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GPU memory wall problem has become a significant bot-
tleneck hindering further development of large-scale mod-
els [1, 4]. Many approaches focus on scheduling layers or
operators in the computation graph for rematerialization
or swapping to other devices to reduce GPU memory us-
age [2, 4, 6]. However, these methods, built on either graph
mode or eager mode of deep learning frameworks, lack nec-
essary flexibility and memory efficiency, or they suffer from
poor training performance, respectively [3]. Graph mode fol-
lows a declarative programming approach while eager mode
follows an imperative programming approach. Balancing
memory consumption and training efficiency is challeng-
ing [2]. Specifically, graph mode encounters severe chal-
lenges in practical applications, including: 1) Inadequate
Memory Utilization: current efficiency optimizations in
graph mode may conflict with memory optimizations. For
instance, fusing multiple small operators into a larger one
may prevent separate eviction, consuming significant mem-
ory when residing on the GPU. 2) Inadaptability to Con-
trol Flow: in large-scale models, execution paths frequently
change according to runtime conditions, such as conditional
branches and loops [5]. The mismatch between the static
computation graph and the dynamic nature of the control
flow prevents tracking and training large-scale models in
graph mode. 3) Introducing prolonged checkpoint solv-
ing time: the just-in-time compilation feature of graphmode
requires predetermining checkpoints when the GPU budget
is insufficient. However, as the size of large models grows,
the high complexity of these algorithms significantly de-
lays checkpoint solving, resulting in prolonged end-to-end
training times.
To solve the above issues, we introduce Mixed Mode,

as shown in Figure 1, that facilitates the training of large-
scale models with limited GPU memory by integrating the
strengths of both graph mode and eager mode. Our key
insight is that while graph mode may exhibit suboptimal
memory optimization or control flow failure in some oper-
ator subsequences, we try to automatically identify these
subsequences and convert them to eager mode. This idea
preserves the high performance of the overall graph mode
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Figure 1. Mixed Mode execution overview. "Graph opera-
tors" means operators which are executed in graph mode
and "Eager operators" means operators which are executed
in eager mode.

while leveraging the local eager mode to adjust memory
usage and eliminate the interference of the control flow.

Overview. Figure 1 shows the architecture of our Mixed
Mode, which consists of three components, Profiler, Solver,
and Executor. First, Profiler collects each operator’s memory,
liveness time, and computational cost in the input model.
These values are sent to the Solver (❶). Then, Solver per-
forms the Mixed Mode Formalization and solves the problem
using our designed DP algorithm. The Solver determines the
execution mode for each operator(❷), and marks operators
with different labels according to the execution mode (❸). In
Solver, we also use our Graph2Eager Conversion to improve
the adaptability of control flow operators (❹). Then, Executor
performs the execution of operators. Those graph operators
will be executed according to their dispatch labels (❺) and
eager operators will be evicted if OOM occurs (❻).
Mixed Mode Formulation. The input model could be

translated into an operator sequence consisting of 𝑁 oper-
ators. For each operator 𝑜𝑖 (𝑖 = 0, · · · , 𝑁 − 1), there is com-
putation cost 𝑐𝑖 and memory consumption 𝑚𝑖 . We define
𝑠𝑒𝑞(𝑖, 𝑗) as the operator subsequence starting from 𝑜𝑖 up to
𝑜 𝑗−1 (𝑖 < 𝑗 ). Our goal is to minimize the total execution cost
of the operator sequence 𝑠𝑒𝑞(0, 𝑁 ) under the constraint of
memory budget 𝑀 . We define 𝑂𝑝𝑡 (𝑖, 𝑗, 𝑘) to represent the

1



Conference’17, July 2017, Washington, DC, USA Yu Tang et al.

total execution cost of 𝑠𝑒𝑞(𝑖, 𝑗) and with the memory con-
sumption no more than 𝑘 and operator 𝑜 𝑗−1 outputs to and
resides in GPU memory. Obviously, 𝑂𝑝𝑡 (0, 𝑁 ,𝑀) is the op-
timization objective. To solve it, we model the problem to
a subsequence splitting DP (dynamic programming). First,
we induce the subproblem and the recurrence formula of the
DP. For any given state 𝑂𝑝𝑡 (0, 𝑖, 𝑘), its recurrence formula
is articulated in Equation (1).

𝑂𝑝𝑡 (0, 𝑖, 𝑘) = min
0<𝛿≤𝑘

(𝑂𝑝𝑡 (0, 𝑖, 𝑘 − 1),

𝑂𝑝𝑡 (0, 𝑗, 𝑘 − 𝛿) + 𝐹 (𝑖, 𝑗, 𝛿)) .
(1)

For any mixed mode sequence 𝑠𝑒𝑞(0, 𝑖) under 𝑘 memory
budget, its solution 𝑂𝑝𝑡 (0, 𝑖, 𝑘) can be obtained by concate-
nating a subproblem’s solution of 𝑠𝑒𝑞(0, 𝑗) (whose cost is
𝑂𝑝𝑡 (0, 𝑗, 𝑘 − 𝛿) and memory budget is 𝑘 − 𝛿) with a single
execution mode subsequence (whose cost is 𝐹 (𝑖, 𝑗, 𝛿), and
memory budget is 𝛿), where 𝑗 is the concatenating point.
Here, we define 𝐸 (𝑖, 𝑗, 𝛿) as the eager execution mode cost
and 𝐺 (𝑖, 𝑗, 𝛿) as the graph execution mode cost, and set:

