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Abstract

Contrastive loss is a powerful approach for representation
learning, where larger batch sizes enhance performance
by providing more negative samples to better distinguish
between similar and dissimilar data. However, the full
instantiation of the similarity matrix demands substantial
GPU memory, making large batch training highly resource-
intensive. To address this, we propose a tile-based compu-
tation strategy that partitions the contrastive loss calcula-
tion into small blocks, avoiding full materialization of the
similarity matrix. Additionally, we introduce a multi-level
tiling implementation to leverage the hierarchical structure
of distributed systems, using ring-based communication at
the GPU level to optimize synchronization and fused ker-
nels at the CUDA core level to reduce I/0 overhead. Exper-
imental results show that the proposed method significantly
reduces GPU memory usage in contrastive loss. For in-
stance, it enables contrastive training of a CLIP-ViT-L/14
model with a batch size of 4M using only 8§ A800 80GB
GPUs, without sacrificing accuracy. Compared to state-of-
the-art memory-efficient solutions, it achieves a two-order-
of-magnitude reduction in memory while maintaining com-
parable speed. The code will be made publicly available.'

1. Introduction

Contrastive learning serves as a foundational technique
across various applications, such as multi-modality re-
trieval [12, 21, 25], self-supervised learning [3, 11, 14], and
dense text retrieval [33]. It learns an embedding space in
which similar data pairs stay close while dissimilar ones are
far apart [13, 23, 34]. Large batch sizes are critical to the
success of contrastive learning due to their reliance on in-
batch negatives [3, 25]. Specifically, larger batches provide
a diverse set of negative samples, enhancing the model’s
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Figure 1. GPU memory usage comparison between Inf-CL and
previous methods. The dashed line marks the common GPU mem-
ory limit. Results exceeding the bottleneck are estimated by curve
fitting. With 8 X A800, CLIP and OpenCLIP’s memory consump-
tion increases quadratically, while Inf-CL achieves linear growth,
reducing memory costs by 78 x at a batch size of 256k.

ability to learn discriminative representations [24].

Despite the potential benefits of large batch sizes in con-
trastive learning, training with large batches remains a sig-
nificant challenge under constrained GPU memory. The
memory required to compute and store image-text similarity
matrices (Figure 1) grows quadratically with batch size, cre-
ating substantial barriers to scalability. This issue severely
limits the practical adoption of large batch sizes, even when
advanced hardware is available. To address this challenge,
several methods have been proposed to reduce memory us-
age. Gradient-Cache [10] reduces memory usage by decou-
pling model and loss computations, but the memory cost of
the loss still poses a significant bottleneck. OpenCLIP [16]
and DisCo-CLIP [6] enhance efficiency by distributing con-
trastive loss computation across n GPUs, reducing memory
consumption by a factor of n. However, even with these ad-
vancements, the memory cost of calculating contrastive loss
remains substantial, requiring necessitating numerous ex-
pensive high-memory GPUs to support training (Figure 1).

In this paper, we introduce Inf-CL, a novel approach
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Figure 2. (a) Vanilla implementation of contrastive loss gathers features to all devices to calculate all similarity simultaneously, where
the similarity with squared complexity are repeatedly stored in all devices, causing huge memory costs for loss calculation when batch size
increases. (b) Our Inf-CL significant decreases the memory cost by serial and distributed tile-wise computation.

to mitigate the quadratic memory cost in contrastive learn-
ing, which is caused by the full instantiation of the simi-
larity matrix for log-sum-exp (LSE) computation. Instead
of storing the entire matrix, Inf-CL partitions the LSE cal-
culation into smaller, sequentially computed tiles, leverag-
ing the cumulative property of LSE. This confines memory
usage to the tile size and the number of parallel tiles, al-
lowing for a trade-off between memory and computational
efficiency. To enhance practical efficiency, we propose a
multi-level tiling strategy. At a coarse-grained level, image
and text batches are distributed across multiple GPUs, with
each GPU performing serial LSE computations on multi-
ple rows. As computations proceed, asynchronous column-
wise data exchange minimizes communication overhead, as
illustrated in Figure 2(b). At a fine-grained level, row-wise
computations are parallelized across CUDA cores within
each GPU, consolidating iterations into a single kernel to re-
duce I/O overhead. The multi-level tiling strategy is crucial
to achieving practical scalability and efficiency, balancing
memory reduction with computation speed.

