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1. Scope of the Paper (Abstract) 

In the paper, TensorFlow is described as a scalable machine learning framework for research and 

production developed by an entire team at Google Brain for efficiently training and serving models 

using a wide variety of hardware. Furthermore, TensorFlow expresses all computations and 

mutable state in a single directed graph of dataflow. Nodes in the graph denote mathematical 

operations, while edges store multidimensional data arrays called tensors. While previous 

approaches split computation and parameter manipulation, TensorFlow integrates both into a 

unified framework, making it possible to execute the same code on a variety of platforms, which 

include multi-core CPUs, GPU clusters, or specialized ASICs known as Tensor Processing Units. 

TensorFlow was implemented within over 150 Google products before being made available as 

open-source software and garnering contributions from over 14,000 developers in under a year. 

2. Introduction 

The rapid progress of machine learning across domains like vision, speech, and natural language 

tasks has been driven by three converging forces: increasingly sophisticated model architecture, 

massive, labeled datasets, and software platforms that make large-scale training practical. 

TensorFlow was created to serve the full lifecycle of this work from rapid exploration of new ideas 

to efficient distributed training and deployment onto anything from a data center rack to a mobile 

phone. The authors select image classification and language modeling as their two representative 

benchmarks because they push the system in complementary ways: the former stresses raw 

computational throughput while the latter strains the system's ability to manage enormous numbers 

of parameters. The introduction of frames in TensorFlow was not merely an incremental 

improvement to prior frameworks, but a rethinking of how computation and state should be 

represented in a machine learning runtime. 

3. Background & Motivation  

The previous version of TensorFlow, called DistBelief, employed a parameter server-based 

architecture where stateless workers performed forward and backward passes, while different 

servers held the weights of the model. Though sufficient for building feedforward networks, this 

architecture had three major disadvantages: new layer types demanded changes in the fundamental 

C++ code; its strict get() / put() interface could not accommodate sophisticated algorithms such as 

Momentum or AdaGrad; and its inflexible execution protocol did not work with dynamic 

structures, including RNNs and reinforcement learning agents. This led to the formulation of four 

guiding principles for TensorFlow: (i) construction of models by composing primitive operators 
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instead of fixed layers; (ii) postponement of execution to allow for global graph optimization; (iii) 

abstraction of hardware for running one program on any hardware; and (iv) tensors as the single 

data format. 

4. TensorFlow Execution Model 

A TensorFlow program has two phases. First, the developer constructs a symbolic dataflow graph 

where vertices are typed operations and edges carry tensors; stateful Variable operations hold 

learnable parameters across steps. Second, a client session submits requests specifying input feeds 

and output fetches, and the runtime prunes and partitions the graph across available devices. When 

operations on various devices are interconnected, their runtime inserts send and receive nodes that 

select the most efficient transport, like RDMA, DMA, or gRPC, which eliminates the need for a 

dedicated parameter server process. 

TensorFlow also supports dynamic control flow by embedding Switch, Merge, Enter, Exit, and 

Next Iteration primitives directly in the dataflow graph. This allows the length of variable recurrent 

computation to execute without graph unrolling, and automatic differentiation through branches 

and loops is handled by recording control decisions in the forward pass and replaying them during 

backpropagation. 

5. Extensibility Case Studies 

One of the paper's stronger arguments is that TensorFlow's design lets users implement 

sophisticated functionality entirely outside the runtime. Automatic differentiation is a good 

example: a user-level library walks the existing graph from the loss function back to each 

parameter, builds a new subgraph of gradient operations, and attaches it with no changes to the 

core. Because gradients are just more graph nodes, building optimizers like AdaGrad, Adam, or 

RMSProp becomes a straightforward exercise rather than a systems-engineering task. Handling 

giant embedding tables, the kind found in language models with 800,000-word vocabularies, is 

handled by sharding the matrix across several parameter server tasks and using sparse lookup 

operations so only the actually needed rows travel over the network. Checkpointing for fault 

tolerance is similarly kept at the user level: Save and restore nodes embedded in the graph let users 

define their own checkpoint schedules and retention rules, which also makes fine-tuning pretrained 

models simple. Synchronous training is done using blocking queues that serve as barriers between 

workers and parameter servers. The use of a backup worker scheme (similar to MapReduce), where 

the last-completing replica is dropped, saves about 7% of time per step for a 50-worker job and 

achieves a speedup ratio of approximately 9.5%. 

6. Implementation 

The TensorFlow runtime is implemented in C++ and runs on Linux, macOS, Windows, Android, 

and iOS, supporting x86, ARM, and NVIDIA GPUs (Kepler, Maxwell, and Pascal). Its layered 

design consists of a minimal C interface above client libraries written in Python and C++, as well 

as a distributed master and dataflow executor below them. The distributed master processes step 

requests, prunes the graph to the needed subgraph, optimizes it using common techniques like 

common subexpression elimination, dead code elimination, and constant folding, partitions it by 

device to per-device subgraphs, and controls the execution of all worker tasks. Each subgraph is 
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cached in the client session so that future steps involve a single small message from each worker 

task, resulting in 10,000 subgraph evaluations per second. 

7. Evaluation 

On a single machine with one GPU, TensorFlow's CNN training times come within 6% of Torch, 

the top-performing framework at the time across AlexNet, OxfordNet, and GoogleNet, because 

both use cuDNN under the hood. Caffe, which uses slower open-source convolution code, is 

noticeably slower. The synchronous coordination overhead scales predictably: a trivial scalar-

parameter step takes 1.8 ms on one worker and grows to 8.8 ms at 100 workers. For 1 GB dense 

embedding lookups distributed across 16 parameter servers, step time goes from about 1 second 

to 7 seconds over the same range, manageable, though clearly the bottleneck shifts to network 

communication at scale. 

The Inception-v3 experiments tell a more practical story. TensorFlow matched or slightly beat 

MXNet for asynchronous training and scaled throughput to roughly 2,300 images per second with 

200 workers. Synchronous steps are about 10% slower per step, but the model converges to better 

accuracy faster because it never trains on stale gradients. Adding backup workers to a 50-worker 

job reduced median step time noticeably. Three extra workers gave the best tradeoff, cutting step 

time while not wasting too many GPU hours on discarded results. Language modeling showed that 

splitting the softmax output layer across more PS tasks scales throughput linearly and switching 

from full to sampled softmax slashed the PS communication by a factor of 78 with no real accuracy 

penalty. 

8. Concluding Remarks 

TensorFlow gets it right by using the dataflow graph as the single source of truth for everything, 

not just forward computation but also parameter updates, checkpointing, synchronization logic, 

and gradient calculation. That unification is what allows the system to be flexible enough for 

research and fast enough for production simultaneously, which prior systems could rarely claim. 

The evaluation backs this up: overhead is small, scaling is mostly clean, and the same code 

genuinely runs across wildly different hardware. That said, the authors are honest about what 

remains unresolved. Automatic placement of operations on devices is still manual, which becomes 

painful for large heterogeneous clusters. The static graph representation also starts feeling 

awkward in reinforcement learning settings where the computation structure is not known until the 

agent interacts with its environment. Going forward, the team points to learned placement 

algorithms, kernel fusion, and stronger consistency guarantees as open research directions, areas 

that, as of the paper's publication, had no settled solutions. 
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