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Fig. 2: (a) The evolution of the number of parameters of state-of-the-art (SOTA) models over the years, along with the AI
accelerator memory capacity (green dots). The number of parameters in large Transformer models has been exponentially
increasing with a factor of 410→ every two years, while the single GPU memory has only been scaled at a rate of 2→ every 2
years. The growth rate for the Transformer models is calculated by only considering the non-recommendation system models
(red circles), and the GPU memory is plotted by dividing the corresponding memory size by 6 as an approximate upper bound
for the largest model that can be trained with the corresponding capacity. (b) The amount of compute, measured in Peta
FLOPs, needed to train SOTA models, for different computer vision (CV), natural language processing (NLP), and Speech
models, along with the different scaling of Transformer models (750→/2yrs).2

grade AI hardware has changed since 1998 when Yann Lecun
trained the famous Lenet-5 model on MNIST data [22]. We
can see that the peak compute of the hardware has increased by
60,000→ over the past 20 years, as opposed to a 100→ increase
for DRAM or a 30→ increase for interconnect bandwidth.

The memory wall problem involves both the limited capac-
ity, the bandwidth of memory transfer, as well as its latency
(which has been even harder to improve [32] than bandwidth).
This entails different levels of memory data transfer. For
example, data transfer between compute logic and on-chip
memory, or between compute logic and DRAM memory, or
across different processors on different sockets. In all these
cases, the capacity and the speed of data transfer has been
significantly lagging behind hardware compute capabilities.

Now, if we study the trend of recent AI models, and in
particular LLMs, we notice that practitioners, motivated by
neural scaling law [14], have been scaling the amount of data,
model size, and compute needed to train recent models at
unprecedented levels. Even though compute / floating-point
operations (FLOPs)3 needed to train these recent models has
increased by a factor of 750→/2yrs in the 2018-2022 time
frame (see Figure 2), compute is not necessarily the bottleneck,
especially for model serving.

First, the LLM sizes have scaled at a rate of 410→/2yrs
in that time frame, exceeding memory available on single
chip. One might hope that we can use distributed-memory
parallelism by scaling-out the training/serving to multiple
accelerators to avoid the single hardware’s limited memory
capacity and bandwidth. However, distributing the work over
multiple processes can also face the memory wall problem:

3Please note that we use FLOPs with lowercase s to denote the number of
floating point operations needed to perform a task, and FLOPS with capital
S to denote the rate at which a given hardware can perform floating point
operations per second.

the communication bottleneck of moving data between neural
network (NN) accelerators, which is even slower and less
efficient than on-chip data movement. Similar to the single
system memory case, we have not been able to overcome the
technological challenges to scale the network bandwidth.

Second, even when the model fits within a single chip,
intra-chip memory transfers from/to registers, L2 cache, global
memory, etc. are still increasingly becoming the bottleneck.
Thanks to the recent advancements in specialized compute
units, such as Tensor cores, the arithmetic operations for a
large set of computations can finish in a few cycles. Therefore,
to keep these arithmetic units utilized at all times one needs
to rapidly feed them large amounts of data, and that is where
the chip memory bandwidth becomes the bottleneck.

As one can see in Figure 1, over the past 20 years,
peak server hardware FLOPS has been scaling at 3.0→/2yrs,
outpacing the growth of DRAM and interconnect bandwidth,
which have only scaled at 1.6 and 1.4 times every 2 years,
respectively. This disparity has made memory, rather than
compute, increasingly become a bottleneck, even for cases
when the model can fit within a single chip.

Next, we perform a detailed case study for Transformers
which helps better showcase the interplay between FLOPs,
Memory Operations (MOPs), and end-to-end runtime by con-
sidering common models used today.

3We are specifically not including the cost of training reinforcement
learning models in this figure, as the training cost is mostly related to the
simulation environment, and there is currently no consensus on a standard
simulation environment. Also note that we report the PFLOPs required to
train each model to avoid using any approximation for hardware deployment
utilization, as the latter depends on the specific library and the hardware used.
Finally, all the rates in this document have been computed by solving a linear
regression to fit the data shown in each graph.
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Abstract—The availability of unprecedented unsupervised
training data, along with neural scaling laws, has resulted in an
unprecedented surge in model size and compute requirements
for serving/training LLMs. However, the main performance
bottleneck is increasingly shifting to memory bandwidth. Over
the past 20 years, peak server hardware FLOPS has been scaling
at 3.0→/2yrs, outpacing the growth of DRAM and interconnect
bandwidth, which have only scaled at 1.6 and 1.4 times every 2
years, respectively. This disparity has made memory, rather than
compute, the primary bottleneck in AI applications, particularly
in serving. Here, we analyze encoder and decoder Transformer
models and show how memory bandwidth can become the
dominant bottleneck for decoder models. We argue for a redesign
in model architecture, training, and deployment strategies to
overcome this memory limitation.