𝐹 (𝑖, 𝑗, 𝛿) = min(𝐸 (𝑖, 𝑗, 𝛿),𝐺 (𝑖, 𝑗, 𝛿)) . (2)

Graph2Eager Conversion. For the graph mode subse-
quence with control flow operators after operator fusion, we
convert the execution mode of control flow operators from
graph to eager. We accomplish the conversion by shifting
control flow operators, initially part of the graph mode, one
position left or right, allowing them to integrate into an ea-
ger mode subsequence. We revise the calculation of 𝑭 from
Equation (2) to Equation (3). For a subsequence 𝑠𝑒𝑞(𝑖, 𝑗), it
contains a control flow operator 𝑜𝑝 (𝑖 ≤ 𝑝 < 𝑗), its optimal
cost 𝐹 (𝑖, 𝑗, 𝛿) is obtained by:

𝐹 (𝑖, 𝑗, 𝛿) = min
0<𝜖<𝛿

(𝐸 (𝑖, 𝑝 + 1, 𝛿 − 𝜖) +𝐺 (𝑝 + 1, 𝑗, 𝜖),

𝐺 (𝑖, 𝑝, 𝜖) + 𝐸 (𝑝, 𝑗, 𝛿 − 𝜖), 𝐸 (𝑖, 𝑗, 𝛿)) .
(3)

This adjustment reallocates the budget, originally des-
ignated for a single execution mode subsequence, across
operator sequences with two distinct execution modes.

Convex Optimization on DP. We employ dynamic pro-
gramming to solve smaller subproblems by splitting the op-
erator sequence into two parts. This splitting spans two di-
mensions: sequence length and memory budget. Since 𝑶𝒑𝒕
and 𝑭 are concave functions, there exists a unique optimal
splitting point for 𝑖 and 𝛿 in Equation (2). We refer to these
points as the equilibrium point. Before we introduce the
sequence splitting optimization and the memory partition
optimization, we introduce a type of optimization called
quadrangle inequality. Since Equation (1) holds for any enu-
merated variables 𝑘 and 𝛿 , we consider 𝐹 (𝑖, 𝑗, 𝛿) as a set of
binary functions with respect to 𝑖 and 𝑗 . We use the sym-
bols𝑤𝛿 (𝑖, 𝑗) to replace 𝐹 (𝑖, 𝑗, 𝛿). The prerequisite for using
quadrangle inequality optimization is Assumption 1,

Assumption 1. ∀𝛿, 0 < 𝑖 < 𝑗 < 𝑁,𝑤𝛿 (𝑖, 𝑗)+𝑤𝛿 (𝑖+1, 𝑗+1) ≤
𝑤𝛿 (𝑖 + 1, 𝑗) +𝑤𝛿 (𝑖 + 1, 𝑗 + 1) |=

In simpler terms, although the total length is the same
for those two pairs of operator sequences < 𝑠𝑒𝑞(𝑖, 𝑗), 𝑠𝑒𝑞(𝑖 +
1, 𝑗+1) > and < 𝑠𝑒𝑞(𝑖+1, 𝑗), 𝑠𝑒𝑞(𝑖, 𝑗+1) >, the latter includes
a longer operator sequence 𝑠𝑒𝑞(𝑖, 𝑗 + 1), which needs more
memory to store operators. The performance of 𝑠𝑒𝑞(𝑖, 𝑗 + 1)
declines more sharply. Thus, although Assumption 1 is very
strong and almost impossible to strictly hold in practical
applications, the satisfaction probability should be quite high.
After using quadrangle inequality optimization, the overall
complexity of 𝑂 (𝑁 2𝑀2) could be reduced to𝑂 (𝑁 log𝑁𝑀2).
On examining the enumeration of the memory budget 𝛿 ,

we consider that Equation (1) features a unique extremum
point for 𝛿 . Both 𝑂𝑝𝑡 (0, 𝑖, 𝑘 − 𝛿) and 𝐹 (𝑖, 𝑗, 𝛿) are concave
functions with respect to 𝛿 , where we place the derivation
process of the function variable substitution of 𝑶𝒑𝒕 from 𝑘

to 𝛿 . Thus, their sum is also a concave function with respect
to 𝛿 . For single-variable concave functions, the minimum
value can be efficiently found using the ternary search. Con-
sequently, the overall complexity is further reduced from
𝑂 (𝑁 log𝑁𝑀2) to 𝑂 (𝑁 log𝑁𝑀 log𝑀), making the DP com-
putation viable.
Conclusion and Future Work. In conclusion, we pro-

pose Mixed Mode for boosting large-scale model rematerial-
ization training, which overcomes the drawbacks of limited
application scenarios of graph mode and low efficiency of ea-
ger mode. We utilizes the dynamic programming to achieve
the optimal sequence splitting and reduce its complexity
through convex optimization.
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