{1,0:T(8,128)}

multiply.819
f32[4096,4096]{1,0:T(8,128)}1

multiply.823
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

0

0Parameter 2
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

1

1

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 5
f32[4096,4096]{1,0:T(8,128)}

1Parameter 6
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 7
f32[4096,4096]{1,0:T(8,128)}
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Parameter 8
f32[4096,4096]{1,0:T(8,128)}

1

1

Parameter 9
f32[4096,4096]{1,0:T(8,128)}

1
1

Parameter 10
f32[4096,4096]{1,0:T(8,128)}

1

0

1

0

1

Parameter 11
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 12
f32[4096,4096]{1,0:T(8,128)}

0
0

Parameter 13
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 14
f32[4096,4096]{1,0:T(8,128)}

1

1

1

Parameter 15
f32[4096,4096]{1,0:T(8,128)}

1
1

Parameter 16
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 17
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 18
f32[4096,4096]{1,0:T(8,128)}

1

1

Parameter 19
f32[4096,4096]{1,0:T(8,128)}

1

1

Parameter 20
f32[4096,4096]{1,0:T(8,128)}

1

0
1

0

1

Parameter 21
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 22
f32[4096,4096]{1,0:T(8,128)}

0

0

Parameter 23
f32[4096,4096]{1,0:T(8,128)}

0

0

Parameter 24
f32[4096,4096]{1,0:T(8,128)}

1

1

Parameter 25
f32[4096,4096]{1,0:T(8,128)}

1

1

Parameter 26
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 27
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 28
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 29
f32[4096,4096]{1,0:T(8,128)}

0

0

Parameter 30
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 31
f32[4096,4096]{1,0:T(8,128)}

1

1

Parameter 32
f32[4096,4096]{1,0:T(8,128)}

0

0

Parameter 33
f32[4096,4096]{1,0:T(8,128)}0

Parameter 34
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 35
f32[4096,4096]{1,0:T(8,128)}

0

0

0

Parameter 36
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 37
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 38
f32[4096,4096]{1,0:T(8,128)}

0

1

Parameter 39
f32[4096,4096]{1,0:T(8,128)}

0

0

0

Parameter 40
f32[4096,4096]{1,0:T(8,128)}

1Parameter 41
f32[4096,4096]{1,0:T(8,128)}

1
1

Parameter 42
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 43
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

tuple-element 9 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

tuple-element 13 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

Parameter 5
f32[4096,4096]{1,0:T(8,128)}

tuple-element 5 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 6
f32[4096,4096]{1,0:T(8,128)}

tuple-element 6 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 7
f32[4096,4096]{1,0:T(8,128)}

tuple-element 8 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 8
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.217 f32[4096,4096]{1,0:T(8,128)}

Parameter 9
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.240 f32[4096,4096]{1,0:T(8,128)}

Parameter 10
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.217 f32[4096,4096]{1,0:T(8,128)}

Parameter 11
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.242 f32[4096,4096]{1,0:T(8,128)}

Parameter 12
f32[4096,4096]{1,0:T(8,128)}

tuple-element 8 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 13
f32[4096,4096]{1,0:T(8,128)}

tuple-element 9 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 14
f32[4096,4096]{1,0:T(8,128)}

tuple-element 7 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 15
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.242 f32[4096,4096]{1,0:T(8,128)}

Parameter 16
f32[4096,4096]{1,0:T(8,128)}

tuple-element 4 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 17
f32[4096,4096]{1,0:T(8,128)}

tuple-element 6 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 18
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.204 f32[4096,4096]{1,0:T(8,128)}

Parameter 19
f32[4096,4096]{1,0:T(8,128)}

tuple-element 5 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 20
f32[4096,4096]{1,0:T(8,128)}

tuple-element 4 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 21
f32[4096,4096]{1,0:T(8,128)}

tuple-element 18 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 22
f32[4096,4096]{1,0:T(8,128)}

tuple-element 17 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 23
f32[4096,4096]{1,0:T(8,128)}

tuple-element 15 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 24
f32[4096,4096]{1,0:T(8,128)}

tuple-element 7 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 25
f32[4096,4096]{1,0:T(8,128)}

tuple-element 19 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 26
f32[4096,4096]{1,0:T(8,128)}

tuple-element 16 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 27
f32[4096,4096]{1,0:T(8,128)}

tuple-element 14 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 28
f32[4096,4096]{1,0:T(8,128)}

tuple-element 2 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 29
f32[4096,4096]{1,0:T(8,128)}

tuple-element 12 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 30
f32[4096,4096]{1,0:T(8,128)}

tuple-element 3 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 31
f32[4096,4096]{1,0:T(8,128)}

tuple-element 11 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 32
f32[4096,4096]{1,0:T(8,128)}

tuple-element 10 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 33
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 34
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.198 f32[4096,4096]{1,0:T(8,128)}

Parameter 35
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 36
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.214 f32[4096,4096]{1,0:T(8,128)}

Parameter 37
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.214 f32[4096,4096]{1,0:T(8,128)}

Parameter 38
f32[4096,4096]{1,0:T(8,128)}

tuple-element 2 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 39
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 40
f32[4096,4096]{1,0:T(8,128)}

tuple-element 2 of fusion.240 f32[4096,4096]{1,0:T(8,128)}

Parameter 41
f32[4096,4096]{1,0:T(8,128)}

tuple-element 3 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 42
f32[4096,4096]{1,0:T(8,128)}

tuple-element 20 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 43
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.240 f32[4096,4096]{1,0:T(8,128)}

Parameter 44
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.204 f32[4096,4096]{1,0:T(8,128)}

Parameter 45
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

bitcast.46
f32[4096,4096]{1,0:T(8,128)}

0

convolution.9
dim_labels=fb_io->bf

f32[4096,4096]{1,0:T(8,128)}

Parameter 6
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

add.161
f32[4096,4096]{1,0:T(8,128)}1

multiply.83
f32[4096,4096]{1,0:T(8,128)}

0

negate.17
f32[4096,4096]{1,0:T(8,128)}

0

multiply.86
f32[4096,4096]{1,0:T(8,128)}

multiply.87
f32[4096,4096]{1,0:T(8,128)}

1

log.11
f32[4096,4096]{1,0:T(8,128)}

0

select.83
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1
compare.83
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.281
f32[4096,4096]{1,0:T(8,128)}