We evaluate Inf-CL on the image-text contrastive learn-
ing task. As shown in Figure 1, Inf-CL reduces space com-
plexity from quadratic (e.g., O(b?) for CLIP, O(b?/n) for
OpenCLIP) to linear (O(b/n?) for Inf-CL), where b and n
are the batch size and the number of GPUs. This substan-
tial reduction in memory usage allows training with large
batch sizes when resources are limited. For instance, com-
puting the contrastive loss with a batch size of 256k on 8
GPUs requires only 1.63 GB of memory per GPU—an im-
pressive 78x improvement over previous methods. More-
over, Inf-CL maintains precision consistent with existing
approaches. In terms of computation time, Inf-CL matches
the performance of prior methods, taking approximately 59
hours to process a 64k batch size on 8§ A800 GPUs.

2. Related Work

Contrastive Learning: The core idea of contrastive learn-
ing is to learn better representations by distinguishing be-
tween positive and negative pairs of samples [4, 31]. This
approach demonstrates strong effectiveness across diverse
tasks, as the nature of the paired samples varies depend-
ing on the specific application. In image foundation mod-
els, such as SIimCLR [3] and MoCo [14], positive pairs are
created by augmenting the same image in different ways.
For cross-modal retrieval, as exemplified by CLIP [25]
and ALIGN [17], the positive pairs consist of aligned
image and text samples. Similarly, for dense text re-
trieval [18, 33, 39], the positive pairs are composed of query
and document pairs. Several works improve contrastive
learning performance by enhancing dataset quality, modi-
fying the loss function, or refining negative sample selec-
tion [32, 38, 40]. Moreover, several studies, both empirical
and theoretical, have demonstrated from various perspec-
tives that larger batch sizes contribute to learning better rep-
resentations [2, 27]. Due to the quadratic growth of memory
usage with batch size in classical contrastive loss, most ex-
isting studies have stopped scaling their batch sizes to 128k,
even when leveraging hundreds of GPUs [17, 25, 35].

Memory-efficient Training: As deep learning models con-
tinue to grow in size and complexity, the demand for com-
putational resources, particularly GPU memory, has in-
creased significantly. Techniques such as Gradient Check-
pointing [30] recompute activations during backpropaga-
tion to save memory at the expense of additional computa-
tion. Flash Attention [7] reduces memory overhead by com-
puting attention in blocks without storing large intermediate
states. Ring Attention [20] distributes long sequence ac-
tivations across multiple devices, overlapping computation
and communication to train sequences far longer than previ-
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ous methods. For contrastive learning, GradCache [10] and
BASIC [24] introduce a gradient caching technique that de-
couples backpropagation between contrastive loss and the
encoder, which reduces memory usage in the model by ac-
cumulating gradients per batch. OpenCLIP [16] and DisCo-
CLIP [6] reduce memory usage by distributing the compu-
tation of contrastive loss across multiple GPUs.

3. Preliminaries

3.1. Distributed training system

Cross-GPU Communication: Modern deep learning mod-
els are typically trained using multiple GPUs. However,
communication overhead between GPUs can limit perfor-
mance. Techniques like hierarchical all-reduce and ring-
based communication alleviate such overhead by optimiz-
ing synchronization between GPUs [20]. Blockwise par-
allelism, as employed in methods like ring attention [20],
further improves efficiency by overlapping computation and
communication.

GPU Memory and Execution: The performance of mod-
ern deep learning models relies heavily on hardware re-
sources, particularly GPU memory and execution capa-
bilities. GPUs, like A100s, typically have two different
types of memory: HBM (High Bandwidth Memory) and
SRAM (Static Random Access Memory). HBM serves
as the primary memory with a capacity of up to 80GB.
In contrast, SRAM is much smaller (usually measured in
megabytes) but offers a significantly faster access speed,
acting as a vital cache for frequently accessed data and
enabling rapid computations. Techniques like FlashAtten-
tion [7] show that fine-grained control over the memory ac-
cess of HBM and the fuse the operations can achieve faster
training and less memory usage.

