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Abstract—Segregated Fit and Two-Level Segregated Fit are two
common dynamic memory allocation algorithms used in real-time
systems, due to their constant-time allocation and deallocation of
memory.

We pose a model where these allocation algorithms run on a
host system but manage device memory. This model is exemplified
in accelerated applications without unified memory that copy
data in and out of device memory before and after a kernel
call. Managing device memory from the host device incurs the
following constraint: the allocator can’t read the memory it is
managing. This means we are unable to use boundary tags, which
is a concept that has been ubiquitous in nearly every allocation
algorithm, including segregated fit and two-level segregated fit.
In this paper, we propose alternate designs to work around this
constraint, and discuss in general the implications of this system
model.

Index Terms—GPU, FPGA, hardware acceleration, heteroge-
neous computing, memory management

I. INTRODUCTION

This paper concerns itself with real-time dynamic memory
management, i.e., algorithms to manage a heap of memory that
clients can request and free blocks from at any time, and do so
in O(1) time. The field of dynamic memory management could
be said to have been started by Knuth [1]. Some 30 years of
progress is well summarized by Wilson and Johnstone [2][3] in
their comprehensive survey. Since then, further improvements
have been made [4][5][6][7], but overall the subject can be
considered to be highly mature.

Most existing memory management algorithms include
metadata as headers or footers within allocated blocks. In
contrast, our system model assumes that the allocator is
running on a host system, managing device memory. This may
occur, for example, if part of a computation is offloaded to
a GPU or FPGA device while the rest of the computation
runs on a multicore processor. This in turn implies that the
compute device cannot (conveniently and efficiently) access
the memory it manages. Therefore, any data needed by the
allocation algorithm cannot be stored in its allocated blocks.

We motivate this system model by considering the usecases
surrounding how device memory is managed. In the current
state of the art, memory allocation/deallocation is either done
on the peripheral compute device in often proprietary device
drivers. This causes memory allocators to be treated as a fixed
black box.

However, different applications may have differing needs
to manage their memory. The most optimal allocator may

be high performant, real-time constrained, or have domain-
specific characteristics catering to the application. Fixing the
allocator choice in proprietary drivers and hardware denies
developers the choice to optimize this aspect of their program
through selective mapping of portions of the application and
its supporting libraries to different computational devices. Ex-
amples of such applications include drone cinematography [8]
and real-time hybrid simulation experiments in earthquake
engineering [9].

For our work, we assume that existing hardware and drivers
are used to allocate arbitrarily large blocks of memory, but
finer-grained memory allocation is then done in userspace
by the host machine. As was mentioned previously, these
allocators are constrained by the inability to read the memory
they are managing and cannot store metadata in allocated
blocks. We present alternative algorithms that overcome this
constraint.

In Section II, we propose alternative measures to overcome
this constraint of being unable to read managed memory.
In Section III, we present our updated alternative allocation
algorithms. We compare the performance of one of our algo-
rithms to the default CUDA memory allocation functions in
Section IV. Finally, we conclude in Section V with thoughts
on implementations and usecases for this work.

II. ALTERNATIVES TO FREE LISTS

Our paper explores a model in which device memory is
managed from the host. This prevents the allocator from read-
ing the memory being managed, which creates a new challenge
not present in traditional memory allocation schemes. We
cannot use boundary tags, a standard approach that was first
mentioned by Knuth [1].

The traditional usage of boundary tags is illustrated in
Figure 1. A free list is formed by a linked list of blocks that
are available for reuse. The header points to the next element
in the free list, and the footer points to the header of the
same block, which enables coalescence between two adjacent
blocks in O(1) time. After a block is freed, one can subtract
the footer size from the block’s address to obtain the address
of the header of the prior block. From there, one can check if
that prior block is in the free list, and if so, the two will be
coalesced. The next block in the free list can also be checked
to see if it’s adjacent in memory, possibly coalescing a total
of three blocks.



Fig. 1: Demonstration of Boundary Tags

A. Hash Tables

The strategy we propose is to use a hashtable, keyed by
device memory address, to store all the information typically
found in the header and footer of an allocated block.

The traditional algorithms for free-list traversal and coales-
cence operation would need to be modified to accommodate
an extra step to lookup data in the hashtable. Additionally, the
in-use blocks would also need to be tracked in the hashtable as
well, as they also have necessary information in their header
and footer.

With the use of hash tables, we aim to achieve O(1)
allocation and deallocation, so co-mingling free and in-use
blocks will not be a major performance concern.

The key for the hash table is the address of a block. The
value contains i) the block size, ii) the address of the next
block in a free list, iii) the address of a previous block in
a free list, iv) the address of the previous block adjacent in
address space. Thus we can create, in effect, free lists that span
across a hash table. The ability to easily maintain multiple free
lists is useful for segregated fit algorithms.