1

multiply.282
f32[4096,4096]{1,0:T(8,128)}

0

multiply.283
f32[4096,4096]{1,0:T(8,128)}

1

power.40
f32[4096,4096]{1,0:T(8,128)}

1

add.214
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

add.223
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.307
f32[4096,4096]{1,0:T(8,128)}

0

negate.39
f32[4096,4096]{1,0:T(8,128)}

0

multiply.313
f32[4096,4096]{1,0:T(8,128)}

multiply.318
f32[4096,4096]{1,0:T(8,128)}

1

log.54
f32[4096,4096]{1,0:T(8,128)}

0

select.129
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.129
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.365
f32[4096,4096]{1,0:T(8,128)}1

multiply.366
f32[4096,4096]{1,0:T(8,128)}

0

multiply.367
f32[4096,4096]{1,0:T(8,128)}

1
power.53

f32[4096,4096]{1,0:T(8,128)}
1

add.233
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.390
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

add.247
f32[4096,4096]{1,0:T(8,128)}0

multiply.391
f32[4096,4096]{1,0:T(8,128)}

0

negate.42
f32[4096,4096]{1,0:T(8,128)}

0

multiply.392
f32[4096,4096]{1,0:T(8,128)}

multiply.395
f32[4096,4096]{1,0:T(8,128)}

1

log.57
f32[4096,4096]{1,0:T(8,128)}0

select.133
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.133
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.427
f32[4096,4096]{1,0:T(8,128)}1

multiply.429
f32[4096,4096]{1,0:T(8,128)}

0

multiply.431
f32[4096,4096]{1,0:T(8,128)}

1

power.71
f32[4096,4096]{1,0:T(8,128)}

1

add.257
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.441
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0

0

add.272
f32[4096,4096]{1,0:T(8,128)}0

multiply.442
f32[4096,4096]{1,0:T(8,128)}

0

negate.45
f32[4096,4096]{1,0:T(8,128)}0

multiply.443
f32[4096,4096]{1,0:T(8,128)}

multiply.444
f32[4096,4096]{1,0:T(8,128)}

1
log.60

f32[4096,4096]{1,0:T(8,128)}0

select.136
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.136
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.460
f32[4096,4096]{1,0:T(8,128)}

1

multiply.461
f32[4096,4096]{1,0:T(8,128)}0

multiply.462
f32[4096,4096]{1,0:T(8,128)}

1power.89
f32[4096,4096]{1,0:T(8,128)}1

add.284
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.473
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 2.38418579e-07

0

0

subtract.9
f32[4096,4096]{1,0:T(8,128)}

0

multiply.474
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 4

0
power.105

f32[4096,4096]{1,0:T(8,128)}

1

0

add.302
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2

0

0

0

cosine.3
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

sine.3
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.765
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3power.115

f32[4096,4096]{1,0:T(8,128)}

1

0

add.457
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2

0

0

0

cosine.7
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

sine.7
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.768
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2power.118

f32[4096,4096]{1,0:T(8,128)}

1

0

add.460
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2
0

0

0

cosine.11
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

sine.11
f32[4096,4096]{1,0:T(8,128)}

1

0

power.121
f32[4096,4096]{1,0:T(8,128)}

1

add.463
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2

00

0

cosine.15
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

sine.15
f32[4096,4096]{1,0:T(8,128)}

1

0

Parameter 0
f32[4096,4096]{1,0:T(8,128)}1

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

bitcast.47
f32[4096,4096]{1,0:T(8,128)}

0

subtract.3
bf16[4096,4096]{1,0:T(8,128)(2,1)}

Parameter 1
bf16[4096,4096]{1,0:T(8,128)(2,1)}

0

multiply.198
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 0.001
1

convolution.16
dim_labels=fb_io->bf

f32[4096,4096]{1,0:T(8,128)}0

add.465
f32[4096,4096]{1,0:T(8,128)}

1

multiply.772
f32[4096,4096]{1,0:T(8,128)}

1

multiply.776
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

1

negate.95
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

1

add.577
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

multiply.783
f32[4096,4096]{1,0:T(8,128)}

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

0

multiply.995
f32[4096,4096]{1,0:T(8,128)}

1

log.82
f32[4096,4096]{1,0:T(8,128)}

0

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

1

select.167
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.167
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

2

0

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.240 f32[4096,4096]{1,0:T(8,128)}

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

tuple-element 2 of fusion.240 f32[4096,4096]{1,0:T(8,128)}

Parameter 5
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.217 f32[4096,4096]{1,0:T(8,128)}

Parameter 6
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

bitcast.48
f32[4096,4096]{1,0:T(8,128)}

0

multiply.727
f32[4096,4096]{1,0:T(8,128)}

tuple.37
(f32[4096,4096], f32[4096,4096], f32[4096,4096], f32[4096,409...