3.2. Vanilla Implementation of Contrastive Loss

In contrastive loss, the objective is to learn an embed-
ding space where similar samples (positive pairs) are pulled
closer, while dissimilar samples (negative pairs) are pushed
away. A typical implementation, exemplified by CLIP [25],
is depicted in Figure 2. The image and text encoders are
trained with contrastive loss after extracting features. For
brevity, we only discuss image-to-text contrastive loss as an
example in the following sections, since the implementa-
tion of text-to-image loss is symmetric. Specifically, given
a batch size of b, the in-batch c-dimensional visual feature
I € Rb*¢ and textual feature T € R®*¢, the contrastive
loss is defined as

1 erii
LI:f@ZIOgbi,’ (1)

where z; ; = I, - T} is the scaled cosine similarity between
the i-th image and j-th text, and z; ; represents the positive

pair. Here, we omitted the temperature factor for simplicity.

The vanilla implementation first computes the similar-
ity matrix X € RY*® = I . T’ and stores it in high-
bandwidth memory (HBM). Afterward, softmax normaliza-
tion followed by the calculation of negative log-likelihood
is applied to the similarity matrix. The memory required to
store X and its normalized results scales as O(b?), which
can occupy a substantial amount of GPU memory when b
is large. Figure 2 gives an example of training ViT-B/16
with a batch size of 64k, using model memory optimiza-
tion techniques such as Gradient Cache [10, 24]. As can be
seen, the GPU memory footprint of the model itself is only
5.24GB while the loss calculation still requires 66GB. This
indicates that, with batch size scaling, the memory bottle-
neck during training lies in the loss calculation. Although
large batch sizes are necessary for improving model perfor-
mance [2, 27], the traditional implementation struggles to
support them due to excessive memory consumption in the
loss calculation.

4. Method

4.1. Tile-wise Contrastive Learning

As discussed in Section 3.2, the root cause of the quadratic
memory growth in the vanilla implementation is the full ma-
terialization of the similarity matrix X. To decrease the
memory cost, we first decompose the operations related to
X from the loss function:

1 b b

Lr= ey (Tii — logzexi’j)
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where the spatial complexity of the first part is O(b), and
O(b?) for the second log-sum-exp (LSE) part. Based on
this formulation, we introduce a tile-wise contrastive loss
implementation that avoids the full instantiation of X by it-
erative accumulation between tiles. The following sections
provide detailed formulation for forward and backward.

(@)

Tile-Wise Forward. To reduce the dependency on storing
X entirely, we adopt a tile-wise approach for calculating I.
The process is show as below:

Xl,l ){1,nC ll,l ll,nc

Xl X rane [l [T

Tiled computation of X Merged serially via Eq. 4

3)
where n, and n. represent the number of tiles along the
rows and columns, respectively. The computation proceeds
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Figure 3. Multi-level tiling strategy. Top: for cross-GPU tiling, each GPU is assigned with multiple rows. The computation and the
column-wise communication are performed asynchronously to reduce the cost. Bottom: for in-GPU tiling, the calculations in each GPU
are further divided into tiles and the row-wise calculation is distributed to multiple CUDA cores. The accumulative operations of each row
are merged into one kernel for reducing I/O times between SRAM and HBM.

by dividing X into multiple tiles, denoted as X/, and then
calculating the intermediate LSE values 17 = LSE(X%7)
within each tile. The resulting LSE values from each col-
umn of tiles are then merged serially along the rows to ob-
tain the final global LSE vector [.

To prevent overflow during the merging process, the fol-
lowing numerically stable operation is performed:

Y i=1 0 ne @)

where the initial value of I* is 0. In each iteration, the in-
termediate value I°~/ is merged with I?, and after processing
all n, tiles, the global LSE vector [ is obtained.

During the computation of LSE(X*7), direct exponen-
tiation can lead to numerical overflow. To address this, we
compute "7 using the following stabilized formulation:

1 = logE:eXi”z =
k

This vector acts as a normalization factor, ensuring that the
values inside the exponential function remain numerically
stable. where m®/ = max;, X 7 is the row-wise maxi-
mum, which acts as a normalization factor for ensuring the
numerically stable of the exponential function.

This tile-wise approach significantly reduces the mem-
ory requirement by allowing each GPU to compute and
store only a subset of the similarity matrix at any given time,
rather than the entire b X b matrix. Additionally, this method
facilitates scaling to larger batch sizes by enabling parallel
computation of the tiles on multiple GPUs or across differ-
ent nodes in a distributed system.