The primary downside of this approach is the overhead.
Each entry contains 6 words (the key, block size, two refer-
ences for a doubly linked list, one reference for a prior adjacent
block, and a reference for a separate list linking collisions in
the hash table). This means that in the worst case scenario,
minimum allocation size of one word, the overhead is ∼ 83%.
This is comparable to the worst case overhead of 80% seen in
doubly linked free lists in conventional host-only algorithms.
However, we only recommend this approach for applications
with a fewer small allocations, such as those with a larger
minimum block size, or any applications for which segregated
fit algorithms are applicable.

B. Bitmasks

One way to minimize overhead is through the use of
bitmasks. In this approach, device memory is divided equal-
sized chunks, and the only overhead is a single bit in host
memory to indicate whether that block is free or not. If we
consider an allocation size lower bound of 8 bytes to be the

worst case scenario, this creates an overhead of only 1.5%
(one bit for 8 bytes). That produces 16MB of overhead for a
gigabyte of device memory.

Allocation is done by finding a contiguous string of set bits
in the bitmask corresponding to the desired size. For example,
to allocate 1kB of memory, it is necessary to find a string of
128 bits that are all ones, incurring an O(n) cost for allocation,
on the order of the address space size. The clz and ffs
hardware instructions can be used to accelerate a bitsearch
such as this.

All these bits must then be set to zero to indicate their
corresponding blocks are in use. When the block is freed,
they are all returned to ones (coalescence is implicit here).
This means allocation and deallocation operations also incur
an O(s) cost, on the order of the block size.

Bitmasks have low overhead and relatively high time com-
plexity on the order of allocation size. Because of the low
overhead, a potential use-case is to use bitmasks to manage
a pool of small memory chunks, either of the same size (as
in an object pool) or commingled varying sizes, as described
above.

In order to achieve the real-time O(1) allocation and
deallocation, the size of the bitmask must be bounded. For
instance, a clz and ffs can search a 64-bit string in a single
operation. This feature is also used in segregated fit algorithms
that maintain multiple free-lists of different size classes. The
bitmask serves as an availability mask to indicate which free-
lists are non-empty.

III. SEGREGATION ALGORITHMS

A. Segregated Fit

In segregated fit, multiple free lists are maintained in size
buckets for different powers of 2. Given a requested size to
allocate, it is rounded up to the nearest order of magnitude, and
then the first block from that list is selected. This means (as-
suming no empty free lists) the selected block may be nearly
4x larger than the requested size, causing 75% fragmentation,
as discussed in prior literature [2] [3].

All lists are initialized pointing at a null block: an invalid
block in the hashtable is meant to indicate the end of a free
list. Accompanying this array of lists is an availability bitmap
that can indicate which lists are non-empty. If the free list for
a desired size class is empty, the next eligible list can be found
by using the find-first-set (ffs) bit operation on the bitmap.

Our implementation stores the free lists in a hashtable, as
discussed in Section II-A. Algorithm 1 and 2 show pseudocode
for allocation and deallocation, respectively.

B. Two-Level Segregated Fit for Device Memory

Two-Level Segregated Fit[10][11][6] (TLSF) is a real-time
dynamic memory allocation algorithm. Its primary benefits are
reduced fragmentation and O(1) allocation and deallocation. It
is an extension of segregated fit, dividing class sizes not only
logarithmically, but also linearly, in a two-tiered system.

The allocation and deallocation steps are functionally the
same, except the lookup step requires consulting 2 bitmasks.



Algorithm 1: Allocate memory in segregated fit
Data: free lists, bitmask, hashtable, size ≥ 0
▷ Find available free list large enough to accommodate
requested bins← 1≪ ceil(log2(size));
order ← ffs(requested bins);

▷ Lookup head of candidate list in hashtable
it = ht[free lists[order]];
free lists[order]← it.next free;
it.free = False;

▷ Split off surplus portion of block
if size < it.size then

new block.size← it.size− size;
new block.free← True;
new block.addr ← it.addr + size;
new block.prev adj ← it.addr;
new block.prev ← 0;
it.size← size;

▷ Place new block at head of free list in its size
class bin idx← floor(log2(new block.size));
new block.next = free lists[bin idx];
new block.prev = 0;
ht[new block.next].prev = new block.addr;
free lists[bin idx] = new block.addr;
bitmask ← bitmask | (1≪ binidx);
ht[new block.addr+new block.size].prev adj ←
new block.addr;

▷ Insert into the hashtable
ht[new block.addr] = new block;

ht[it.addr] = it;
return it.addr;

One is logarithmic and functions just as detailed in Algorithm
1 and Algorithm 2. TLSF differs in that this points at another
bitmask which subdivides the space linearly, as illustrated in
Figure 2. This tier then points to a free list of blocks in that
size class. If the free list is non-empty the linear bitmask will
have a corresponding 1 set. If the linear bitmask is non-zero,
then the logarithmic bitmask will have a corresponding 1 set.

Free list manipulations are done the same way as in segre-
gated fit, so Algorithms 1 and 2 only need to be modified
to account for this two-tiered lookup process and bitmask
manipulation.

