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Abstract
Recent deep learning (DL) models are moving more
and more to dynamic neural network (NN) architectures,
where the NN structure changes for every data sample.
However, existing DL programming models are inefficient in handling dynamic network architectures because
of: (1) substantial overhead caused by repeating dataflow
graph construction and processing every example; (2)
difficulties in batched execution of multiple samples; (3)
inability to incorporate graph optimization techniques
such as those used in static graphs. In this paper, we
present “Cavs”, a runtime system that overcomes these
bottlenecks and achieves efficient training and inference
of dynamic NNs. Cavs represents a dynamic NN as a
static vertex function F and a dynamic instance-specific
graph G. It avoids the overhead of repeated graph construction by only declaring and constructing F once, and
allows for the use of static graph optimization techniques
on pre-defined operations in F. Cavs performs training and inference by scheduling the execution of F following the dependencies in G, hence naturally exposing
batched execution opportunities over different samples.
Experiments comparing Cavs to state-of-the-art frameworks for dynamic NNs (TensorFlow Fold, PyTorch and
DyNet) demonstrate the efficacy of our approach: Cavs
achieves a near one order of magnitude speedup on training of dynamic NN architectures, and ablations verify the
effectiveness of our proposed design and optimizations.

1

Introduction

Deep learning (DL), which refers to a class of neural networks (NNs) with deep architectures, is now a workhorse
powering state-of-the-art results on a wide spectrum
of tasks [53, 54, 30]. One reason for its widespread
adoption is the variety and quality of software toolkits,
such as Caffe [23], TensorFlow [1], PyTorch [36] and
DyNet [33, 34], which ease programming of DL models,
and speed computation by harnessing modern computing
hardware (e.g. GPUs), software libraries (e.g. CUDA,
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cuDNN [6]), and compute clusters [56, 57, 7].
One dominant programming paradigm, adopted by DL
toolkits such as Caffe and TensorFlow, is to represent a
neural network as a static dataflow graph [32, 1], where
computation functions in the NN are associated with
nodes in the graph, and input and output of the computation map to edges. It requires DL programmers to define
the network architecture (i.e. the dataflow graph) using
symbolic expressions, once before beginning execution.
Then, for a given graph and data samples, the software
toolkits can automatically derive the correct algorithm
for training or inference, following backpropagation [21]
and auto-differentiation rules. With proper optimization, the execution of these static dataflow graphs can be
highly efficient; as the dataflow graph is fixed for all data,
the evaluation of multiple samples through one graph
can be naturally batched, leveraging the improved parallelization capability of modern hardware (e.g. GPUs).
Moreover, by separating model declaration and execution, it makes it possible for the graph to be optimized
once at declaration time [1], with these optimizations
benefiting the efficiency of processing arbitrary input
data batches at execution time.
While the dataflow graph has major efficiency advantages, its applicability highly relies on a key assumption – the graph (i.e. NN architecture) is fixed throughout the runtime. This assumption however breaks for
dynamic NNs, where the network architectures conditionally change with every input sample, such as NNs
that compute over sequences of variable lengths [22, 43],
trees [45], and graphs [26].
Due to the growing interest in these sorts of dynamic models, recent years have seen an increase in
the popularity of frameworks based on dynamic declaration [49, 33, 11], which declare a different dataflow graph
per sample. While dynamic declaration is convenient to
developers as it removes the restriction that computation
be completely specified before training begins, it exhibits
a few limitations. First, constructing a graph for every

2018 USENIX Annual Technical Conference

937

sample results in substantial overhead, which grows linearly with the number of input instances. In fact, we
find graph construction takes longer time than the computation in some frameworks (see §5.2). It also prevents the application of complex static graph optimization techniques (see §3.4). Moreover, since each sample
owns a dataflow graph specifying its unique computational pattern, batching together similarly shaped computations across instances is non-trivial. Without batching,
the computation is inefficient due to its lack of ability
to exploit modern computational hardware. While some
progress has been made in recent research [34, 27], how
to automatically batch the computational operations from
different graphs remains a difficult problem.
To address these challenges, we present Cavs, an efficient runtime system for dynamic NNs that exploits
the recurrent and recursive nature of dynamic NNs. Instead of declaring a dataflow graph per sample, it decomposes a dynamic NN into two components: a static vertex function F that is only declared (by the user) and
optimized once before execution, and an input-specific
graph G obtained via I/O at runtime. Cavs inherits the
flexibility of symbolic programming [1, 12, 33] for DL;
it requires users to define F by writing symbolic expressions in the same way as in static declaration. With F
and G, the workflow of training or testing a dynamic NN
is cast as scheduling the execution of F following the
structure of the input graph G. Cavs will perform autodifferentiation, schedule the execution following dependencies in G, and guarantee efficiency and correctness.
Cavs’ design allows for highly efficient computation
in dynamic graphs for a number of reasons. First, it
allows the vertex function only to be defined and constructed once for any type of structured data, hence
avoiding the overhead of repeated dataflow graph construction. Second, as the dataflow graph encoded by the
vertex function is static throughout the runtime, it can
benefit from various static graph optimizations [1, 5, 12,
18](§3.4), which is not the case in the scenario of dynamic declaration (§2.2). Moreover, it naturally exposes
opportunities for batched computation, i.e. we are able
to parallelize the execution of F over multiple vertices
from different input graphs (§3.2) with the support of our
proposed memory management strategy (§3.3).
To evaluate Cavs’ performance, we compare it to several state-of-the-art systems supporting dynamic NNs.
We focus our experiments on GPU training, and verify
that both Fold and DyNet suffer from substantial overhead caused by repeated graph preprocessing or construction, which is bypassed by Cavs (§5.2). In a comparison with unbatched dynamic graphs in PyTorch and
DyNet, two widely-used dynamic NN libraries, we verify that batching is essential for efficient processing. In
a comparison with TensorFlow Fold and DyNet Auto-
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batching, two libraries that allow for the use of dynamic
NNs with automatic operation batching, we find that
Cavs’ has significant performance advantages; on static
graphs it performs equivalently or slightly better, and
on dynamic NNs with difficult-to-batch workloads (e.g.
Tree-LSTM [45] and Tree-FC [27]), Cavs demonstrates
near one order of magnitude speedups across multiple
dataset and hyper-parameter settings (§5.1). We further
investigate the effectiveness of our design choices: Cavs
benefits from not only our proposed memory management strategy, but also various optimizations on graph
execution, which were originally for static dataflow
graphs and not applicable in dynamic declaration.
To summarize, we make three primary contributions in
this paper: (1) We propose a novel representation for dynamic NNs, based on which we design four APIs and implement the Cavs runtime system (§3.1); (2) We propose
several novel strategies in Cavs for efficient training and
inference of dynamic NNs: the batching policy (§3.2), a
memory management mechanism to guarantee the memory coalescing (§3.3), and multiple graph execution optimizations (§3.4); (3) We compare Cavs to state-of-theart systems for dynamic NNs (§5). We reveal the problems of existing systems, and report near 10x speedup
for Cavs on various experimental settings. We also verify the effectiveness of our proposed design strategies,
and quantize their contributions to the final performance.