0

negate.79
f32[4096,4096]{1,0:T(8,128)}

0

multiply.730
f32[4096,4096]{1,0:T(8,128)}

add.450
f32[4096,4096]{1,0:T(8,128)}

0

multiply.731
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1016
f32[4096,4096]{1,0:T(8,128)}

1

4

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.242 f32[4096,4096]{1,0:T(8,128)}1

add.607
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

log.95
f32[4096,4096]{1,0:T(8,128)}

0

select.179
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.179
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

2
0

multiply.1126
f32[4096,4096]{1,0:T(8,128)}

0

1

multiply.1127.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

2

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.240 f32[4096,4096]{1,0:T(8,128)}

1

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.204 f32[4096,4096]{1,0:T(8,128)}

1multiply.972.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

multiply.1129.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

log.109.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.989.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

7

select.192.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

8

compare.192.clone.1
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 00

add.657.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2

0

power.122.clone.1
f32[4096,4096]{1,0:T(8,128)}0

9

negate.137.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

3

multiply.1128.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

5

add.469.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

136

multiply.907.clone.1
f32[4096,4096]{1,0:T(8,128)}

10

power.159.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

12

cosine.49.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.862.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

add.493.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

0

18

log.71.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

select.154.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

14

compare.154.clone.1
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 00

add.538.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

02

0

power.148.clone.1
f32[4096,4096]{1,0:T(8,128)}0

17

sine.67.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

19

11

1

16

1

15

convolution.10.clone.1
dim_labels=bf_io->bf

f32[4096,4096]{1,0:T(8,128)}

0

0

20

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

1
0

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.217 f32[4096,4096]{1,0:T(8,128)}

1

Parameter 5
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.243 f32[4096,4096]{1,0:T(8,128)}
0

1

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

tuple-element 2 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

Parameter 5
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.170 f32[4096,4096]{1,0:T(8,128)}

multiply.1139
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 0.001

1

negate.140
f32[4096,4096]{1,0:T(8,128)}0

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 7
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

bitcast.49
f32[4096,4096]{1,0:T(8,128)}

0

multiply.873
f32[4096,4096]{1,0:T(8,128)}

tuple.20
(f32[4096,4096], f32[4096,4096], f32[4096,4096], f32[4096,409...

0

multiply.876
f32[4096,4096]{1,0:T(8,128)}1

multiply.634.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

power.144
f32[4096,4096]{1,0:T(8,128)}

1

add.489
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.1075
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0multiply.920.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

1

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.204 f32[4096,4096]{1,0:T(8,128)}

multiply.1085
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

multiply.1014.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.638
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1076
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1077
f32[4096,4096]{1,0:T(8,128)}

0

multiply.632.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1078
f32[4096,4096]{1,0:T(8,128)}

1

multiply.620.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.625.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

power.205
f32[4096,4096]{1,0:T(8,128)}

1

multiply.616.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.810.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.639
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.240.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1079
f32[4096,4096]{1,0:T(8,128)}

0

negate.132
f32[4096,4096]{1,0:T(8,128)}

0

multiply.631.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1080
f32[4096,4096]{1,0:T(8,128)}

multiply.1081
f32[4096,4096]{1,0:T(8,128)}

1

multiply.621.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.628.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

log.104
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.624.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

select.187
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

divide.12.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

compare.187
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

select.67.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 0

0

multiply.1082
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 2.38418579e-07

0

0

multiply.626.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.629.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

subtract.19
f32[4096,4096]{1,0:T(8,128)}

0

bitcast.26
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1083
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 4

0

power.206
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.619.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

cosine.80
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

multiply.614.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.58.clone.1
f32[4096,4096]{1,0:T(8,128)}

1
add.202.clone.1

f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -2

0multiply.618.clone.1
f32[4096,4096]{1,0:T(8,128)}

0multiply.627.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.640
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

20

0 power.28.clone.1
f32[4096,4096]{1,0:T(8,128)}

0
sine.90

f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.613.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.630.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.615.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1084
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

power.207
f32[4096,4096]{1,0:T(8,128)}

0

multiply.998.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

cosine.81
f32[4096,4096]{1,0:T(8,128)}

0

0

1

multiply.678.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.641
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0
0

select.169.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

2
compare.169.clone.1

direction=EQ
pred[4096,4096]{1,0:T(8,128)(4,1)}

operand 1= f32[4096,4096] 0

0
sine.91

f32[4096,4096]{1,0:T(8,128)}
0

multiply.929.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

1
multiply.612.clone.1

f32[4096,4096]{1,0:T(8,128)}

1

2

negate.117.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.639.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.931.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

add.527.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.932.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.981.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

5

power.171.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

4

add.552.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

9

multiply.933.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.934.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

1

log.93.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

7

select.177.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

6

compare.177.clone.1.clone.1
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

add.605.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0
2
0

8

negate.118.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.935.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

add.528.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.936.clone.1.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.242 f32[4096,4096]{1,0:T(8,128)}

0

0

1

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.242 f32[4096,4096]{1,0:T(8,128)}

0

1

0

0

Parameter 6
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.240 f32[4096,4096]{1,0:T(8,128)}

1

add.151.clone.1
f32[4096,4096]{1,0:T(8,128)}

3

1

multiply.57.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0

add.156.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

add.398.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

1

negate.70.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

add.400.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.401.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.617.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

1

0

0
0

add.157.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

1

add.158.clone.1
f32[4096,4096]{1,0:T(8,128)}

0multiply.239.clone.1
f32[4096,4096]{1,0:T(8,128)}

11 1

1

0 0

0 1

add.159.clone.1
f32[4096,4096]{1,0:T(8,128)}

0
1

2

0

0

add.404.clone.1
f32[4096,4096]{1,0:T(8,128)}

00

1

01

multiply.623.clone.1
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 9.53674316e-07

0

add.405.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

1

1

0

0

negate.72.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

0

0

negate.71.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.633.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

1

0

0
1

add.406.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

1

0

0

1 log.85.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

0

0

log.72
f32[4096,4096]{1,0:T(8,128)}

tuple
(f32[4096,4096], f32[4096,4096])0

select.158
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.158
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0
add.542

f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2

0

sine.71
f32[4096,4096]{1,0:T(8,128)}0

multiply.976
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

power.216.clone.1
f32[4096,4096]{1,0:T(8,128)}0

1

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.204 f32[4096,4096]{1,0:T(8,128)}

Parameter 5
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.204 f32[4096,4096]{1,0:T(8,128)}

add.650.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.242 f32[4096,4096]{1,0:T(8,128)}

1

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.242 f32[4096,4096]{1,0:T(8,128)}0

multiply.982
f32[4096,4096]{1,0:T(8,128)}

tuple.1
(f32[4096,4096], f32[4096,4096])