I. INTRODUCTION

The amount of compute needed to train Large Language
Models (LLMs) has recently been growing at a rate of
750→/2yrs. This exponential trend has been the main driver
for AI accelerators that focus on increasing the peak compute
power of hardware, often at the expense of simplifying other
parts such as memory hierarchy.

However, these trends miss an emerging challenge with
training and serving AI models: memory and communication
bottlenecks. In fact, several AI applications are becoming bot-
tlenecked by intra/inter-chip and communication across/to AI
accelerators, rather than compute. This is not a new phenom-
ena, and several works in the past observed and warned about
this issue. One of the earliest observations of this dates back to
1990 when Ousterhout concluded the following after analyzing
the factors impacting operating system’s performance [30]:

“The first hardware-related issue is memory bandwidth:
the benchmarks suggest that it is not keeping up with
CPU speed ... If memory bandwidth does not improve
dramatically in future machines, some classes of applica-
tions may be limited by memory performance.”

Later in 1995, William Wulf and Sally Mckee further
echoed this prediction and coined the term “memory wall”.
Their argument for this followed a simple but elegant rea-
soning. The time to complete an operation is dependent on
how fast we can perform the arithmetic as well as how fast
we can feed data to the arithmetic units of hardware.1 In
the simplest case, the data is either available in the cache,

1Just for reference a better way to analyze this is through arithmetic
intensity proposed by Sammuel Williams [41] which will be discussed in
Sec.II-A.

Fig. 1: The scaling of the bandwidth of different generations of
interconnections and memory, as well as the Peak FLOPS. As
can be seen, the bandwidth is increasing very slowly. We are
normalizing hardware peak FLOPS with the R10000 system,
as it was used to report the cost of training LeNet-5 [22].

or needs to be fetched from DRAM. With this assumption,
even if 80% of data is readily available in cache, and only
20% needs to be fetched from DRAM, the time to complete
the operation will be completely limited by DRAM if it takes
more than 5 cycles to fetch the 20% cache-miss data from it.
This means that no matter how fast the hardware could perform
arithmetics per second, the problem will be entirely limited by
DRAM bandwidth. They predicted that the diverging speed
of improvement of how fast computations can be performed
versus how fast data can be fetched is going to create a
“memory wall” issue [25, 42]. Based on this they concluded:

“Each is improving exponentially, but the exponent
for microprocessors is substantially larger than that for
DRAMs. The difference between diverging exponentials
also grows exponentially.”

Several later works also reported a similar observation [12,
24, 25, 31, 36, 40].

In this work, we re-examined this trend by studying more
recent data, with a particular focus on hardware used to train
AI models, as well as the characteristics of the computations
used for training/serving them. 30 years after, the above
observations and predictions could not be further correct.
Despite many innovations in memory technology, the trend
shows that the “memory wall” is increasingly becoming the
dominant bottleneck for a range of AI tasks.

We first start by analyzing how peak compute of server-
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Memory offloading

• Can we move data to CPU memory or disk to reduce memory usage on the GPU?

• It will slow things down but could make things feasible which weren’t possible before

• Running large models

• Working with old hardware
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What uses GPU memory?
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• In mixed precision, two copies of gradients are stored: FP16 and 
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3.1 Deep Learning

Deep learning is a family of machine learning algorithms characterized by the usage of artificial neural
networks (ANNs) as function approximators. As the name suggests, ANNs are inspired by the functioning
of the human brain. The last decade has seen ANNs applied very widely in a variety of fields like computer
vision, natural language processing, bioinformatics, drug design, speech and audio recognition with results
often surpassing the state of the art and in some cases even human expert performance. While, neural
network architectures and training algorithms have existed for decades, it was only in the last few years that
deep learning has rose to prominence, primarily due to the following reasons: (1) increased computational
power via GPGPU hardware accelerators, and (2) availability of large amounts of data.