U« 1" +log(1+ el

mi’j—i—logZeX:iflz_mi‘j’ )
k

Tile-Wise Backward. According to the chain rule, the gra-
dients w.r.t. I; and T); are

oL 0Ly al’z,g
or; Z 0x;

i

(6)

851 BEI 31‘173
5T Z O0x; j

Taking the gradients w.rt. I; as an example, according to
Equation 2, the complete formulation is

8£1 1 8[11 8[1 83%"]‘

1 xi =l
:_E.Ti—kgzj:e gl

From the formula, it can be seen that the second term re-
quires the similarities x; ; with O(b*) memory for whether
storing it in the forward process or computing it directly in
the backward process. To tackle this, we apply the sim-
ilar tile-based method as the forward process to compute
the gradient. Specifically, we first store I, which has only
b elements during forward propagation, and calculate the
gradient w.z.¢ I; by iterative accumulation in multiple tiles:

(7

I I 4eviih L j=1,...,nc
0L 1 3

= -T; I’
oI, — b + b

where I is a temporary variable for accumulation. The de-
tailed algorithm is shown in Appendix.
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Algorithm 1 Forward Process of Multi-level Tile-Wise Global LSE Calculation

Require: Number of GPUs n, in-memory visual features and textual features I LT e Rb=*¢ for each GPU.

1: for counter =1 ton do
Update LSE:

Each GPU computes the local LSE vector via Algorithm 2 with in-memory features I*, T".

Asynchronously Communication:

Each GPU sends the in-memory textual feature to the next GPU in the ring.
Each GPU receives the textual feature from the previous GPU in the ring.

2
3
4: Each GPU updates the LSE vector via Equation 4.
5
6
7

8: end for
9: Return the final LSE vector [; for each GPU .

Algorithm 2 Forward Process of In-GPU LSE Calculation

Require: Visual features: I € R%+*¢ and textual features:
T ¢ Rb:*¢ the row-wise and column-wise size of a
tile: ¢, and ¢..

I: Divide I into I, where i = 1,2, ..., 7,.

2: Divide T into TY, where j = 1,2, ..., ..

3. parallel for each I’ do

4. Load I' from HBM to on-chip SRAM.

5. Initialize I’ = 0 € RPr.

6: forj=1ton,do

7 Load T from HBM to on-chip SRAM.

8 On chip, compute X/ = It . TJ" ¢ Rir*¥te,

9 On chip, calculate 1% based on Equation 5.

10: On chip, update LSE 17 based on Equation 4.

11:  end for

12:  Write I* to HBM.

13: end parallel for

14: Return I.

4.2. Multi-Level Tiling

The scaling of batch size is usually accompanied by the
scaling of the number of GPUs. In order to fully uti-
lize the parallelism between multiple GPUs while exploit-
ing partially serial computation on a single GPU to reduce
the memory cost, we propose a multi-level tiling method
that distributes the above LSE calculation to coarse-grained
cross-GPU tiles and fine-grained in-GPU tiles.

Cross-GPU Tile. As shown in Algorithm 1, in data par-
allel training with n. GPUs, the i-th GPU first processes a
portion of images and texts to visual features I° € RPs*¢
and textual features T? € Rb=*¢ where b, = b/n is the
batch size in one GPU. Then for the calculation of the con-
trastive loss, we distribute computations of different rows
to different GPUs and synchronize the columns between
GPUs step-by-step, considering the row-wise characteris-
tic. Specifically, the i-th GPU is responsible for calculating
X and the corresponding I*. For memory considerations,
based on the tiling strategy described in Section 4.1 where

only one tile X%/ is computed at a time, X is further
divided into X% for n step to calculate I’ following Equa-
tion 4, where the local LSE 1% is calculated by in-gpu tiling
as described in the next part.

Moreover, since the computation of X/ while i # j
requires the textual feature T7 stored in other GPUs, addi-
tional communication overhead is inevitable, especially as
the number of GPUs grows. In order to reduce or even elim-
inate the communication overhead, we associate all GPUs
with a ring topology, based on the idea of overlapping com-
munication time and computation time overlap as much as
possible. Concretely, starting with T, each GPU process
sends the current textual features to the next process and re-
ceives the textual features from the previous process using
the ring topology while computing Equation 4. In this way,
the communication time cost is negligible when it is greater
than the computation time overhead.