0

multiply.984
f32[4096,4096]{1,0:T(8,128)}

1

power.173
f32[4096,4096]{1,0:T(8,128)}

1
add.554

f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

add.560
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 20

multiply.1108.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

1

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.242 f32[4096,4096]{1,0:T(8,128)}
0 0

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.242 f32[4096,4096]{1,0:T(8,128)}0

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.214 f32[4096,4096]{1,0:T(8,128)}

add.651.clone.1
f32[4096,4096]{1,0:T(8,128)}0

multiply.1109.clone.1
f32[4096,4096]{1,0:T(8,128)}1

multiply.1113.clone.1
f32[4096,4096]{1,0:T(8,128)}0

multiply.1114.clone.1
f32[4096,4096]{1,0:T(8,128)}1

power.217.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.652.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.1110.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

negate.135.clone.1
f32[4096,4096]{1,0:T(8,128)}0

multiply.1111.clone.1
f32[4096,4096]{1,0:T(8,128)}

multiply.1112.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

log.107.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

select.190.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.190.clone.1
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.1115.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 30

0

add.653.clone.1
f32[4096,4096]{1,0:T(8,128)}0

multiply.1116.clone.1
f32[4096,4096]{1,0:T(8,128)}1

multiply.1117.clone.1
f32[4096,4096]{1,0:T(8,128)}0

multiply.1118.clone.1
f32[4096,4096]{1,0:T(8,128)}1

power.218.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.654.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -11

multiply.1119.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

negate.136.clone.1
f32[4096,4096]{1,0:T(8,128)}0

multiply.1120.clone.1
f32[4096,4096]{1,0:T(8,128)}multiply.1121.clone.1

f32[4096,4096]{1,0:T(8,128)}
1

log.108.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

select.191.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.191.clone.1
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.1122.clone.1
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 2.38418579e-070

0

subtract.22.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

bitcast.33.clone.1
f32[4096,4096]{1,0:T(8,128)}1

multiply.1123.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 40

power.219.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

0

cosine.86.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

add.655.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

2
0

0

sine.98.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.1124.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

power.220.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

0

cosine.89.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

0

0
1

add.656.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 20 2

0

0

sine.99.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.1125.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 20

multiply.990
f32[4096,4096]{1,0:T(8,128)}

tuple.4
(f32[4096,4096], f32[4096,4096])

0

log.76
f32[4096,4096]{1,0:T(8,128)}

0

select.162
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.162
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

add.581
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2 0

power.221.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

1

1

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

0

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.217 f32[4096,4096]{1,0:T(8,128)}

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

1

multiply.1130
f32[4096,4096]{1,0:T(8,128)}

tuple.6
(f32[4096,4096], f32[4096,4096], f32[4096,4096])

0

multiply.1131.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

1

power.222.clone.1
f32[4096,4096]{1,0:T(8,128)}

1
add.659.clone.1

f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

add.660.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

add.661.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

2

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

0

0

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.243 f32[4096,4096]{1,0:T(8,128)}

0

multiply.1132.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1135.clone.1
f32[4096,4096]{1,0:T(8,128)}

0
multiply.1136.clone.1

f32[4096,4096]{1,0:T(8,128)}
1

power.223.clone.1
f32[4096,4096]{1,0:T(8,128)}

1

add.662.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1
multiply.1133.clone.1

f32[4096,4096]{1,0:T(8,128)}
0

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.242 f32[4096,4096]{1,0:T(8,128)}
1

0 0

0

multiply.1134.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

negate.138.clone.1
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1137.clone.1
f32[4096,4096]{1,0:T(8,128)}

1
log.111.clone.1

f32[4096,4096]{1,0:T(8,128)}
0

select.193.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.193.clone.1
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

add.663.clone.1
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2
0

20

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.242 f32[4096,4096]{1,0:T(8,128)}
1 0

1

sine.100
f32[4096,4096]{1,0:T(8,128)}

tuple.34
(f32[4096,4096], f32[4096,4096])

0

cosine.90
f32[4096,4096]{1,0:T(8,128)}

1

sine.101
f32[4096,4096]{1,0:T(8,128)}

tuple.36
(f32[4096,4096], f32[4096,4096])

0

cosine.92
f32[4096,4096]{1,0:T(8,128)}

1

convolution.18
dim_labels=bf_io->bf

f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

bitcast.50
f32[4096,4096]{1,0:T(8,128)}

0

bitcast.52
f32[4096,4096]{1,0:T(8,128)}

1

convolution.19
dim_labels=bf_io->bf

f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
bf16[4096,4096]{1,0:T(8,128)(2,1)}

bitcast.51
f32[4096,4096]{1,0:T(8,128)}

0

bitcast.53
bf16[4096,4096]{1,0:T(8,128)(2,1)}

1

Computation main.520

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 1
f32[1,4096,4096]{2,1,0:T(8,128)}

bitcast.42
f32[4096,4096]{1,0:T(8,128)}bitcast.43

f32[4096,4096]{1,0:T(8,128)}

bitcast.44
f32[4096,4096]{1,0:T(8,128)}

bitcast.45
f32[4096,4096]{1,0:T(8,128)}

Parameter 2
f32[1,4096,4096]{2,1,0:T(8,128)}

Parameter 4
f32[1,4096,4096]{2,1,0:T(8,128)}

Parameter 3
f32[1,4096,4096]{2,1,0:T(8,128)}

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 4
f32[4096,4096]{1,0:T(8,128)}