Artificial Neural Networks ANNs are parameterized function approximation algorithms, and are inspired
by biological neural networks. An ANN is a collection of artificial or simulated neurons (Figure 1 (left)),
each of which is a node in a directed, weighted graph. Each link has a weight which represents the strength
of one node’s influence over another. All of these weights taken together are the parameters of the neural
network. Thus, the words weights and parameters can be used interchangeably. Neural networks learn by
processing known inputs and outputs, and adjusting weight associations between the two to reduce error.
The activation of each neuron is the weighted sum of its inputs from neighboring neurons weighted by the
link weights followed by a non-linear function like sigmoid. The initial input is external data and output
accomplishes the designated task such as prediction.
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Σ wi * xi + bias

Inputs Weights
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and bias
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Figure 1: A single neuron (left) and an example artificial neural network (right).

Layer In deep learning, neurons are typically organized into layers. A layer computes a parameterized
non-linear transform of it’s input. Often, the layers are connected in a straight-chain with the ith layer op-
erating on the output of the (i � 1)th layer and the first layer operating on the input dataset. The “deep”
in deep learning stems from the usage of multiple layers essentially increasing the depth of the neural net-
work. Figure 1 (right) shows how neurons organized into different layers are connected to each other. It is
through the use of multiple layers that neural networks are able to learn very useful feature representations
of the input automatically [45].

Learning/Training and Loss Learning or Training is defined as the task of selecting the weight values
which can accurately compute the function that the neural network has to approximate. This is done by
posing the problem as a parameterized optimization of a scalar proxy called the loss. The loss is designed
in a way such that minimizing it leads to accurate function approximation.

Backpropagation Backpropagation is the algorithm by which the gradients/derivatives of the loss w.r.t. the
weights are calculated. Gradients are calculated in the reverse topological order starting from the final layer,
i.e. if layer i consumed the output of layer j, then layer i’s weight gradients are calculated first and used in
the calculation of layer j’s weight gradients. This backward flow of gradients in the layers lends the name
backpropagation to this process.

3
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Activation checkpointing

• Use less memory by recomputing some activations
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ZeRO-Offload

• Offload data and compute to the CPU

• Models training as a data-flow graph

• Partition graph between CPU and GPU

• Give less work to CPU

• Minimize data movement between CPU and GPU

• Maximize memory savings
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Figure 2: The dataflow of fully connected neural networks with
M parameters. We use activation checkpoint to reduce activation
memory to avoid activation migration between CPU and GPU.

3.2 Limiting CPU computation
The CPU computation throughput is multiple orders of magni-
tude slower than the GPU computation throughput. Therefore,
offloading large computation graph to CPU will severely limit
training efficiency. As such, we must avoid offloading com-
pute intensive components to the CPU.

The compute complexity of DL training per iteration is
generally given by O(MB), where M is the model size and B
is the effective batch size. To avoid CPU computation form
becoming a bottleneck, only those computations that have a
compute complexity lower than O(MB) should be offloaded
to the CPU. This means that the forward propagation and
backward propagation both of which have a compute com-
plexity of O(MB) must be done on the GPU, while remaining
computations such as norm calculations, weight updates etc
that have a complexity of O(M) maybe offloaded to the CPU.

Based on this simple observation we fuse the forward and
backward nodes in our data flow graph into a single super-
node (FWD-BWD) and assign it on the GPU.

3.3 Minimizing Communication Volume
The CPU memory bandwidth is at least an order of magnitude
faster than the PCI-E bandwidth between CPU and GPU,
while the GPU memory is another order of magnitude faster
than even the CPU memory. Therefore, we must minimize
the communication volume between CPU and GPU memory
to prevent the PCI-E bandwidth from becoming a training
performance bottleneck. To do so we must first identify the
theoretical minimum communication volume for a model
state offload strategy.

The minimum communication volume for any model state
offload strategy is given by 4M 2. Note that after fusing the
forward and backward into a single super-node as discussed
in Sec. 3.2, each node in our data flow graph is part of a cycle.
Therefore, any partitioning of this graph would require cutting

2Please note that it is possible to reduce the communication volume
further by only offloading partial model states. For simplification, we assume
that an offload of a model state implies that we offload the entire model state.
Our analysis on the memory savings per communication volume, still holds
even if we offload partial model states

at least two edges, each of which have a edge weight of at
least 2M, resulting in a total communication of at least 4M.

If we choose to limit the communication volume to this
bare minimum, we can greatly simplify our data-flow graph
and reduce the number of partitioning strategies to a handful:

Creating fp32 super-node: Notice that any partitioning
strategy that does not co-locate the fp32 model states its pro-
ducer and consumer nodes cannot achieve the minimum com-
munication volume of 4M. Such a partition must cut at least
one edge with a weight of 4M, and the other with at least
2M, resulting in a communication volume of at least 6M .
Therefore, to achieve the minimum communication volume,
all offload strategies must co-locate fp32 model states with its
producer and consumer operators, i.e., the fp32 model states
(momentum 32, variance 32 and p32) must be co-located with
the Param Update and the float2half computations.