2
2.1

Background
Dynamic Neural Networks

Successful NN models generally exhibit suitable architectures that capture the structures of the input data.
For example, convolutional neural networks [24, 53],
which apply fixed-structured operations to fixed-sized
images, are highly effective precisely because they capture the spatial invariance common in computer vision
domains [39, 44]. However, apart from images, many
forms of data are structurally complex and can not be
readily captured by fixed-structured NNs. Appropriately
reflecting these structures in the NN design has shown effective in sentiment analysis [45], semantic similarity between sentence pairs [40], and image segmentation [26].
To see this, we will take the constituency parsing problem as an example. Sentences in natural languages are
often represented by their constituency parse tree [45,
31], whose structure varies depending on the content of
the sentence itself (Fig. 1(a)). Constituency parsing is an
important problem in natural language processing that
aims to determine the corresponding grammar type of
all internal nodes given the parsing tree of a sentence.
Fig. 1(b) shows an example of a network that takes into
account this syntactic structure, generating representations for the sentence by traversing the parse tree bottomup and combining the representations for each sub-tree
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Figure 1: An example of a dynamic NN: (a) a constituency
parsing tree, (b) the corresponding Tree-LSTM network. We
use the following abbreviations in (a): S for sentence, N for
noun, VP for verb phrase, NP for noun phrase, D for determiner, and V for verb.

using a dynamic NN called Tree Structured Long Shortterm Memory (Tree-LSTM) [45]. In particular, each
node of the tree maps to a LSTM function [22]. The
internal computations and parameters of the LSTM function is defined in Fig. 4. At each node, it takes a variable
number of inputs and returns to the parent node a vector
representing the parsing semantics up to that point, until the root LSTM node returns a vector representing the
semantics of the entire sentence.
The important observation is that the NN structure
varies with the underlying parsing tree over each input
sample, but the same LSTM cell is constant in shape and
repeated at each internal node. Similar examples can be
found for graph input [25, 26] and sequences of variable
lengths [43, 2]. We refer to these NNs that exhibit different structures for different input samples as dynamic
neural networks, in contrast to the static networks that
have fixed network architecture for all samples.

2.2

Programming Dynamic NNs

There is a natural connection between NNs and directed
graphs: we can map the graph nodes to the computational operations or parameters in NNs, and let the edges
indicate the direction of the data being passed between
the nodes. In this case, we can represent the process of
training NNs as batches of data flowing through computational graphs, i.e. dataflow graphs [3, 1, 33].
Static declaration. As mentioned previously, static declaration is one dominant programming paradigm for programming NNs [3, 1, 5]. Fig 2(a) summarizes its workflow, which assumes all data samples share a fixed NN
structure declared symbolically in a dataflow graph D.
Static declaration, using a single dataflow graph D, cannot express dynamic NNs with structures changing with
data samples. A primary remedy to this problem is to
forgo the efficiency gains of static dataflow graphs and
instead use a dynamic declaration framework.
Dynamic declaration. Fig 2(b) illustrates the workflow
of dynamic declaration. By creating a unique dataflow
graph Dkp for each sample xkp according to its associated
structure, dynamic declaration is able to express sampledependent dataflow graphs. It however causes extra overhead on graph construction and puts constraints on runtime optimization, which usually lead to inefficient ex-
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ecution. Particularly, since a dataflow graph Dkp needs
to be constructed per sample, the overhead is linearly
increasing with the number of samples, and sometimes
yields downgraded performance [27] (§5.2), even for
frameworks with optimized graph construction implementations [33]. Moreover, we can hardly benefit from
any well-established dataflow graph optimization (§3.4).
We will have to perform graph processing/optimization
for each dataflow graph and every single sample; but incorporating this optimization itself has a non-negligible
overhead. More importantly, as we are unable to batch
the computation of different structured graphs, we note
in Fig 2(b) single-instance computation Dkp (xkp ) would be
very inefficient in the absence of batched computation.
Dynamic batching. To address the batching problem,
some recent effort, notably TensorFlow Fold [27] and
DyNet [34], propose dynamic batching that dynamically groups similarly shaped operations from different
graphs, and batch their execution whenever possible.
Fold turns dynamic dataflow graphs into a static control flow graph to enable batched execution, but introduces a complicated functional programming-like interface and a large graph preprocessing overhead. As we
will show in §5.2, the graph construction sometimes
slows down the computation by 4x. DyNet proposes an
auto-batching strategy that searches for batching opportunities by profiling every fine-grained operator, while
this step itself has non-negligible overhead (§5.2). It is
also not open to dataflow graph level optimizations.
In summary, there are three major challenges that prevent the efficient execution of dynamic neural networks:
(1) non-negligible graph construction overhead; (2) difficulties in parallel execution; (3) unavailability to graph
execution optimization.

2.3

Motivation

Our motivation for Cavs comes from a key property of
dynamic NNs: most dynamic NNs are designed to exhibit a recursive structure; Within the recursive structure,
a static computational function is being applied following the topological order over instance-specific graphs.
For instance, if we denote the constituency parsing tree
in §2.1 as a graph G, where each node of the tree maps
to a vertex in G, we note the Tree-LSTM can be interpreted as follows: a computational cell function, specified in advance, is applied from leaves to the root, following the dependencies in G. G might change with input samples, but the cell function itself is always static:
It is parametrized by a fixed set of learnable parameters
and interacts in the same way with its neighbors when
applied at different vertices of G.
These observations motivate us to decompose a dynamic NN into two parts: (1) a static computational vertex function F that needs to be declared by the program-

2018 USENIX Annual Technical Conference

939

/* (a) static declaration */
// all samples must share one graph
declare a static dataflow graph D.
for p = 1 → P:
read the pth data batch {xkp }K
k=1 .
batched computation: D({xkp }K
k=1 ).

/* (b) dynamic declaration */
for p = 1 → P:
read the pth data batch {xkp }K
k=1 .
for k = 1 → K:
declare a dataflow graph Dkp for xkp .
single-instance computation: Dkp (xkp ).

/* (c) our proposed vertex-centric model */
declare a symbolic vertex function F .
for p = 1 → P:
read the pth data batch {xkp }K
k=1 .
read their associated graphs {Gkp }K
k=1 .
p K
compute F over {Gkp }K
k=1 with inputs {xk }k=1 .

Figure 2: The workflows of (a) static declaration, (b) dynamic declaration, (c) Cavs. Notations: D notates both the dataflow graph
itself and the computational function implied by it; p is the index of a batch while k is the index of a sample in the batch.
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Figure 3: Cavs represents a dynamic structure as a dynamic
input graph G (left) and a static vertex function F (right).

mer once before runtime; (2) a dynamic input graph G
that changes with every input sample1 . With this representation, the workflow of training a dynamic NN can
be cast as scheduling the evaluation of the symbolic construct encoded by F, following the graph dependencies
of G, as illustrated in Fig 2(c). This representation exploits the property of dynamic NNs to address the aforementioned issues in the following ways:
Minimize graph construction overhead. Cavs only requires users to declare F using symbolic expressions,
and construct it once before execution. This bypasses repeated construction of multiple dataflow graphs, avoiding overhead. While it is still necessary to create an
I/O function to read input graphs G for each sample, this
must be done by any method, and only once before training commences, and it can be shared across samples.
Batched execution. With the proposed representation,
Cavs transforms the problem of evaluating data samples
{xkp }Kk=1 (at the pth batch) on different dataflow graphs
{Dkp }k=1 [27, 34] into a simpler form – scheduling the
execution of the vertex function F following the dependencies in input graphs {Gkp }k=1 . For the latter problem,
we can easily batch the execution of F on multiple vertices at runtime (§3.2), leveraging the batched computational capability of modern hardware and libraries.
Open to graph optimizations. Since the vertex function
F encodes a dataflow graph which is static throughout
runtime, it can benefit from various graph optimizations
originally developed for static declaration, such as kernel
fusion, streaming, and our proposed lazy batching, which
are not effective in dynamic declaration.
Based on this motivation, we next describe the Cavs
system. Cavs faces the following challenges in system
1 In the following text, we will distinguish the term vertex from
node. We use vertex to denote a vertex in the input graph while node
to denote an operator/variable in a dataflow graph. Hence, a vertex
function can have many nodes as itself represents a dataflow graph.
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design: (1) how to design minimal APIs in addition to the
symbolic programming interface to minimize user code;
(2) how to schedule the execution of F over multiple input graphs to enable batched computation; (3) how to
manage memory to support the dynamic batching; (4)
how to incorporate static graph optimization in Cavs’s
execution engine to exploit more parallelism.