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

add.53
f32[4096,4096]{1,0:T(8,128)}

ROOT

Parameter 0
f32[4096,4096]{1,0:T(8,128)}0

convolution.8
dim_labels=fb_io->bf

f32[4096,4096]{1,0:T(8,128)}

1

add.58
f32[4096,4096]{1,0:T(8,128)}

1

add.59
f32[4096,4096]{1,0:T(8,128)}

0

multiply.56
f32[4096,4096]{1,0:T(8,128)}

0

negate.21
f32[4096,4096]{1,0:T(8,128)}

0

add.60
f32[4096,4096]{1,0:T(8,128)}

multiply.57
f32[4096,4096]{1,0:T(8,128)}1

add.61
f32[4096,4096]{1,0:T(8,128)}

1

multiply.59
f32[4096,4096]{1,0:T(8,128)}0

divide.19
f32[4096,4096]{1,0:T(8,128)}0

select.32
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 0

0

add.237
f32[4096,4096]{1,0:T(8,128)}

1

multiply.522
f32[4096,4096]{1,0:T(8,128)}

0
add.238

f32[4096,4096]{1,0:T(8,128)}0

multiply.523
f32[4096,4096]{1,0:T(8,128)}

1
add.239

f32[4096,4096]{1,0:T(8,128)}

1

multiply.524
f32[4096,4096]{1,0:T(8,128)}

1
add.240

f32[4096,4096]{1,0:T(8,128)}1

multiply.525
f32[4096,4096]{1,0:T(8,128)}

0

multiply.526
f32[4096,4096]{1,0:T(8,128)}

1

power.21
f32[4096,4096]{1,0:T(8,128)}

1

add.241
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -2

1

multiply.838
f32[4096,4096]{1,0:T(8,128)}

1

multiply.842
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1617
f32[4096,4096]{1,0:T(8,128)}

1

add.1046
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

multiply.846
f32[4096,4096]{1,0:T(8,128)}

0

multiply.850
f32[4096,4096]{1,0:T(8,128)}

0

add.602
f32[4096,4096]{1,0:T(8,128)}

0

0

add.603
f32[4096,4096]{1,0:T(8,128)}1

multiply.867
f32[4096,4096]{1,0:T(8,128)}0

add.604
f32[4096,4096]{1,0:T(8,128)}

0

multiply.868
f32[4096,4096]{1,0:T(8,128)}

1

add.605
f32[4096,4096]{1,0:T(8,128)}

1

multiply.869
f32[4096,4096]{1,0:T(8,128)}

1

add.606
f32[4096,4096]{1,0:T(8,128)}

1

multiply.870
f32[4096,4096]{1,0:T(8,128)}

0

multiply.871
f32[4096,4096]{1,0:T(8,128)}

1

power.177
f32[4096,4096]{1,0:T(8,128)}

1

add.607
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -2

1

add.608
f32[4096,4096]{1,0:T(8,128)}

0
multiply.872

f32[4096,4096]{1,0:T(8,128)}
0

negate.83
f32[4096,4096]{1,0:T(8,128)}

0

add.609
f32[4096,4096]{1,0:T(8,128)}

multiply.873
f32[4096,4096]{1,0:T(8,128)}1

add.610
f32[4096,4096]{1,0:T(8,128)}

1

multiply.874
f32[4096,4096]{1,0:T(8,128)}

0
divide.77

f32[4096,4096]{1,0:T(8,128)}

0

select.183
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 0

0

multiply.878
f32[4096,4096]{1,0:T(8,128)}

1

multiply.882
f32[4096,4096]{1,0:T(8,128)}

1

multiply.886
f32[4096,4096]{1,0:T(8,128)}

0

multiply.890
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1073
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1077
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1081
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1085
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1104
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1108
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1112
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1116
f32[4096,4096]{1,0:T(8,128)}

1

negate.128
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1173
f32[4096,4096]{1,0:T(8,128)}

add.770
f32[4096,4096]{1,0:T(8,128)}

0

0
0

multiply.1191
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1180
f32[4096,4096]{1,0:T(8,128)}1

0

multiply.1202
f32[4096,4096]{1,0:T(8,128)}

0

negate.135
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.1210
f32[4096,4096]{1,0:T(8,128)}

multiply.1243
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.1384
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0
0

0

add.935
f32[4096,4096]{1,0:T(8,128)}0

multiply.1385
f32[4096,4096]{1,0:T(8,128)}1

multiply.1388
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1549
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 20

0

add.1016
f32[4096,4096]{1,0:T(8,128)}

0

add.1017
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1550
f32[4096,4096]{1,0:T(8,128)}1

multiply.1551
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.1552
f32[4096,4096]{1,0:T(8,128)}

0

add.1018
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1553
f32[4096,4096]{1,0:T(8,128)}

1

add.1019
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1554
f32[4096,4096]{1,0:T(8,128)}

1

add.1020
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1555
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1556
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1557
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1558
f32[4096,4096]{1,0:T(8,128)}

1

power.385
f32[4096,4096]{1,0:T(8,128)}

1

add.1021
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -2

1

multiply.1559
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1560
f32[4096,4096]{1,0:T(8,128)}

0

add.1022
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1561
f32[4096,4096]{1,0:T(8,128)}

1

negate.172
f32[4096,4096]{1,0:T(8,128)}

0 0

multiply.1562
f32[4096,4096]{1,0:T(8,128)}

multiply.1563
f32[4096,4096]{1,0:T(8,128)}

0

negate.173
f32[4096,4096]{1,0:T(8,128)}

0

add.1023
f32[4096,4096]{1,0:T(8,128)}

multiply.1564
f32[4096,4096]{1,0:T(8,128)}

1

add.1024
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1565
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1566
f32[4096,4096]{1,0:T(8,128)}

0

divide.84
f32[4096,4096]{1,0:T(8,128)}

0

select.283
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 0

0

multiply.1567
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0

0

0

0

add.1025
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1568
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1569
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1570
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1571
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0 0

add.1026
f32[4096,4096]{1,0:T(8,128)}

0

add.1027
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1572
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1573
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.1574
f32[4096,4096]{1,0:T(8,128)}

0

add.1028
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1575
f32[4096,4096]{1,0:T(8,128)}

1

add.1029
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1576
f32[4096,4096]{1,0:T(8,128)}

1

add.1030
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1577
f32[4096,4096]{1,0:T(8,128)}

1
multiply.1578

f32[4096,4096]{1,0:T(8,128)}

1

multiply.1579
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1580
f32[4096,4096]{1,0:T(8,128)}

1

power.386
f32[4096,4096]{1,0:T(8,128)}

1
add.1031

f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -2

1

multiply.1581
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1582
f32[4096,4096]{1,0:T(8,128)}