This constraint allows us to treat all the aforementioned
fp32 data and compute nodes in the data flow graph as a single
super-node that we refer to as Update Super. We show this
reduced data flow graph in figure 2, consisting of only four
nodes: FWD-BWD Super node, p16 data node, g16 data node,
and Update Super node.

p16 assignment: To achieve the minimum communica-
tion volume, p16 must be co-located with FWD-BWD Super
because the edge weight between these two nodes is 4M. Sep-
arating these two nodes, would increase the communication
volume to 6M(4M + 2M). Since, we have already assigned
node FWD-BWD Super to GPU to limit computation on CPU,
p16 must also be assigned to GPU.

3.4 Maximizing Memory Savings
After simplifying the data flow graph to minimize commu-
nication volume, only g16 and Update Super remain to be
assigned. Notice that at this point, all partitions will result
in minimum communication volume, so we can prune the
choices further to maximize the memory savings on the GPU.
Table 1 shows the memory savings of all valid partitioning
strategies that minimize the communication volume. The max-
imum memory savings of 8x can be achieved by offloading
both g16 and Update Super to CPU.
Table 1: Memory savings for offload strategies that minimizes com-
munication volume compared to the baseline.

FWD-BWD p16 g16 Update Memory Reduction
gpu gpu gpu gpu 16M 1x (baseline)
gpu gpu cpu gpu 14M 1.14x
gpu gpu gpu cpu 4M 4x
gpu gpu cpu cpu 4M 8x

3.5 A unique and optimal offload strategy
ZeRO-Offload allocates all the fp32 model states along with
the fp16 gradients on the CPU memory, and it also computes
the parameter updates on the CPU. The fp16 parameters are
kept on the GPU and the forward and backward computations
are also done on the GPU.

5
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FlexGen: Offloading to CPU and Disk

• Focus on single commodity GPU

• Three tensors: weights, activations, KV cache

• Define a search space of possible offloading strategies

• Linear programming based search algorithm to identify good candidates
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FlexGen: High-Throughput Generative Inference of Large Language Models with a Single GPU

corpus), and are less sensitive to latency. As a result, it
is possible to trade off latency for higher throughput in
these workloads, providing opportunities to reduce resource
requirements.

Prior efforts to lower resource requirements of LLM infer-
ence correspond to three directions: (1) model compression
to decrease total memory footprint (Dettmers et al., 2022;
Yao et al., 2022; Frantar et al., 2022; Xiao et al., 2022);
(2) collaborative inference to amortize inference cost via
decentralization (Borzunov et al., 2022); and (3) offloading
to utilize memory from CPU and disk (Aminabadi et al.,
2022; HuggingFace, 2022). These techniques have signifi-
cantly lowered the resource requirements for using LLMs,
but there are distinct limitations. Research in the first two
directions often assume that the model fits into the GPU
memory and thereby struggle to run 175B-scale models with
a single commodity GPU. On the other hand, state-of-the-
art offloading-based systems in the third category do not
achieve acceptable throughput on a single GPU due to inef-
ficient I/O scheduling and tensor placement. For example,
these systems can be bottlenecked by small batch sizes (e.g.,
batch sizes of only one or two for OPT-175B in some cases).

16 GB

208 GB

1.5 TB

GPU

CPU

Disk

12 GB/s

2 GB/s

Our focus is designing efficient
offloading strategies for high-
throughput generative inference,
on a single commodity GPU. To
run an LLM with limited GPU
memory, we can offload it to sec-
ondary storage and perform com-
putation part-by-part by partially loading it. On a typical
machine, there are three levels of the memory hierarchy, as
illustrated in the figure to the right. Higher levels are faster
but scarce, while lower levels are slower but abundant. In
throughput-oriented scenarios, we can sacrifice latency by
using a large batch size, and amortize the expensive I/O
operations among different memory hierarchies over a large
batch of inputs, overlapped with computation. Fig. 1 shows
the latency-throughput trade-off of three inference systems
with offloading on a single NVIDIA T4 (16 GB) GPU. Note
that the performance in terms of latency and throughput on
limited resources is significantly inferior to that of the cases
with sufficient resources.