3

Cavs Design and Optimization

3.1

Programming Interface

Conventional dataflow graph-based programming models usually entangle the computational workflow in F
with the structure in G, and require users to express them
as a whole in a single dataflow graph. Instead, Cavs separates the static vertex function F from the input graph
G (see Fig 3). While users use the same set of symbolic
operators [1, 11] to assemble the computational workflow in F, Cavs proposes four additional APIs, gather,
scatter, pull, push, to specify how the messages shall
be passed between connected vertices in G:
• gather(child idx): gather accepts an index of
a child vertex, gets its output, and returns a list of
symbols that represent the output of the child.
• scatter(op): scatter reverses gather. It sets
the output of the current vertex as op. If this vertex
is gathered, the content of op will be returned.
gather and scatter are motivated by the GAS model
in graph computing [14] – both are vertex-centric APIs
that help users express the overall computational patterns
by thinking locally like a vertex: gather receives messages from dependent vertices, while scatter updates
information to parent vertices (see discussion in §6).
However, in dynamic NNs, the vertex function F usually takes input from not only the internal vertices of G
(internal data path in Fig 3), but also the external environment, e.g. an RNN can take inputs from a CNN feature extractor or some external I/O (external data path
in Fig 3). Cavs therefore provides another two APIs to
express such semantics:
• pull(): pull grabs inputs from the external of the
current dynamic structure, e.g. another NN, or I/O.
• push(op): push reverses pull. It sets the output
of the current vertex as op. If this vertex is pulled
by others, the content of op will be returned.
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1
2
3
4
5

def F ():
for k in range(N):
S = gather(k) # gather states of child vertices
ck , hk = split(S, 2) # get hidden states c and h
x = pull() # pull the first external input x

6
7
8
9
10
11
12
13
14
15

# specify the computation
h = ∑N−1
k=0 hk
i = sigmoid(W(i) × x + U(i) × h + b(i) )
for k in range(N):
fk = sigmoid(W( f ) × x + U( f ) × hk + b( f ) )
o = sigmoid(W(o) × x + U(o) × h + b(o) )
u = tanh(W(u) × x + U(u) × h + b(u) )
c = i ⊗ u + ∑N−1
k=0 fk ⊗ ck
h = o ⊗ tanh(c)

16
17
18

scatter(concat([c, h], 1)) # scatter c, h to parents
push(h)
# push to external connectors

Figure 4: The vertex function of an N-ary child-sum TreeLSTM [45] in Cavs. Within F, users declare a computational
dataflow graph using symbolic operators. The defined F will
be evaluated on each vertex of G following graph dependencies.

Once F declared, together with an input graph G,
they encode a recursive dataflow graph structure, which
maps to a subgraph of the implicit full dataflow graph
of the model that may needs to be explicitly declared in
traditional programming models. Via push and pull,
Cavs allows users to connect any external static dataflow
graph to a dynamic structure encoded by (F, G), to express more complex model architectures, such as the
LRCN [9] (i.e. connecting a CNN to an RNN), or an
encoder-decoder LSTM network [43] (i.e. connecting
two different recursive structures). With these four APIs,
we present in Fig 4 an example user program how the Nary child-sum Tree-LSTM [45] can be simply expressed
by using them and other mathematical operators.
Auto-differentiation. Given a vertex function F Cavs
derives ∂ F following the auto-differentiation rules: for
each math expression such as sl = op(sr ) in F, Cavs
generates a corresponded backward expression ∇sr =
grad op(∇sl , sl , sr ) in ∂ F. For the four proposed operators, we note scatter is the gradient operator of gather
in the sense that if gather collects inputs from child vertex written by scatter at the forward pass, a scatter
needs to be performed to write the gradients for its dependent vertices to gather at the backward pass. Hence,
for an expression like sl = gather(child idx) in F,
Cavs will generate a backward expression scatter(∇sl )
in ∂ F. Similarly, the gradient operator of scatter is
gather. The same rules apply for push and pull.
Expressiveness. With these four APIs, Cavs can be seen
as a middle ground between static and dynamic declaration. In the best case that the NN is fully recursive
(e.g. most recurrent or recursive NNs), it can be represented by a single vertex function and an input graph.
While in the worst case, that every sample has a unique
input graph while every vertex in the graph has a unique
way to interact with its neighboring vertices (i.e. the NN
is dynamic but non-recursive), Cavs reduces to dynamic
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declaration that one has to define a vertex function for
each vertex of each input graph. Fortunately, dynamic
NNs in this scenario are usually avoided because of the
difficulties in design, programming and learning.

3.2

Scheduling

Once F is defined and G is obtained from I/O, Cavs will
perform computation by scheduling the evaluation of F
over data samples {xi }Ni=1 and their input graphs {Gi }Ni=1 .
Forward pass. For a sample xi with its input graph Gi ,
the scheduler starts the forward pass from the input vertices of Gi , and proceeds following the direction indicated by the edges in Gi : at each sub-step, the scheduler figures out the next activated vertex in Gi , and evaluates all expressions in F at this vertex. It then marks
this vertex as evaluated, and proceeds with the next activated vertex until reaching a terminal vertex (e.g. the
loss function). A vertex of G is activated if and only if all
its dependent vertices have been evaluated.
Backward pass. The backward pass is continued right
after the forward. The scheduler first resets the status of
all vertices as not evaluated, then scans the graph in a
reverse direction, starting from the ending point of the
forward pass. It evaluates ∂ F at each vertex until all
vertices have been evaluated in the backward pass.
To train a NN to convergence, the above process has to
be iterated on all samples {xi }Ni=1 and their input graphs
{Gi }Ni=1 , for many epochs. We next describe our batched
execution policy to speed the computation.
Batching policy. Given a data batch {xk }Kk=1 ⊆ {xi }Ni=1
and associated graphs {Gk }Kk=1 , this policy groups multiple vertices and performs batched evaluation of F in
order to reduce kernel launches and exploit parallelism.
Specifically, a forward pass over a batch {xk }Kk=1 are performed in multiple steps. At each step t, Cavs analyzes
{Gk }Kk=1 at runtime and determines a set Vt that contains
all activated vertices in graphs {Gk }Kk=1 . It then evaluates F over these vertices by creating a batched execution task, with the task ID set to t 2 . The task is executed by the Cavs execution engine (§3.4). Meanwhile,
the scheduler records this task by pushing Vt into a stack
S. To perform backward pass, the scheduler pops out an
element Vt from S at each step – the execution engine
will evaluate the derivative function ∂ F over vertices in
Vt , until all vertices of {Gk }Kk=1 are evaluated.
We note the batching policy is similar to the dynamic
batching in Fold [27] and DyNet [33]. However, Cavs
determines how to batch fully dynamically during runtime using simple breadth-first search with negligible
cost (instead of analyzing full dataflow graphs before every iteration of the execution). Since batched computation requires the inputs to an expression over multiple
2 Whenever

the context is clear, we use Vt to denote both the set of
vertices to be batched together, and the batched execution task itself.
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def
0 =
1 =
2 =
3 =

():
pull()
gather(0)
gather(1)
matmul( 0 , u)
+matmul(1 , v)
+matmul( 2 , w)
scatter(0, 3 )
push(  3)
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Figure 5: The memory management at the forward pass of F (top-left) over two input trees (bottom-left). Cavs first analyzes F and
inputs – it creates four dynamic tensors {αn }3n=0 , and figures out there will be four batch tasks (dash-lined boxes). Starting from
the first task (orange vertices {0, 1, 2, 5, 6, 7, 8, 9}), Cavs performs batched evaluation of each expression in F. For example, for the
pull expression α0 = pull(), it indexes the content of α0 on all vertices from the pull buffer using their IDs, and copies them to
α0 continuously; for scatter and push expressions, it scatters a copy of the output (α3 ) to the gather buffer, and pushes them to the
push buffer, respectively. Cavs then proceeds to the next batching task (blue vertices). At this task, Cavs evaluates each expression
of F once again for vertices {3, 10, 11}. (e.g. for a pull expression α0 = pull(), it pulls the content of α0 from pull buffer again;
for a gather expression α2 = gather(1) at vertex 3, it gathers the output of the second child of 3, which is 1); it writes results
continuously at the end of each dynamic tensor. It proceeds until all batching tasks are finished.

vertices to be placed on a continuous memory buffer, we
develop a new memory management support for it.