0

add.1032
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1583
f32[4096,4096]{1,0:T(8,128)}

1

negate.174
f32[4096,4096]{1,0:T(8,128)}

0
0

multiply.1584
f32[4096,4096]{1,0:T(8,128)}

multiply.1585
f32[4096,4096]{1,0:T(8,128)}

0

negate.175
f32[4096,4096]{1,0:T(8,128)}

0

add.1033
f32[4096,4096]{1,0:T(8,128)}

multiply.1586
f32[4096,4096]{1,0:T(8,128)}

1

add.1034
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1587
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1588
f32[4096,4096]{1,0:T(8,128)}0

divide.85
f32[4096,4096]{1,0:T(8,128)}

0

select.284
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 0

0

multiply.1589
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 2.38418579e-07

0

0

0

0

subtract.22
f32[4096,4096]{1,0:T(8,128)}

0

bitcast.29
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1590
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 40

multiply.1591
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1592
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 9.53674316e-07

0

0

add.1035
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.1593
f32[4096,4096]{1,0:T(8,128)}

1
multiply.1594

f32[4096,4096]{1,0:T(8,128)}

1

1
1

power.387
f32[4096,4096]{1,0:T(8,128)}

1

0

1

log.155
f32[4096,4096]{1,0:T(8,128)}

0

0

0

select.285
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

1 compare.272
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

0

negate.176
f32[4096,4096]{1,0:T(8,128)}

1

0

0

0

multiply.1595
f32[4096,4096]{1,0:T(8,128)}

multiply.1596
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1597
f32[4096,4096]{1,0:T(8,128)}

1

1 1

power.388
f32[4096,4096]{1,0:T(8,128)}

1
1

1

add.1036
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -10

1

add.1037
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

2 0

0

sine.65
f32[4096,4096]{1,0:T(8,128)}

1

1

1

0

multiply.1598
f32[4096,4096]{1,0:T(8,128)}

0

1

2

0

cosine.59
f32[4096,4096]{1,0:T(8,128)}

1

1
0

0

1

0

0

1

multiply.1599
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

multiply.1600
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0

0

add.1038
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.1601
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1602
f32[4096,4096]{1,0:T(8,128)}

1

1

1

power.389
f32[4096,4096]{1,0:T(8,128)}

1

0

1

log.156
f32[4096,4096]{1,0:T(8,128)}

0

0

0

select.286
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1
1

compare.273
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

0

negate.177
f32[4096,4096]{1,0:T(8,128)}

1

0

0

0

multiply.1603
f32[4096,4096]{1,0:T(8,128)}

multiply.1604
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1605
f32[4096,4096]{1,0:T(8,128)}

1

1

1

power.390
f32[4096,4096]{1,0:T(8,128)}

1

1

1

add.1039
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

0

1

add.1040
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

2
0

0

sine.66
f32[4096,4096]{1,0:T(8,128)}

1

1
1

0

multiply.1606
f32[4096,4096]{1,0:T(8,128)}

0

1

2

0

cosine.60
f32[4096,4096]{1,0:T(8,128)}

1

1 0
0

1

0

0

1

multiply.1607
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

multiply.1608
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

add.1041
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.1609
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1610
f32[4096,4096]{1,0:T(8,128)}

1

1

1

power.391
f32[4096,4096]{1,0:T(8,128)}

1

0

1

log.157
f32[4096,4096]{1,0:T(8,128)}

0

0

0

select.287
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

1

compare.274
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

0

negate.178
f32[4096,4096]{1,0:T(8,128)}

1

0

0

0

multiply.1611
f32[4096,4096]{1,0:T(8,128)}

multiply.1612
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1613
f32[4096,4096]{1,0:T(8,128)}

1

1

1

power.392
f32[4096,4096]{1,0:T(8,128)}

1

1

1

add.1042
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

0

1

add.1043
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

2

0
0

sine.67
f32[4096,4096]{1,0:T(8,128)}

1

1
10

multiply.1614
f32[4096,4096]{1,0:T(8,128)}

0

2

1

0

cosine.61
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

1 0

0

1
add.1044

f32[4096,4096]{1,0:T(8,128)}

1

0

0 multiply.1615
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1616
f32[4096,4096]{1,0:T(8,128)}1

1

1

power.393
f32[4096,4096]{1,0:T(8,128)}

1

1

log.158
f32[4096,4096]{1,0:T(8,128)}

0

0
0

select.288
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

1

compare.275
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

0

negate.179
f32[4096,4096]{1,0:T(8,128)}

1

0

0

0
multiply.1618

f32[4096,4096]{1,0:T(8,128)}
0

multiply.1619
f32[4096,4096]{1,0:T(8,128)}

1

1

1

power.395
f32[4096,4096]{1,0:T(8,128)}

1

1

1
add.1045

f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

0

1

0
0

2

0
0

multiply.1620
f32[4096,4096]{1,0:T(8,128)}

2

0
1

0

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

0

0

1

Parameter 2
f32[4096,4096]{1,0:T(8,128)}0

0

Parameter 3
f32[1,4096,4096]{2,1,0:T(8,128)}

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

tuple-element 0 of fusion.291 f32[4096,4096]{1,0:T(8,128)}

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

tuple-element 1 of fusion.291 f32[4096,4096]{1,0:T(8,128)}

Parameter 3
f32[4096,4096]{1,0:T(8,128)}

Parameter 5
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

bitcast.46
f32[4096,4096]{1,0:T(8,128)}

0

convolution.9
dim_labels=fb_io->bf

f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

add.166
f32[4096,4096]{1,0:T(8,128)}

1

multiply.265
f32[4096,4096]{1,0:T(8,128)}

0

negate.52
f32[4096,4096]{1,0:T(8,128)}

0

multiply.267
f32[4096,4096]{1,0:T(8,128)}

multiply.268
f32[4096,4096]{1,0:T(8,128)}

1

log.11
f32[4096,4096]{1,0:T(8,128)}

0

select.107
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.107
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.731
f32[4096,4096]{1,0:T(8,128)}