Achieving high-throughput generative inference with lim-
ited GPU memory is challenging even if we can sacrifice
the latency. The first challenge is to design an efficient of-
floading strategy. During generative inference, there are
three kinds of tensors: weights, activations, and key-value
(KV) cache. The strategy should specify what tensors to of-
fload, where to offload them within the three-level memory
hierarchy, and when to offload them during inference. The
batch-by-batch, token-by-token, and layer-by-layer struc-
ture of the computation forms a complex dependency graph

where there are multiple ways to conduct computation. To-
gether, these choices form a complex design space. Existing
offloading-based inference systems (Aminabadi et al., 2022;
HuggingFace, 2022) inherit strategies from training, which
turn out to be some suboptimal points for inference, per-
forming excessive I/O and achieving throughput far below
theoretical hardware limits.

The second challenge is to develop effective compression
strategies. Previous works have demonstrated promising
results in compressing the weights and activations of LLMs.
However, when combining compression with offloading for
high-throughput inference, the I/O costs and memory reduc-
tion of the weights and KV cache become more important,
motivating alternative compression schemes.

To address these challenges, we present FlexGen, an of-
floading framework for high-throughput LLM inference.
FlexGen aggregates memory from the GPU, CPU, and disk,
and efficiently schedules I/O operations, along with possible
compression methods and distributed pipeline parallelism.

(Contribution 1) We formally define a search space of
possible offloading strategies by considering computation
schedule, tensor placement, and computation delegation.
We prove that our search space captures a computation
order with I/O complexity within 2→ of optimality. We
then develop a linear programming-based search algorithm
to optimize the throughput within the search space. This
algorithm can be configured for various hardware specifica-
tions and can be easily extended to incorporate latency and
throughput constraints, thus helping to navigate the trade-
off space smoothly. Compared with existing strategies, our
solution unifies the placement of weights, activations, and
the KV cache, enabling a dramatically higher batch size
upper bound, which is key to achieving high throughput.

(Contribution 2) We show that it is possible to compress
both the weights and KV cache for LLMs like OPT-175B to
4 bits without retraining or calibration, all with negligible
accuracy loss. This is achieved through fine-grained group-
wise quantization (Shen et al., 2020), which is suitable for
reducing I/O costs and memory usage during offloading.

(Contribution 3) We demonstrate the efficiency of FlexGen
by running OPT-175B on NVIDIA T4 (16GB) GPUs. Com-
pared to DeepSpeed Zero-Inference (Aminabadi et al.,
2022) and Hugging Face Accelerate (HuggingFace, 2022),
two state-of-the-art offloading-based inference systems,
FlexGen often allows a batch size that is orders of mag-
nitude larger. As a result, FlexGen can achieve much higher
throughputs. On a single T4 GPU with 208 GB CPU DRAM
and 1.5 TB SSD, input sequence length 512, and output se-
quence length 32:

• With the same latency of 5000 seconds, FlexGen (effec-
tive batch size 64, or 2048 tokens in total) can achieve

2
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Token 0 Token 1 Token 2
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batch

(a) Row-by-row schedule
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batch

block

(b) Zig-zag block schedule

Figure 3. Two different schedules. The red arrows denote the com-
putation order.

Algorithm 1 Block Schedule with Overlapping
for i = 1 to generation length do

for j = 1 to num layers do
// Compute a block with multiple GPU batches
for k = 1 to num GPU batches do

// Load the weight of the next layer
load weight(i, j + 1, k)
// Store the cache and activation of the prev batch
store activation(i, j, k → 1)
store cache(i, j, k → 1)
// Load the cache and activation of the next batch
load cache(i, j, k + 1)
load activation(i, j, k + 1)
// Compute this batch
compute(i, j, k)
// Synchronize all devices
synchronize()

end for
end for

end for

ever, we cannot traverse a column all the way to the end
because the activations and KV cache still need to be stored.
Hence, we have to stop when they fill the CPU and disk
memory. Taking all this into consideration, we converge to
a zig-zag block schedule, as shown in Fig. 3(b). Besides,
we propose another more advanced and I/O-optimal sched-
ule, but only implement the simpler block schedule due to
the practical implementation difficulty of the optimal one.
However, we prove that the block schedule is at most twice
worse than the optimal schedule in Appendix A.2.

Theorem 4.1. The I/O complexity of the zig-zag
block schedule is within 2→ of the optimal solution.

Another typical optimization is overlapping. We can overlap
the weights load of the next layer, cache/activation load of
the next batch, cache/activation store of the previous batch,
and the computation of the current batch. Adding overlap-
ping to the block schedule results in Algorithm 1. The first
six functions in the innermost loop can be seen as launched

in parallel with six logical threads because there are no de-
pendencies. The last function then synchronizes these six
logical threads. We rely on operating systems and CUDA
drivers to resolve the schedule of the underlying hardware
resources. As a conclusion, the algorithm introduces two
parameters into our search space: the GPU batch size and
the number of GPU batches in a block. The product of the
GPU batch size and the number of GPU batches is called
block size (or effective batch size).