3.3

Memory Management

In static declaration [1, 33], a symbol in the user program
usually corresponds to a fixed-sized tensor object with a
batch size dimension. While in Cavs, each batching task
Vt is determined at runtime. For the batched computation
to be efficient, Cavs must guarantee for each batching
task, the inputs to each expression of F over a group of
runtime-determined vertices coalescing in memory.
Cavs proposes a novel data struct DynamicTensor {
vector<int> shape;
structure dynamic tensor to adint bs;
dress this challenge (Fig 6). A
int offset;
void* p; };
dynamic tensor is a wrapper
Figure
6: Dynamic tenof a multi-dimensional array [1,
sor.
52]. It contains four attributes:
shape, bs, a pointer p to a chunk of memory, and
offset. shape is an array of integers representing the
specific shape of the tensor excluding the batch dimension. It can be inferred from the user program and set before execution. The batch size bs is dynamically set by
the scheduler at runtime at the beginning of a batching
task. To access a dynamic tensor, one moves p forward
with the value of offset, and reads/writes number of elements equal to bs · ∏i shape[i]. Therefore, bs together
with offset provide a view of the tensor, and the state of
the tensor will vary based on their values. Given a vertex
function F, Cavs creates dynamic tensors {αn }Nn=1 for
each non-parameter symbol sn (n = 1, . . . , N) in F, and
also {∇αn }Nn=1 as their gradients, while it creates static
tensors for model parameters.
Fig 5 illustrates how the memory is assigned during
the forward pass by manipulating dynamic tensors. In
particular, in a training iteration, for a batching task
Vt , the scheduler sets bs of all {αn }Nn=1 to Mt = |Vt |
(the number of vertices in Vt ). The execution engine
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then performs batched evaluation of each expression
in F. For an expression sl = op(sr )3 , Cavs first accesses αr (the dynamic tensor of the RHS symbol sr )
– it offsets αr .p by αr .offset, and reads a block of
Mt ∏i αr .shape[i] elements, and presents it as a tensor
with batch size Mt and other dimensions as αr .shape. It
then applies batched computational kernels of the operator op over this memory block, and writes the results
to αl (the dynamic tensor of the LHS symbol sl ) on the
continuous block in between [αl .p + αl .offset, αl .p +
αl .offset + Mt ∏i αl .shape[i]]. Upon the completion
of Vt , the scheduler increases offset of all {αn }Nn=1 by
Mt ∏i αn .shape[i], respectively. It then starts the next
task Vt+1 . Hence, intermediate results generated in each
batching task at forward pass are stored continuously in
the dynamic tensors, and their offsets are recorded.
t
At the entrance of F, the vertices {vm }M
m=1 in Vt need
to interact with its dependent vertices in previous Vt−1 to
gather their outputs as inputs (L3 of Figure 4), or pull
inputs from the external (L5 of Figure 4). Cavs maintains memory buffers to enable this (Figure 5). It records
the offsets of the dynamic tensors for each vm ∈ Vt , and
therefore during the execution of gather operator, the
memory slices of specific children can be indexed. As
shown in Figure 5, gather and scatter share the same
temporary buffer for memory re-organization, but push
and pull operate on external memory buffers.
Algorithm 1 summarizes the memory management
during forward pass. The backward execution follows an
exactly reverse order of the forward pass (§3.2 ), which
we skip in the text. With this strategy, Cavs guarantees memory continuity for any batched computation of
F and ∂ F. Compared to dynamic batching in DyNet,
Cavs performs memory movement only at the entrance
3 Note

that the user-defined expressions can be arbitrary, e.g. with
more than one argument or return values
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Figure 7: The dataflow graph encoded by F of Tree-LSTM.

and exit of F, instead of for each expression (operator).
We empirically find this significantly reduces overhead
of memory operations (§5.3).
Algorithm 1 Memory management at forward pass.
T , {α }N , F )
1: function F ORWARD({Vt }t=1
n n=1
2: for t = 1 → T do
3:
for n = 1 → N do αn .bs ← Mt end for
4:
for each expression like sl = op(sr ) in F do
5:
if op ∈ {gather, pull} then
6:
C ← ∏i αl .shape[i], q ← αl .p + αl .offset.
7:
for vm ∈ Vt (m = 1 → Mt ) do
8:
src ← IndexBuffer(op, m), dest ← q + (m − 1)C.
9:
memcpy(dest, src,C).
10:
end for
11:
else if op ∈ {scatter, push} then
12:
C ← ∏i αr .shape[i], q ← αr .p + αr .offset.
13:
for vm ∈ Vt (m = 1 → Mt ) do
14:
dest ← IndexBuffer(op, m), src ← q + (m − 1)C.
15:
memcpy(dest, src,C).
16:
end for
17:
else
18:
perform batched computation: αl = op kernel(αr ).
19:
end if
20:
end for
21:
for n = 1 → N do αn .offset+ = Mt ∏i αn .shape[i] end for
22: end for
23: end function

3.4

Optimizing Execution Engine

Since Cavs separates out a static dataflow graph encoded
by F, we can replace the original F with an optimized
one that runs more efficiently, as long as maintaining correctness. We next described our optimization strategies.
Lazy batching and streaming4 . In addition to batched
execution of F, the lazy batching and streaming explore
potential parallelism for a certain group of finer-grained
operators in F or ∂ F called lazy and eager operators.
Definition. An operator in F (∂ F) is a lazy operator if at
the forward (backward) pass, for ∀v ∈ G, ∀G ∈ {Gk }Kk=1 ,
the evaluation of F (∂ F) at any parent (dependent) vertex of v does not rely on the evaluation of F at v. It is an
eager operator if the evaluation at v does not rely on the
evaluation of F (∂ F) at any dependents (parents) of v.
Proposition. Denote DF (D∂ F ) as the dataflow graph
encoded by F (∂ F), and g, s ∈ DF (D∂ F ) as nodes of
4 Streaming is a borrowed terminology from CUDA programming
which means executing different commands concurrently with respect
to each other on different GPU streams. As Cavs’ optimizations are
agnostic to the low-level hardware, we use streaming interchangeably
with multi-threading if the underlying computing hardware is CPU.
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gather and scatter operator, respectively. A node that
has g as its dependent and is not on any path from g to s
is a lazy operator. A node that has s as its ancestor and is
not on any path from g to s is an eager operator.
Fig 7 illustrates a forward dataflow graph of the vertex
function of Tree-LSTM, with eager and lazy operators
colored. A property of them is that their evaluation is
not fully subject to the dependency reflected by the input graph G. For instance, the pull operator in Fig 7 is
eager and can be executed in prior – even before F has
been evaluated at the vertices that gather tries to interact with; the push operator is lazy, so we can defer its
execution without impacting the evaluation of F at parent vertices. Similarly, in ∂ F, the gradient derivation
for model parameters are mostly lazy – their execution
can be deferred as long as the gradients of hidden states
are derived and propagated in time. Cavs leverages this
property and proposes the lazy batching strategy. It defers the execution of all lazy operators in F and ∂ F until
T has finished. It then performs
all batching tasks {Vt }t=1
a batched execution of these lazy operators over all vertices of {Gk }Kk=1 . These operators includes, but is not
limited to, the push operator that is doing memory copy,
and operators for computing gradients of model parameters. Lazy batching helps exploit more parallelism and
significantly reduces kernel launches. Empirically lazy
batching brings 20% overall improvement (§5.3).
To leverage the exhibited parallelization opportunity
between eager operators and the operators on the path
from gather to scatter (Figure 7), Cavs proposes a
streaming strategy that pipelines the execution of these
two groups of operators. It allocates two streams, and
puts the eager operators on one stream, and the rest (excluding lazy operators) on the other. Hence, independent
operators in two streams run in parallel, while for those
operators that depend on an eager operator, this dependency is respected by synchronization barriers (Fig 7).
Automatic kernel fusion. Given F, before execution,
Cavs will run a fusion detector [20] to scan its corresponded dataflow graph and report all fuse-able subgraphs therein, i.e. all nodes in a fuse-able subgraph
can be fused as a single operator that behaves equivalently but takes less execution time (e.g. with fewer kernel launches and I/O, or faster computation). Currently,
we only detect groups of directly linked elementwise operators, such as +, sigmoid, as shown in Fig 7, and we
use a simple union-find algorithm to detect the largest
possible fuse-able subgraphs. Given a fuse-able subgraph, Cavs adopts de facto automatic code generation
techniques [37, 8, 38, 35] to generate lower-level kernel
implementations. Replacing the original fuse-able subgraphs with fused operators during execution is beneficial in many aspects: (1) it reduces the number of kernel
launches; (2) on some devices such as GPUs, kernel fu-
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sion transform device memory access into faster device
registers access. We empirically report another 20% improvement with automatic kernel fusion (§5.3).