1

multiply.732
f32[4096,4096]{1,0:T(8,128)}

0

multiply.733
f32[4096,4096]{1,0:T(8,128)}

1

power.110
f32[4096,4096]{1,0:T(8,128)}

1

add.490
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1 add.502
f32[4096,4096]{1,0:T(8,128)}

0

0

multiply.740
f32[4096,4096]{1,0:T(8,128)}

0

negate.74
f32[4096,4096]{1,0:T(8,128)}

0

multiply.741
f32[4096,4096]{1,0:T(8,128)}

multiply.742
f32[4096,4096]{1,0:T(8,128)}

1

log.57
f32[4096,4096]{1,0:T(8,128)}

0

select.171
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.171
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.758
f32[4096,4096]{1,0:T(8,128)}

1

multiply.759
f32[4096,4096]{1,0:T(8,128)}

0

multiply.760
f32[4096,4096]{1,0:T(8,128)}

1

power.122
f32[4096,4096]{1,0:T(8,128)}

1

add.517
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.770
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

add.531
f32[4096,4096]{1,0:T(8,128)}

0

multiply.771
f32[4096,4096]{1,0:T(8,128)}

0

negate.77
f32[4096,4096]{1,0:T(8,128)}

0

multiply.772
f32[4096,4096]{1,0:T(8,128)}

multiply.773
f32[4096,4096]{1,0:T(8,128)}

1

log.60
f32[4096,4096]{1,0:T(8,128)}

0

select.174
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.174
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.789
f32[4096,4096]{1,0:T(8,128)}

1

multiply.790
f32[4096,4096]{1,0:T(8,128)}

0
multiply.791

f32[4096,4096]{1,0:T(8,128)}

1

power.141
f32[4096,4096]{1,0:T(8,128)}

1

add.541
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.801
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0

0

add.554
f32[4096,4096]{1,0:T(8,128)}

0

multiply.802
f32[4096,4096]{1,0:T(8,128)}

0

negate.80
f32[4096,4096]{1,0:T(8,128)}

0

multiply.803
f32[4096,4096]{1,0:T(8,128)}

multiply.804
f32[4096,4096]{1,0:T(8,128)}

1

log.64
f32[4096,4096]{1,0:T(8,128)}

0

select.177
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.177
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.820
f32[4096,4096]{1,0:T(8,128)}

1

multiply.821
f32[4096,4096]{1,0:T(8,128)}

0multiply.822
f32[4096,4096]{1,0:T(8,128)}

1

power.159
f32[4096,4096]{1,0:T(8,128)}

1add.564
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.833
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 2.38418579e-07

0

0

subtract.9
f32[4096,4096]{1,0:T(8,128)}

0

multiply.834
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 4

0

power.174
f32[4096,4096]{1,0:T(8,128)}

1
0

add.581
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2
0

0
0

cosine.3
f32[4096,4096]{1,0:T(8,128)}

1
00

1
sine.3

f32[4096,4096]{1,0:T(8,128)}

1
0

multiply.1158
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

power.224
f32[4096,4096]{1,0:T(8,128)}

1

0

add.758
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2
0

0

0

cosine.7
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

sine.7
f32[4096,4096]{1,0:T(8,128)}

1

0

multiply.1161
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

power.229
f32[4096,4096]{1,0:T(8,128)}

1

0

add.761
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2

0

0

0

cosine.11
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

sine.11
f32[4096,4096]{1,0:T(8,128)}

1

0

power.232
f32[4096,4096]{1,0:T(8,128)}

1

add.764
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

2

0

0

0

cosine.15
f32[4096,4096]{1,0:T(8,128)}

1

0

0

1

sine.15
f32[4096,4096]{1,0:T(8,128)}

1

0

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

Parameter 2
f32[4096,4096]{1,0:T(8,128)}

bitcast.47
f32[4096,4096]{1,0:T(8,128)}0

convolution.10
dim_labels=bf_io->bf

f32[4096,4096]{1,0:T(8,128)}

multiply.1155
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 0.001
1

negate.124
f32[4096,4096]{1,0:T(8,128)}0

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

Parameter 0
f32[4096,4096]{1,0:T(8,128)}

bitcast.48
f32[4096,4096]{1,0:T(8,128)}0

subtract.3
bf16[4096,4096]{1,0:T(8,128)(2,1)}

Parameter 1
bf16[4096,4096]{1,0:T(8,128)(2,1)}

0

multiply.387
f32[4096,4096]{1,0:T(8,128)}

operand 1= f32[4096,4096] 0.001

1

convolution.16
dim_labels=fb_io->bf

f32[4096,4096]{1,0:T(8,128)}

0

add.766
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1165
f32[4096,4096]{1,0:T(8,128)}

1

multiply.1169
f32[4096,4096]{1,0:T(8,128)}

0

negate.131
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1176
f32[4096,4096]{1,0:T(8,128)}

add.775
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1197
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1186
f32[4096,4096]{1,0:T(8,128)}

1

0
Parameter 0

f32[4096,4096]{1,0:T(8,128)}

1

multiply.1230
f32[4096,4096]{1,0:T(8,128)} 0

add.805
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

0

power.327
f32[4096,4096]{1,0:T(8,128)}

1

Parameter 1
f32[4096,4096]{1,0:T(8,128)}

1

add.916
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 20

multiply.1206
f32[4096,4096]{1,0:T(8,128)}

0

negate.138
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1213
f32[4096,4096]{1,0:T(8,128)}

1

power.246
f32[4096,4096]{1,0:T(8,128)}

1

1

multiply.1249
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1250
f32[4096,4096]{1,0:T(8,128)}

1

power.259
f32[4096,4096]{1,0:T(8,128)}

1

add.836
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.1279
f32[4096,4096]{1,0:T(8,128)}

1

log.123
f32[4096,4096]{1,0:T(8,128)}

0

select.247
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.241
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.1293
f32[4096,4096]{1,0:T(8,128)}