Tensor placement. Besides compute schedule, a strategy
should specify how to store these tensors within the memory
hierarchy. We use three variables wg, wc, and wd to define
the percentages of weights stored on GPU, CPU, and disk
respectively. Similarly, we use three variables hg, hc, hd to
define the percentages of activations and use cg, cc, cd for
the KV cache. Given the percentages, there are still multiple
ways to partition the tensors. Taking weight tensors as an
example, from coarse grain to fine grain, we can partition
the weights at the model granularity (e.g., assign 50% of
the layers in a model to the GPU), at the layer granularity
(e.g., assign 50% of the tensors in a layer to the GPU), or
at the tensor granularity (e.g., assign 50% of the elements
in a tensor to the GPU). Coarser granularity leads to lower
runtime overhead but it is less flexible and its cost is difficult
to analyze. Considering both the runtime overhead and
desired flexibility, we use layer granularity for weights, and
tensor granularity for activations and the KV cache.

Computation delegation. While CPUs are much slower
than GPUs, we find using CPU compute can still be ben-
eficial in some cases. This is because the computation of
attention scores during decoding is I/O-bounded. Consider a
case where the KV cache is stored on the CPU. Computing
the attention scores on the GPU requires moving the entire
KV cache to the GPU, which incurs a substantial I/O cost as
the KV cache is huge. In contrast, computing the attention
score on the CPU does not require moving the KV cache. It
only requires moving the activations from the GPU to the
CPU. Quantitatively, let b be the GPU batch size, s be the
sequence length, and h1 be the hidden size. The size of the
moved KV cache is b→ s→h1 → 4 bytes, and the size of the
moved activation is b→h1→4 bytes, so computing attention
score on CPU reduces I/O by s→. For long sequences (e.g.,
s ↑ 512), it is better to compute the attention scores on the
CPU if the associated KV cache is not stored on the GPU.

4.3. Cost Model and Policy Search

The schedule and placement in Section 4.2 constructs a
search space with several parameters. Now we develop an
analytical cost model to estimate the execution time given
these algorithm parameters and hardware specifications.

Cost Model. The cost model predicts the latency during
prefill for one layer denoted as Tpre, and the averaged la-
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tency during decoding for one layer denoted as Tgen in one
block. The total latency for computing a block can then be
estimated as T = Tpre · l+ Tgen · (n→ 1) · l, where l is the
number of layers and n is the number of tokens to generate.

Assuming perfect overlapping, Tpre can be estimated as
Tpre = max(ctogp, gtocp, dtocp, ctodp, comp

p), where
ctog

p, gtocp, dtocp, ctodp, comp
p denote the latency of

read from CPU to GPU, write from GPU to CPU, read
from disk to CPU, write from CPU to disk, computation,
respectively, during prefill for one layer.

Similarly, Tgen can be estimated as Tgen =
max(ctogg, gtocg, dtocg, ctodg, comp

g), with ctog
g,

gtoc
g, dtocg, ctodg, comp

g denoting the latency of read
from CPU to GPU, write from GPU to CPU, read from disk
to CPU, write from CPU to disk, computation, respectively,
during decoding for one layer.

For I/O terms like dtoc
g , it is estimated by summing up the

I/O events, which contain weights, activations, and cache
reads. The size of FP16 weights for one transformer layer
is 8h2

1 + 4h1 · h2 bytes, with h1 denoting the hidden size,
and h2 denoting the hidden size of the second MLP layer.
Let bls be the block size and s be the prompt length; then
the size of activations for one layer is 2 · bls ·h1. The size of
the KV cache for one layer on average is 4 · bls · (s+ n

2 ) ·h1.
We have to load wd, hd, cd percent of weights, activations,
and the KV cache from the disk respectively so that the total
latency of disk read is dtoc

g = 1
disk to cpu bandwidth ((8h

2
1 +

4h1 · h2) ·wd+4 · bls · (s+ n

2 ) · h1 · cd+2 · bls · h1 · hd).

Similarly for computation terms, we sum up all computation
events, including matrix multiplications and batched matrix
multiplications on the CPU and the GPU.

Besides latency estimation, we also estimate the peak mem-
ory usage of the GPU, CPU, and disk, and then we add
memory constraints. The full cost model is in Appendix A.3.