4

Implementation

Cavs is implemented as a C++ library and integrable with
existing DL frameworks to enhance their support for dynamic NNs. It is composed of three major layers (which
is the case for most popular frameworks [3, 1, 33]): (1)
a frontend that provides device-agnostic symbolic programming interface; (2) an intermediate layer that implements the core execution logic; (3) a backend with
device-specific kernels for all symbolic operators.
Frontend. In addition to the four APIs, Cavs provides a macro operator VertexFunction. Users instantiate it by writing symbolic expressions and specifying methods to read input graphs. It encapsulates scatter/gather semantics, so users can continue using higher
level APIs. To construct more complex NN architectures
(e.g. encoder-decoder LSTM [43], LRCN [9])), users
employ push and pull to connect multiple vertex functions, or to external structures.
Intermediate Layer. Cavs has its core runtime logic at
this layer, i.e. the batching scheduler, the memory management, and the execution engine, etc.
Backend. Following practice [1, 33, 12], we implement device-specific operator kernels at this layer. Cavs
has optimized implementations for the four proposed operators (gather, scatter, pull, push). Specifically,
gather and pull index different slices of a tensor and
puts them together continuously on memory; scatter
and push by contrast splits a tensor along its batch dimension, and copy different slices to different places.
Cavs implements customized memcpy kernels for there
four operators, so that copying multiple slices from (or
to) different places is performed within one kernel.
Distributed Execution. While Cavs’s implementations
are focused on improving the efficiency on a single node,
they are compatible with most data-parallel distributed
systems for deep learning [56, 7, 1], and can also benefit
distributed execution on multiple nodes.

5

Evaluation

In this section, we evaluate Cavs on multiple NNs and
datasets, obtaining the following major findings: (1)
Cavs has little overhead: on static NNs, Cavs demonstrates equal performance on training and inference with
other systems; On several NNs with notably difficult-tobatch structures, Cavs outperforms all existing frameworks by a large margin. (2) We confirm the graph
construction overhead is substantial in both Fold [27]
and dynamic declaration [33], while Cavs bypasses it by
loading input graphs through I/O. (3) We verify the effectiveness of our proposed design and optimization via
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ablation studies, and discuss Cavs’ advantages over other
DL systems for dynamic dataflow graphs.
Environment. We perform all experiments in this paper
on a single machine with an NVIDIA Titan X (GM200)
GPU, a 16-core CPU, and CUDA v8.0 and cuDNN v6
installed. As modern DL models are mostly trained using GPUs, we focus our evaluation on GPUs, but note
Cavs’ design and implementation do not rely on a specific type of device. We mainly compare Cavs to TensorFlow v1.2 [1] with XLA [18] and its variant Fold [27],
PyTorch v0.3.0 [11], and DyNet v2.0 [33] with autobatching [34], as they have reported better performance
than other frameworks [5, 50] on dynamic NNs. We focus on metrics for system performance, e.g. time to scan
one epoch of data. Cavs produces exactly the same numerical results with other frameworks, hence the same
per-epoch convergence
Models and dataset. We experiment on the following models with increasing difficulty to batch: (a)
Fixed-LSTM language model (LM): a static sequence
LSTM with fixed steps for language modeling [42, 43,
55]. We train it using the PTB dataset [48] that contains
over 10K different words. We set the number of steps as
64, i.e. at each iteration of training, the model takes a 64word sentence from the training corpus, and predicts the
next word of each word therein. Obviously, the computation can be by nature batched easily, as each sentence
has exactly the same size. (b) Var-LSTM LM: that accepts variable-length inputs. At each iteration the model
takes a batch of natural sentences with different length
from PTB, and predicts the next words; (c) Tree-FC:
the benchmarking model used in [27] with a single fullyconnected layer as its cell function. Following the same
setting in [27], we train it over synthetic samples generated by their code [47] – each sample is associated with a
complete binary tree with 256 leaves (therefore 511 vertices per graph); (d) Tree-LSTM: a family of dynamic
NNs widely adopted for text analysis [26, 51]. We implement the binary child-sum Tree-LSTM in [45], and
train it as a sentiment classifier using Stanford sentiment
treebank (SST) dataset [40]. The dataset contains 8544
training sentences, each associated with a human annotated grammar tree, and the longest one has 54 words.

5.1

Overall Performance

We first verify the viability of our design on the easiestto-batch case: Fixed-LSTM language model. We compare Cavs to the following three strong baselines: (1)
CuDNN [6]: a CuDNN-based fixed-step sequence LSTM,
which is highly optimized by NVIDIA using handcrafted
kernels and stands as the best performed implementation
on NVIDIA GPUs; (2) TF: the official implementation
of Fixed-LSTM LM in TensorFlow repository [46] based
on static declaration; (3) DyNet: we implement a 64-step
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Figure 8: Comparing five systems on the averaged time to finish one epoch of training on four models: Fixed-LSTM, Var-LSTM,
Tree-FC and Tree-LSTM. In (a)-(d) we fix the hidden size h and vary the batch size bs, while in (e)-(h) we fix bs and vary h.