C. Hybrid Allocators and Object Buffers

Hybrid approaches may also be employed, using object
buffers to manage object pools for allocations smaller than
a page (<4kB), and segregated lists for larger allocations.

Object pools allow for the efficient management of vast
amounts of small allocations, but are not a practical approach
for larger allocations. A hybrid approach can permit the
benefits of both approaches.

It is important to consider the practical use of such a hybrid
approach in this context. A host-based allocator for device
memory is unlikely to allocate large numbers of small objects,

Algorithm 2: Deallocate memory in segregated fit
Data: free lists, bitmask, hashtable, addr ≥ 0
it← ht[addr];
left← ht[it.prev adj];
right← ht[it.addr + it.size];
if left.free then

if right.free then
▷ Coalesce all 3, erase it and right

left.size+ = it.size+ right.size;
ht[right.addr + right.size].prev adj ←
left.addr;

▷ Update bitmask
if right.prev = right.next then

unset bit← 2floor(log2(right.size));
bitmask ← bitmask & ¬unset bit;

remove(right);
else

▷ Coalesce left block, erase it
left.size+ = it.size;
right.prev adj ← left.addr;

if it.prev free = it.next free then
unset bit← 2ceil(log2(it.size));
bitmask ← bitmask & ¬unset bit;

remove(it);
it = left;

else if right.free then
▷ Coalesce right block

it.size+ = right.size;
ht[right.addr + right.size].prev adj ← it.addr;

▷ Update bitmask
if right.prev = right.next then

unset bit← 2floor(log2(right.size));
bitmask ← bitmask & ¬unset bit;

remove(right);
▷ Put coalesced block in free list in its size class

bin idx← floor(log2(it.size));
it.next = free lists[bin idx];
ht[it.next].prev = it.addr;
it.prev = 0;
free lists[bin idx] = it.addr;
it.free = True;
ht[it.addr] = it;
bitmask ← bitmask | 2bin idx;

but rather large memory blocks that are passed to a kernel
call for a hardware-accelerated device. If small allocations
are created, they would be intermediary memory allocated by
device code, likely using a SIMD allocator such as XMalloc[5]
or ScatterAlloc[7]. These allocators are designed to handle
many allocation requests in parallel without the need for locks,
a usecase that doesn’t apply to the host-based model we have
presented in our paper.

So, our usecase would be best served by limiting the
smallest granularity to a medium sized value, such as 4kB,



Fig. 2: TLSF Data Structure[11]

and exclusively using a segregated fit algorithm.

IV. EVALUATION

To evaluate, we wrote an implementation of Algorithms 1
and 2. We make use of CUDA driver calls to perform initial
allocation of physical memory when the memory pool doesn’t
have an adequate candidate block. After mapping the memory
into virtual address space, it is treated as a contiguous and
fungible memory pool. When a process terminates, all physical
blocks are unmapped.

We compare our work to the default CUDA allocator.
We adapted the malloc-large benchmark from the MiMalloc
benchmark suite[12] to use an implementation of our seg-
regated fit algorithm. This algorithm randomly allocates and
frees blocks 1kB and 16MB in size, several thousand times.

As a baseline, we also ran the benchmark with ordinary
calls to cudaMalloc and cudaFree. The order and size of the
malloc and free operations was consistent between our work
and the baseline. Latency comparisons between the two are
shown in Figure 3.

Our work outperforms the default CUDA allocator by 2
orders of magnitude. There are some outliers during program
initialization where the segregated fit malloc can take upwards
of 2ms, but these disappear as the program settles into a steady
state.

We measure fragmentation in our experiments (Figure 4) by
tracking not only the memory in use by the benchmark, but
also the physical device memory provisioned to the benchmark
process. In our segregated fit allocator, we observe a roughly
50% fragmentation ratio. This is consistent with prior work[2]
on segregated fit. A Two-Level Segregated Fit allocator would
see improved fragmentation[6].

V. CONCLUSION

We note that prior work on dynamic memory allocation
relies on free lists and boundary tags. We’ve posed a hetero-
geneous system model where memory is stored on one device

Fig. 3: Latency of malloc and free

Fig. 4: Memory usage during benchmark

and managed from another. After observing that existing al-
gorithms are no longer applicable, we’ve provided alternatives
to free lists and updated versions of classic sequential and
segregated fit algorithms.

An implementation of our segregated fit algorithm was
tested against conventional calls to cudaMalloc and cudaFree.
It was found that, after a warmup period, our work consistently
outperformed the CUDA calls by two orders of magnitude.
This is mainly due to its implicit and efficient memory
recycling.

We do not claim to outperform established GPU allocators
[13] at scale, nor to address their highly parallelized use-
cases. However, in specific circumstances where kernels are
not expected to allocate memory and diverse accelerated com-
putation is combined into a large heterogeneous application,
performance benefits can be achieved by managing memory
on the host. It is unnecessary to invoke device calls to free
memory, and instead it can be dynamically recycled.
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