Policy Search. A policy includes 11 variables: block size
bls, GPU batch size gbs, weight placement wg,wc, wd,
activation placement hg, hc, hd, and KV cache placement
cg, cc, cd. In practice, the percentage cannot be an arbitrary
real number between 0 and 1, because the tensor cannot
be split arbitrarily. However, we relax the percentage vari-
ables in the cost model to be any real number between 0
and 1 since it is changing gradually. We solve the problem
as a two-level optimization problem. We first enumerate a
few choices of (bls, gbs) tuple. Typically, gbs is a multi-
ple of 4, and bls is less than 20 so there are not too many
choices. Then with the fixed bls, gbs, finding the best place-
ment p = (wg,wc, wd, cg, cc, cd, hg, hc, hd) becomes a
linear programming problem shown in Eq. (1). The linear
programming problem can be solved very quickly because
there are only 9 variables. This formulation can also be
flexibly extended to include latency constraints and model

approximate methods such as compression.

min
p

T/bls

s.t. gpu peak memory < gpu mem capacity

cpu peak memory < cpu mem capacity

disk peak memory < disk mem capacity

wg + wc+ wd = 1
cg + cc+ cd = 1
hg + hc+ hd = 1

(1)

To use the cost model, we run profiling on the hardware to
sample some data points and fit the hardware parameters.
We then call the optimizer to get an offloading policy. Due to
our relaxation and the hardness of accurately modeling peak
memory usage (e.g., fragmentation), sometimes a strategy
from the policy search can run out of memory. In this case,
we manually adjust the policy slightly. The cost model can
usually return a good policy, but it is common that a better
policy can be obtained by tuning manually.

4.4. Extension to Multiple GPUs

We discuss how to extend the offloading strategy in FlexGen
if there are multiple GPUs. Although we can find a nearly
optimal strategy for one GPU, the strategy is still heavily
limited by I/O and has a low GPU utilization. If we are
given more GPUs and more CPUs, model parallelism can be
utilized to reduce the memory pressure of each GPU, which
can potentially lead to a super-linear scaling in decoding.

There are two kinds of model parallelisms: tensor and
pipeline parallelism (Narayanan et al., 2021; Zheng et al.,
2022). Tensor parallelism can reduce the single-query la-
tency but pipeline parallelism can achieve good scaling on
throughput due to its low communication costs. Since we
target throughput, FlexGen implements pipeline parallelism.

We use pipeline parallelism by equally partitioning an l-
layer LLM on m GPUs, and then the execution of all GPUs
follows the same pattern. The problem is reduced to run-
ning an n/m-layer transformer on one GPU. We can di-
rectly reuse the policy search developed for one GPU. To
achieve micro-batch pipelining, a new for-loop is added to
Algorithm 1 to combine the iteration-level pipeline parallel
execution schedule (Huang et al., 2019; Yu et al., 2022) with
our single-device offloading runtime.

5. Approximate Methods
The previous section focuses on the exact computation.
However, the inference throughput can be greatly boosted
with negligible accuracy loss by allowing some approxima-
tions, because LLMs are typically robust to careful approxi-
mations. This section introduces two such approximations:
group-wise quantization and sparse attention.
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Comparison with other frameworks

• Generation throughput (tokens/s) on NVIDIA T4 instances (16 GB)

• Intel Xeon CPU with 208 GB, SSD with 1.5 TB
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6.1. Offloading

Maximum throughput benchmark. We first evaluate the
maximum generation throughput the systems can achieve
with one GPU on two prompt lengths. As shown in Table 2,
FlexGen outperforms all baselines in all cases. On OPT-
6.7B, Accelerate and FlexGen can successfully fit the whole
model into a single GPU, so they choose to only use the
GPU. DeepSpeed has a higher memory overhead and cannot
fit OPT-6.7B into the GPU, so it uses slower CPU offload-
ing. On OPT-30B, all systems switch to CPU offloading.
DeepSpeed and Accelerate store the KV cache on the GPU,
so they cannot use a very large batch size, while FlexGen
offloads most weights and all KV cache to the CPU and en-
ables a larger GPU batch size. In addition, FlexGen reuses
the weights by block scheduling. On OPT-175B, all systems
start to offload the weights to the disk. Baseline systems can
only use a maximum batch size of 2, but FlexGen can use
a GPU batch size of 32 and a block size of 32→ 8, achiev-
ing a 69→ higher throughput. With compression enabled,
FlexGen achieves a 112→ higher generation throughput on
a single GPU for prompt sequence length 512. This huge
improvement is because FlexGen uses an effective batch
size of 144 and compresses the weights and KV cache to
fit into CPU memory to avoid slow disk swapping. More
details on the policy setups and effective batch sizes can
be found in Appendix A.4. More experiments on how disk
specification affects the throughput see Appendix A.4.