LSTM in DyNet based on dynamic declaration – we declare a dataflow graph per sample, and train with the autobatching [34] enabled; (4) Cavs with batching policy,
and all input samples have a same input graph – a 64node chain. We train the model to converge, and report
the average time per epoch in Fig 8(a)(e), where in (a) we
fix the hidden size h of the LSTM unit as 512 and vary
the batch size bs, and in (e) we fix bs = 64 and vary h.
Empirically, CuDNN performs best in all cases, but note
it is highly inflexible. Cavs performs slightly better than
TF in various settings, verifying that our system has little
overhead handling fully static graphs, though it is specialized for dynamic ones. We also conclude from Fig 8
that batching is essential for GPU-based DL: bs = 128 is
nearly one order of magnitude faster than bs = 1 regardless of used frameworks. For Cavs, the batching policy
is 1.7x, 3.8x, 7.0x, 12x, 15x, 25x, 36x faster than nonbatched at bs = 2, 4, 8, 16, 32, 64, 128, respectively.
Next, we experiment with Var-LSTM, the most commonly used RNN for variable-length sequences. We
compare the following three implementations (CuDNNbased LSTM cannot handle variable-length inputs): (1)
TF: an official TensorFlow implementation based on the
dynamic unroll approach described in §6; (2) DyNet: an
official implementation from DyNet benchmark repository based on dynamic declaration [10]; (3) Cavs: where
each input sentence is associated with a chain graph that
has number of vertices equal to the number of words. We
vary h and bs, and report the results in Figure 8(b)(f), respectively. Although all three systems perform batched
computation in different ways, Cavs is consistently 2-3
times faster than TF, and outperforms DyNet by a large
margin. Compared to TF, Cavs saves computational resources. TF dynamically unrolls the LSTM unit according to the longest sentence in the current batch, but it
cannot prevent unnecessary computation for those sentences that are shorter than the longest one.
We then turn to Tree-FC, a dynamic model for benchmarking. Since vanilla TensorFlow is unable to batch
its computation, we compare Cavs to (1) DyNet and (2)
Fold, a specialized library built upon TensorFlow for dy-

USENIX Association

namic NNs, with a depth-based dynamic batching strategy. To enable the batching, it however needs to preprocess the input graphs, translate them into intermediate
representations and pass them to lower-level TensorFlow
control flow engine for execution. We report the results
in Figure 8(c)(g) with varying bs and h, respectively. For
all systems, we allocate a single CPU thread for graph
preprocessing or construction. Cavs shows at least an
order of magnitude speedups than Fold and DyNet at
h ≤ 512. Because the size of the synthetic trees is large,
one major advantage of Cavs over them is the alleviation of graph preprocessing/construction overhead. With
a single CPU thread, Fold takes even more time on graph
preprocessing than computation (§5.3).
Finally, we compare three frameworks on Tree-LSTM
in Figure 8(d)(h): Cavs is 8-10x faster than Fold, and
consistently outperforms DyNet. One difference in this
experiment is that we allocate as many CPU threads as
possible (32 on our machine) to accelerate graph preprocessing for Fold, otherwise it will take much longer
time. Further, we note DyNet performs much better here
than on Tree-FC, as the size of the input graphs in SST
(maximally 54 leaves) is much smaller than the synthetic
ones (256 leaves each) in Tree-FC experiments. We
observe DyNet needs more time on graph construction
for large input graphs, and DyNet’s dynamic batching is
less effective on larger input graphs, as it has to perform
frequent memory checks to support its dynamic batching, which we will discuss in §5.3. We also compare
Cavs with PyTorch – its per-epoch time on Tree-LSTM
is 542s, 290x slower than Cavs when the batch size is
256. Compared to other systems, PyTorch cannot batch
the execution of dynamic NNs.

5.2

Graph Construction and Computation

In this section, we investigate the graph construction
overhead in Fold and DyNet. To batch computation of
different graphs, Fold analyzes the input graphs to recognize batch-able dynamic operations, then translates them
into intermediate instructions, with which, TensorFlow
generates appropriate control flow graphs for evaluation
– we will treat the overhead caused in both steps as
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Figure 9: The averaged graph construction overhead per epoch
when training (a) Tree-FC with different size of input graphs
(b) Tree-LSTM with different batch size. The curves show absolute time in second (left y-axis), and the bar graphs show its
percentage of the overall time (right y-axis).

Fold’s graph construction overhead. DyNet, as a typical dynamic declaration framework, has to construct as
many dataflow graphs as the number of samples. Though
DyNet has optimized its graph construction to make it
lightweight, the overhead still grows with the training set
and the size of input graphs. By contrast, Cavs takes constant time to construct a small dataflow graph encoded
by F, then reads input graphs through I/O. To quantify
the overhead, we separate the graph construction from
computation, and visualize in Figure 9(a) how it changes
with the average number of leaves (graph size) of input
graphs on training Tree-FC, with fixed bs = 64, h = 512.
We compare (1) Cavs (2) Fold-1 which is Fold with one
graph processing thread and (3) DyNet. We plot for one
epoch, both the (averaged) absolute time for graph construction and it percentage of the overall time. Clearly
we find that all three systems take increasingly more time
when the size of the input graphs grows, but Cavs, which
loads graphs through I/O, causes the least overhead at
all settings. In terms of the relative time, Fold unfortunately wastes 50% at 32 leaves, and 80% when the tree
has 1024 leaves, while DyNet and Cavs take only 10%
and 20%, respectively.
We also wonder how the overhead is related with batch
size when there is fixed computational workload. We
report in Figure 9(b) the same metrics when training
Tree-LSTM with varying bs. We add another baseline
Fold-32 with 32 threads for Fold’s graph preprocessing. As Fold-1 takes much longer time than others,
we report its time at bs = 1, 16, 32, 64, 128, 256 here (instead of showing in Figure 9): 1.1, 7.14, 31.35, 40.1,
46.13, 48.77. Except bs = 1, all three systems (except
Fold-1) take almost constant time for graph construction in one epoch, regardless of bs, while Fold-32 and
DyNet take similar time, but Cavs takes 20x less. Nevertheless, at the percentage scale, increasing bs makes
this overhead more prominent, because larger batch size
yields improved computational efficiency, therefore less
time to finish one epoch. This, from one perspective, reflects that the graph construction is a main obstacle that
grows with the number of training samples and prevents
the efficient training of dynamic NNs in existing frame-
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#
leaves
32
64
128
256
512
1024

time (s)

Speedup

bs

time (s)

Speedup

0.6 / 3.1 / 4.1
1.1 / 3.9 / 8.0
2 / 6.2 / 16
4 / 10.6 / 33.7
8 / 18.5 / 70.6
16 / 32 / 153

5.4 / 7.1
3.7 / 7.5
3.0 / 7.9
2.7 / 8.7
2.3 / 8.9
2.1 / 9.7

1
16
32
64
128
256

76 / 550 / 62
9.8 / 69 / 12
6.2 / 43 / 9.9
4.1 / 29 / 7.4
2.9 / 20.5 / 5.9
2.3 / 15.8 / 5.4

7.2 / 0.8
7.0 / 1.2
7.0 / 1.6
7.2 / 1.8
7.1 / 2.0
7.0 / 2.4

Table 1: The averaged computation time (Cavs/Fold/DyNet)
and the speedup (Cavs vs Fold/DyNet) for training one epoch
on Tree-FC with varying size of the input trees (left part), and
on Tree-LSTM with varying batch size (right part).

works, while Cavs successfully overcomes this barrier.
Apart from the graph construction we report in Table 1 the computation-only time. Cavs shows maximally
5.4x/9.7x and 7.2x/2.4x speedups over Fold/DyNet on
Tree-FC and Tree-LSTM, respectively. The advantages
stem from two main sources: an optimized graph execution engine, and a better-suited memory management
strategy, which we investigate next.