1

log.129
f32[4096,4096]{1,0:T(8,128)}

0

select.252
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1compare.247

direction=EQ
pred[4096,4096]{1,0:T(8,128)(4,1)}

operand 1= f32[4096,4096] 0

0

multiply.1330
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 2

0

0

add.902
f32[4096,4096]{1,0:T(8,128)}

0multiply.1331
f32[4096,4096]{1,0:T(8,128)}

1multiply.1332
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1333
f32[4096,4096]{1,0:T(8,128)}

1

power.315
f32[4096,4096]{1,0:T(8,128)}

1

add.903
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] -1

1

multiply.1334
f32[4096,4096]{1,0:T(8,128)}

0

negate.148
f32[4096,4096]{1,0:T(8,128)}

0
multiply.1335

f32[4096,4096]{1,0:T(8,128)}

multiply.1336
f32[4096,4096]{1,0:T(8,128)}

1

log.134
f32[4096,4096]{1,0:T(8,128)}

0

select.259
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 1

compare.253
direction=EQ

pred[4096,4096]{1,0:T(8,128)(4,1)}
operand 1= f32[4096,4096] 0

0

multiply.1337
f32[4096,4096]{1,0:T(8,128)}
operand 1= f32[4096,4096] 3

0

0

add.904
f32[4096,4096]{1,0:T(8,128)}

0
multiply.1338

f32[4096,4096]{1,0:T(8,128)}

1multiply.1339
f32[4096,4096]{1,0:T(8,128)}

0

multiply.1340
f32[4096,4096]{1,0:T(8,128)}

1

power.316
f32[4096,4096]{1,0:T(8,128)}
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Figure 9. HLO graph for the motivational example. Data nodes are depicted in orange, compute operations (multiplications, trigonometric
functions etc.) in gray. It can be seen that the mixed-mode version contains far fewer data blocks. Also, this example demonstrates the
complexity of the underlying low-level programs and the huge role of compiler in optimising raw computational graphs.

A.7. Compiled computational graphs for the motivating example

See Figure 9.

A.8. Detailed ablations on all used optimisations

See Figure 10 and Table 2 for ablations on 489M model and Table 3 for step time measurements on 44M model, which fits
into single-core device memory.

Table 2. Case study for 489M transformer.

Optimisations 489M transformer

Mixed Block Save GPU TPU
mode remat grads HBM (G) Time (s) HBM (G) Time (s)

- - - 371.2 N/A 273.9 N/A
- - + 363.7 N/A 176.6 N/A
- + - 180.1 N/A 123.7 N/A
- + + 182.4 N/A 130.8 N/A
+ - - 286.0 N/A 168.1 N/A
+ - + 289.2 N/A 176.8 N/A
+ + - 174.8 N/A 43.8 5.13
+ + + 54.8 5.45 46.9 4.12

A.9. Sweeps over data regimes for TPUs

See Figure 11.

A.10. Models and hyperparameters

For sweeps in Figure 5 we used hyperparameters from Table 4. For benchmarks in Figure 6 we used the models from Table 5.
For scaling plots in Figure 7 and Figure 8 we used models from Table 6 with batch size 4 and 2 inner steps per outer update.
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Table 3. Case study for 44M transformer.

Optimisations 44M transformer

Mixed Block Save GPU TPU
mode remat grads HBM (G) Time (s) HBM (G) Time (s)

- - - 94.2 N/A 70.2 0.75
- - + 76.6 N/A 45.8 0.70
- + - 54.2 1.33 32.8 1.05
- + + 54.5 1.30 34.1 1.03
+ - - 76.4 N/A 45.1 0.88
+ - + 76.6 N/A 45.5 0.70
+ + - 45.2 1.51 12.7 1.17
+ + + 16.4 1.19 12.9 0.94
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Figure 10. All combinations of the used optimisation from Section 4 for 489M model. Note that GPU required saving inner gradients for
peak memory gains, while TPU needs it only for reducing step time. Mixed-mode differentiation and model blocks’ rematerialisations are
critical for both cases.
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Figure 11. Sweep over data regimes for chinchilla models for TPUs. For GPUs see Figure 5. The results are more noisy due to TPU-
specific optimisations and memory layout (e.g. memory padding).
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Table 4. Sweep over data regimes in Figure 5: hyperparameters, values, and descriptions. When plotting each of three per-axis plots, we
used the maximum values for the other two axes (e.g. for the sequence length plot we used batches of size 8 with 8 inner updates).

Parameter Values Description

Model size (×106) {106, 278, 587, 1018, 2639, 4516} Parameters in inner transformer
# of inner updates (T ) {2, 4, 6, 8} Inner updates per outer update
Batch size {2, 4, 6, 8} Inner model’s batch size
Sequence length {1024, 2048, 4096, 8192} Context length

Table 5. Chinchilla models used in sweeps over each of the components, Section 5.3
Sweep over d model ffw size kv size n heads n layers

d model 128-2048 1024 16-256 8 16
ffw size 384 512-8192 32 8 16
n heads 768 1024 24-384 2-32 16
n layers 256 1024 32 8 4-64

Table 6. Chinchilla models from Hoffmann et al. (2022a) used in scaling benchmarks, Section 5.3.
Parameters (million) d model ffw size kv size n heads n layers

44 512 2048 64 8 8
90 640 2560 64 10 13

140 768 3072 64 12 15
196 896 3584 64 14 16
278 1024 4096 64 16 18
489 1280 5120 128 10 21
587 1408 5632 128 11 21
724 1536 6144 128 12 22

1,018 1792 7168 128 14 23
1,429 2048 8192 128 16 25
1,609 2176 8704 128 17 25
2,007 2304 9216 128 18 28
2,639 2560 10240 128 20 30
3,802 2816 11264 128 22 36
4,516 3072 12288 128 24 36
6,796 3584 14336 128 28 40
9,293 4096 16384 128 32 42

11,452 4352 17408 128 32 47
12,295 4608 18432 128 36 44
12,569 4608 18432 128 32 47
13,735 4864 19456 128 32 47
16,183 5120 20480 128 40 47
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