Table 3 shows the results on 4 machines, with one GPU on
each machine. OPT-30B or OPT-175B still cannot fit into
4 GPUs. Naively, we can run 4 independent FlexGen in
a data-parallel fashion to get a linear scaling on through-
put. But here we show that pipeline parallelism can achieve
super-linear scaling on decoding throughput. With pipeline
parallelism, the memory pressure of each machine is re-
duced so we can switch from small batch sizes to larger
batch sizes, or switch from disk offloading to CPU-only
offloading. In Table 3, FlexGen does not achieve linear
scaling on generation throughput (which counts both prefill
and decoding time costs). This is because there are pipeline
bubbles during the prefill stage and our workload settings
only generate 32 tokens. However, FlexGen achieves super-
linear scaling on decoding throughput (which only counts
decoding time costs assuming the prefill is done). This
means if we generate more tokens, pipeline parallelism will
show its benefits as decoding time will dominate.

Latency-throughput trade-off. We configure these sys-
tems to achieve maximum throughput under various la-
tency constraints and draw their latency-throughput trade-
off curves in Fig. 1. FlexGen sets a new Pareto-optimal
frontier that significantly outperforms baselines. On the
low-latency side, FlexGen supports partial offloading and
uses more space for weights. On the high-throughput side,

Table 2. Generation throughput (token/s) of different systems. Ac-
celerate, DeepSpeed, and FlexGen use 1 GPU. Petals uses 1 GPU
for OPT-6.7B, 4 GPUs for OPT-30B, and 24 GPUs for OPT-175B,
but reports per-GPU throughput. We benchmark Petals under a
good network assumption with a delay of less than 10ms and band-
width of 1 Gbps. The models are run in INT8 as the default for
Petals. See Section 6.3 for more details about Petals. FlexGen is
our system without compression; FlexGen (c) uses 4-bit compres-
sion. “OOM” means out-of-memory.

Seq. length 512 1024

Model size 6.7B 30B 175B 6.7B 30B 175B

Accelerate 25.12 0.62 0.01 13.01 0.31 0.01
DeepSpeed 9.28 0.60 0.01 4.59 0.29 OOM
Petals 8.25 2.84 0.08 6.56 1.51 0.06
FlexGen 25.26 7.32 0.69 13.72 3.50 0.35

FlexGen (c) 29.12 8.70 1.12 13.18 3.98 0.42

Table 3. The scaling performance on 4 GPUs. The prompt se-
quence length is 512. The number of GPUs is denoted in the
parenthesis. Generation throughput (token/s) counts the time cost
of both prefill and decoding while decoding throughput only counts
the time cost of decoding assuming prefill is done.

Metric Generation Throughput Decoding Throughput

Model size 6.7B 30B 175B 6.7B 30B 175B

FlexGen (1) 25.26 7.32 0.69 38.28 11.52 0.83
FlexGen (4) 201.12 23.61 2.33 764.65 48.94 3.86
DeepSpeed (4) 50.00 6.40 0.05 50.20 6.40 0.05

FlexGen aggressively offloads all things out of the GPU
to achieve a large GPU batch size and block size. Given
the same latency requirement of 5000 seconds, FlexGen
without compression can achieve a 40→ higher through-
put compared to DeepSpeed and Accelerate. If allowing a
higher latency and compression, FlexGen can further boost
throughput and reach a 100→ improvement by using an ef-
fective batch size of 144. In this case, compression enables
FlexGen to fit all things in the CPU memory and avoid disk
I/O. The detailed latency, throughput, and policy setup can
be found in Appendix A.4.

Runtime breakdown. We shows the runtime breakdown
of OPT-175B on FlexGen in Table 8 in Appendix A.4. We
disable overlapping and profile the time used for major
components. The GPU compute utilization is 82% and 13%
for prefill and decoding, respectively.

Ablation study. We then isolate the improvement brought
by each individual technique. Table 4 lists the throughput
FlexGen can achieve if disabling one technique at a time.
On OPT-30B, with all optimizations enabled, we put 20%
weights on GPU, 80% weights on CPU, and all activations
and KV cache to CPU. We also choose a GPU batch size of
48 and a block size of 48→ 3. “No policy search” illustrates
the performance of worse strategies, showing the importance
of a good policy. On both models, using CPU compute
and overlapping brings non-trivial improvement. We also
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