5.3

Optimizations

Graph Execution Engine. To reveal how much each
optimization in §3.4 contributes to the final performance,
we disable lazy batching, fusion and streaming in Cavs
and set this configuration as a baseline (speedup = 1).
We then turn on one optimization at a time and record
how much speedup it brings. We train Fixed-LSTM
and Tree-LSTM, and report the averaged speedups one
computation-only time in one epoch over the baseline
configuration in Fig 10, with bs = 64 but varying h.
Lazy batching and fusion consistently deliver nontrivial
improvement – lazy batching is more beneficial with a
larger h while fusion is more effective at smaller h, which
are expected: lazy batching mainly parallelizes matrixwise operations (e.g. matmul) commonly with O(h2 )
or higher complexity, while fusion mostly works on elementwise operations with O(h) complexity [19].
Streaming, compared to the other strategies, is less effective on Tree-LSTM than on Fixed-LSTM, as we have
found the depth of the input trees in SST exhibit high
variance, i.e. some trees are much deeper than others. In
this case, many batching tasks only have one vertex to be
evaluated. The computation is highly fragmented and the
efficiency is bounded by kernel launching latency. Lazy
batching and fusion still help as they both reduce kernel
launches (§3.4). Streaming, which tries to pipeline multiple kernels, can hardly yield obvious improvement.
Memory Management. Cavs’ performance advantage
also credits to its memory management that reduces
memory movements while guarantees continuity. Quantitatively, it is difficult to compare Cavs to Fold, as
Fold relies on TensorFlow where memory management
is highly coupled with other system aspects. Qualitatively, we find Cavs requires less memory movement
(e.g. memcpy) during dynamic batching. Built upon
the tf while operator, whenever Fold performs depth-
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Programming
Model
static declaration
dynamic declaration
(eager evaluation)
dynamic declaration
(lazy evaluation)
Fold
Vertex-centric

Frameworks

Expressiveness

Caffe, TensorFlow

×
√

PyTorch, Chainer
DyNet
TensorFlow-Fold
Cavs

Batching
√
×

√

√

√
√

√
√

Graph Construction
Overhead

Graph
Optimization

low

beneficial

N/A

unavailable

high

limited benefits

high
low

unknown
beneficial

Table 2: A side-by-side comparison of existing programming models for dynamic NNs, and their advantages and disadvantages.
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Figure 10: Improvement of each optimization strategy on execution engine over a baseline configuration (speedup = 1).
bs
16
32
64
128
256

Memory operations
(s) (Cavs / DyNet)
Train
Inference
1.14 / 1.33
0.67 / 0.87
0.39 / 0.6
0.25 / 0.44
0.17 / 0.44

0.6 / 1.33
0.35 / 0.87
0.21 / 0.6
0.13 / 0.44
0.09 / 0.44

Computation (s)
(Cavs / DyNet)
Train
Inference
9.8 / 12
6.1 / 9.8
4.0 / 7.4
2.9 / 5.9
2.3 / 5.4

2.9 / 8.53
1.9 / 5.35
1.3 / 3.48
0.97 / 2.52
0.77 / 2.58

Table 3: Breakdowns of average time per epoch on memoryrelated operations and computation, comparing Cavs to DyNet
on training and inference of Tree-LSTM with varying bs.

based batching at depth d, it has to move all the contents
of nodes in the dataflow graphs at depth d −1 to a desired
location, as the control flow does not support cross-depth
memory indexing. This results in redundant memcpy, especially when the graphs are highly skewed. By contrast,
Cavs only copies contents that are necessary to the batching task. DyNet has a specialized memory management
strategy for dynamic NNs. Compared to Cavs, it however
suffers substantial overhead caused by repeated checks
of the memory continuity – whenever DyNet wants to
batch operators with same signatures, it checks whether
their inputs are continuous on memory [34]. The checking overhead increases with bs and is more prominent on
GPUs. Thanks to the simplicity of both systems, we are
able to profile the memory-related overhead during both
training and inference, and separate it from computation.
We compare them on TreeLSTM, and report the breakdown time per epoch in Table 3 under different bs. We
observe the improvement is significant (2x - 3x) at larger
bs, especially during inference where DyNet has its continuity checks concentrated.

6

Related Work

DL programming models. In addition to §2.2, we summarize in Table 2 the major programming models and
frameworks for dynamic NNs, and their pros and cons, in
contrast to Cavs. Within static frameworks, there are also
efforts on adapting static declaration to support sequence
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RNNs, such as static unrolling [17], bucketing [15] and
dynamic unrolling [16]. The ideas are to pad zero at the
end of samples so that they have the same structure (i.e.
same length) for batched computation. However, they all
result in unnecessary computation and can not express
more complex structures than sequences. Asynchronous
model-parallelism [13] enables the concurrent execution
of different graphs similar to batched execution in Cavs,
it however may suffer from insufficient cache re-usage
and overhead by multiple kernel launches (on GPUs).
Execution optimization. A variety of developed techniques from other areas (e.g. kernel fusion, constant
folding) have been adapted to speed the computation of
DL dataflow graphs [1, 5, 12, 18]. Cavs separates the
static vertex function from the dynamic-varying input
graph, so it benefits from most of the aforementioned
optimizations. We learn from these strategies and reflect
them in Cavs’ execution engine. We further propose lazy
batching and concurrent execution to exploit more parallelism exposed by our APIs.
Graph-based systems. The vertex-centric programming
model has been extensively developed in graph computing [29, 14, 4, 41]. Cavs draws insights from the GAS
model [14], but is fundamentally different: gather and
scatter in Cavs are fully symbolic – they allow backpropagation through them; graph computing systems
compute on large natural graphs, while Cavs addresses
problems that each sample has a unique graph and the
training is iterative on batches of samples. In terms of
system design, Cavs also faces different challenges, such
as scheduling for batched execution of different graphs,
guaranteeing the memory continuity. There are also
some graph-based ML systems, such as GraphLab [28],
but they do not handle instance-based graphs, and do not
offer batching advantages for dynamic DL workloads.

7

Conclusion

We present Cavs, an efficient system for dynamic neural networks. With a novel representation, designed
scheduling policy, memory management strategy, and
graph execution optimizations, Cavs avoids substantial
graph construction overhead, allows for batched computation over different structured graphs, and can benefit from well-established graph optimization techniques.
We compare Cavs to state-of-the-art systems for dynamic
NNs and report a near one order of magnitude speedup
across various dynamic NN architectures and settings.

2018 USENIX Annual Technical Conference

947

References
[1] A BADI , M., BARHAM , P., C HEN , J., C HEN , Z.,
DAVIS , A., D EAN , J., D EVIN , M., G HEMAWAT,
S., I RVING , G., I SARD , M., ET AL . Tensorflow:
A system for large-scale machine learning. arXiv
preprint arXiv:1605.08695 (2016).
[2] BAHDANAU , D., C HO , K., AND B ENGIO , Y.
Neural machine translation by jointly learning to
align and translate. arXiv preprint arXiv:1409.0473
(2014).
[3] B ERGSTRA , J., BASTIEN , F., B REULEUX , O.,
L AMBLIN , P., PASCANU , R., D ELALLEAU , O.,
D ESJARDINS , G., WARDE -FARLEY, D., G OOD FELLOW, I. J., B ERGERON , A., AND B ENGIO , Y.
Theano: Deep Learning on GPUs with Python. In
NIPSW (2011).
[4] C HEN , R., S HI , J., C HEN , Y., AND C HEN , H.
Powerlyra: Differentiated graph computation and
partitioning on skewed graphs. In Proceedings of
the Tenth European Conference on Computer Systems (2015), ACM, p. 1.
[5] C HEN , T., L I , M., L I , Y., L IN , M., WANG , N.,
WANG , M., X IAO , T., X U , B., Z HANG , C., AND
Z HANG , Z. Mxnet: A flexible and efficient machine learning library for heterogeneous distributed
systems. arXiv preprint arXiv:1512.01274 (2015).
[6] C HETLUR , S., W OOLLEY, C., VANDERMERSCH ,
P., C OHEN , J., T RAN , J., C ATANZARO , B., AND
S HELHAMER , E. cudnn: Efficient primitives for
deep learning. arXiv preprint arXiv:1410.0759
(2014).
[7] C UI , H., Z HANG , H., G ANGER , G. R., G IB BONS , P. B., AND X ING , E. P. Geeps: Scalable deep learning on distributed gpus with a gpuspecialized parameter server. In Proceedings of the
Eleventh European Conference on Computer Systems (2016), ACM, p. 4.
[8] DAVE , C., BAE , H., M IN , S.-J., L EE , S., E IGEN MANN , R., AND M IDKIFF , S. Cetus: A source-tosource compiler infrastructure for multicores. Computer 42, 12 (2009).
[9] D ONAHUE , J., A NNE H ENDRICKS , L., G UADAR RAMA , S., ROHRBACH , M., V ENUGOPALAN , S.,
S AENKO , K., AND DARRELL , T. Long-term recurrent convolutional networks for visual recognition
and description. In Proceedings of the IEEE conference on computer vision and pattern recognition
(2015), pp. 2625–2634.

948

2018 USENIX Annual Technical Conference

[10] DY N ET VARIABLE L ENGTH LSTM. https://
github.com/neulab/dynet-benchmark.
[11] FACEBOOK. http://pytorch.org/.
[12] FACEBOOK O PEN S OURCE.
Caffe2 is a
lightweight, modular, and scalable deep learning framework. https://github.com/caffe2/
caffe2, 2017.
[13] G AUNT, A., J OHNSON , M., R IECHERT, M., TAR LOW, D., T OMIOKA , R., V YTINIOTIS , D., AND
W EBSTER , S. Ampnet: Asynchronous modelparallel training for dynamic neural networks.
arXiv preprint arXiv:1705.09786 (2017).
[14] G ONZALEZ , J. E., L OW, Y., G U , H., B ICKSON ,
D., AND G UESTRIN , C. Powergraph: Distributed
graph-parallel computation on natural graphs.
[15] G OOGLE.
Tensorflow bucketing.
https://
www.tensorflow.org/versions/r0.12/api_
docs/python/contrib.training/bucketing.
[16] G OOGLE.
Tensorflow dynamic rnn.
https://www.tensorflow.org/api_docs/
python/tf/nn/dynamic_rnn.
[17] G OOGLE.
Tensorflow static rnn.
https:
//www.tensorflow.org/api_docs/python/
tf/nn/static_rnn.
[18] G OOGLE T ENSOR F LOW XLA. https://www.
tensorflow.org/performance/xla/.
[19] G USTAFSON , J. L. Reevaluating amdahl’s law.
Communications of the ACM 31, 5 (1988), 532–
533.
[20] G YSI , T., O SUNA , C., F UHRER , O., B IANCO ,
M., AND S CHULTHESS , T. C. Stella: A domainspecific tool for structured grid methods in weather
and climate models. In High Performance Computing, Networking, Storage and Analysis, 2015 SCInternational Conference for (2015), IEEE, pp. 1–
12.
[21] H INTON , G., D ENG , L., Y U , D., DAHL , G. E.,
M OHAMED , A.- R ., JAITLY, N., S ENIOR , A.,
VANHOUCKE , V., N GUYEN , P., S AINATH , T. N.,
ET AL . Deep neural networks for acoustic modeling in speech recognition: The shared views of four
research groups. IEEE Signal Processing Magazine
29, 6 (2012), 82–97.
[22] H OCHREITER , S., AND S CHMIDHUBER , J. Long
short-term memory. Neural computation 9, 8
(1997), 1735–1780.

USENIX Association

[23] J IA , Y., S HELHAMER , E., D ONAHUE , J.,
K ARAYEV, S., L ONG , J., G IRSHICK , R.,
G UADARRAMA , S., AND DARRELL , T. Caffe:
Convolutional architecture for fast feature embedding. arXiv preprint arXiv:1408.5093 (2014).
[24] K RIZHEVSKY, A., S UTSKEVER , I., AND H IN TON , G. E. ImageNet Classification with Deep
Convolutional Neural Networks. In NIPS (2012).
[25] L IANG , X., H U , Z., Z HANG , H., G AN , C.,
AND X ING , E. P. Recurrent topic-transition gan
for visual paragraph generation. arXiv preprint
arXiv:1703.07022 (2017).
[26] L IANG , X., S HEN , X., F ENG , J., L IN , L., AND
YAN , S. Semantic object parsing with graph
lstm. In European Conference on Computer Vision
(2016), Springer, pp. 125–143.
[27] L OOKS , M., H ERRESHOFF , M., H UTCHINS ,
D., AND N ORVIG , P.
Deep learning with
dynamic computation graphs.
arXiv preprint
arXiv:1702.02181 (2017).
[28] L OW, Y., G ONZALEZ , J. E., K YROLA , A., B ICK SON , D., G UESTRIN , C. E., AND H ELLERSTEIN ,
J. Graphlab: A new framework for parallel machine learning. arXiv preprint arXiv:1408.2041
(2014).
[29] M ALEWICZ , G., AUSTERN , M. H., B IK , A. J.,
D EHNERT, J. C., H ORN , I., L EISER , N., AND
C ZAJKOWSKI , G. Pregel: a system for largescale graph processing. In Proceedings of the 2010
ACM SIGMOD International Conference on Management of data (2010), ACM, pp. 135–146.
[30] M IKOLOV, T., C HEN , K., C ORRADO , G., AND
D EAN , J.
Efficient estimation of word representations in vector space.
arXiv preprint
arXiv:1301.3781 (2013).
[31] M ITCHELL , D. C. Sentence parsing. Handbook of
psycholinguistics (1994), 375–409.
[32] M URRAY, D. G., M C S HERRY, F., I SAACS , R., I S ARD , M., BARHAM , P., AND A BADI , M. Naiad:
a timely dataflow system. In Proceedings of the
Twenty-Fourth ACM Symposium on Operating Systems Principles (2013), ACM, pp. 439–455.
[33] N EUBIG , G., DYER , C., G OLDBERG , Y.,
M ATTHEWS , A., A MMAR , W., A NASTASOPOU LOS , A., BALLESTEROS , M., C HIANG , D.,
C LOTHIAUX , D., C OHN , T., ET AL . Dynet: The
dynamic neural network toolkit. arXiv preprint
arXiv:1701.03980 (2017).

USENIX Association

[34] N EUBIG , G., G OLDBERG , Y., AND DYER , C. Onthe-fly operation batching in dynamic computation
graphs. arXiv preprint arXiv:1705.07860 (2017).
[35] NVIDIA.
http://docs.nvidia.com/cuda/
nvrtc/index.html.
[36] PASZKE , A., G ROSS , S., C HINTALA , S.,
C HANAN , G., YANG , E., D E V ITO , Z., L IN , Z.,
D ESMAISON , A., A NTIGA , L., AND L ERER , A.
Automatic differentiation in pytorch.
[37] Q UINLAN , D. Rose: Compiler support for objectoriented frameworks. Parallel Processing Letters
10, 02n03, 215–226.
[38] R AGAN -K ELLEY, J., BARNES , C., A DAMS , A.,
PARIS , S., D URAND , F., AND A MARASINGHE ,
S. Halide: a language and compiler for optimizing parallelism, locality, and recomputation in image processing pipelines. ACM SIGPLAN Notices
48, 6 (2013), 519–530.
[39] S IMONYAN , K., AND Z ISSERMAN , A. Very
Deep Convolutional Networks for Large-Scale Image Recognition. In ICLR (2015).
[40] S OCHER , R., P ERELYGIN , A., W U , J., C HUANG ,
J., M ANNING , C. D., N G , A., AND P OTTS , C.
Recursive deep models for semantic compositionality over a sentiment treebank. In Proceedings of
the 2013 conference on empirical methods in natural language processing (2013), pp. 1631–1642.
[41] S UNDARAM , N., S ATISH , N., PATWARY, M.
M. A., D ULLOOR , S. R., A NDERSON , M. J.,
VADLAMUDI , S. G., DAS , D., AND D UBEY, P.
Graphmat: High performance graph analytics made
productive. Proceedings of the VLDB Endowment
8, 11 (2015), 1214–1225.
[42] S UNDERMEYER , M., S CHL ÜTER , R., AND N EY,
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