In-GPU Tile. With the cross-GPU tiling technique, the
memory complexity becomes O(b?) for directly storing
X I where bs = b/n. Since the number of GPU n is some-
how limited, we further introduce in-GPU tiling to reduce
the O(b?) memory cost to O(bs). Specifically, we first split
X = X% into tiles:

X =[X"],i=1,... 0 j=1,...,0, ()

where N, = [b/t,| and 7. = [b/t.]| and t, and t. is the
row-wise and column-wise size of a tile. For implementa-
tion, we distribute rows to multiple CUDA cores to make
full use of the parallel computing power of GPU, and serial
process the row-wise tiles in each kernel by applying Equa-
tion 5 and Equation 4 to X7, as shown in Algorithm 2.

The iterative computation requires multiple memory ac-
cess for variable I°. To avoid expensive 1/0O from HBM to
SRAM, we fuse the row-wise iterative calculation into one
kernel. Specifically, I’ and X %7 are allocated in SRAM. In
this way, the image features are loaded to SRAM only once
at beginning, and 1% is written to HBM only once in the end,
as shown in Figure 3.
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Model Loss (Peak) Memory Cost (GB)
32k 64k 128k | 256k | 1024k
8% A800 (~ 8 x 80GB)
CLIP 16.68 (26.33) 66.13 (75.58) X X X
OpenCLIP / Disco-CLIP 229 (23.56) 8.67 (26.89) 33.73 (62.37) X X
Inf-CL 0.21 (24.09) 0.41 (27.17) 0.81 (31.25) 1.63 (49.62) X
Inf-CL (w/ data offload) 0.21 (23.05) 0.41 (23.14) 0.81 (23.33) 1.63 (23.71) 6.53 (26.71)
32%A800 (~ 32x80GB)
CLIP 16.68 (26.33) 66.13 (75.58) X X X
OpenCLIP / Disco-CLIP 0.72 (19.28) 2.46 (19.88) 9.01 (21.42) 34.40 (50.24) X
Inf-CL 0.06 (19.32) 0.11 (19.92) 0.21 (21.09) 0.41 (23.49) 1.63 (52.43)

Table 1. Training Memory Cost Across Different Hardware and Batch Sizes. The baselines include the Vanilla loss (CLIP) and
Local loss (OpenCLIP / Disco-CLIP). To minimize memory consumption of forward and backward, Gradient Cache is adopted, with an
accumulation batch size of 32. Meanwhile, "data offload" strategy is proposed to reduce data memory usage (i.e., transferring only a small
data batch from CPU to GPU during each accumulation step). X denotes cases where the baseline exceeds the hardware memory limit for
a given batch size, making training infeasible. Memory cost is evaluated using the ViT-L/14 architecture and the AdamW optimizer.

5. Experiments

5.1. Experimental Settings

Dataset and Data Processing. We assess the effectiveness
of our Inf-CL on Laion400M dataset [28] where we used
280M (out of 400M) samples for training due to the unavail-
ability of images in the remaining samples. Images undergo
preprocessing using RandomResizedCrop with a crop ratio
of [0.75,1.33] and a scale of [0.08,1.0].

Training Hyperparameters. A modified AdaFactor opti-
mizer [29] is employed for training, following the settings
of ViT-g [36]. The optimizer is configured with a learning
rate of 1 x 103, weight decay of 1 x 10, and coefficients
B1 = 0.9 and By = 0.95 [38]. Training spans 8 epochs,
using a cosine learning rate schedule with a linear warm-up
during the first 0.5 epoch.

Implementation Details. For distributed training, we em-
ploy Data Parallelism [19] with Automatic Mixed Precision
(float16) [22]. To reduce model cost, we adopt Gradient
Cache [10] to decouple contrastive loss computation from
the model’s forward and backward. Consequently, the peak
memory cost per iteration, M,cqz, is calculated as:

Mpeak ~ Mdata + maX(Mlossa Mbackbone)a (10)

where M j,¢, 1S the memory for image and text data, M
is for loss computation, and Mpqckpone 1S for the model’s
forward and backward operations.

Baselines. We compare our method against two baselines:
the vanilla loss from CLIP and the local loss from Open-
CLIP / DisCo-CLIP . The vanilla loss computes a b x b

The local loss strategy in OpenCLIP is consistent with DisCo-CLIP.

similarity matrix by gathering both row and column fea-
tures from all GPUs, while the /local loss requires only col-
umn features to calculate a b/n x b similarity matrix, where
b and n are the batch size and the number of GPUs.

5.2. Efficiency Results

To rigorously assess the memory efficiency of our method,
we compare our approach with previous methods by evalu-
ating “Memory Consumption”,“Maximum Batch Size” and
“Speed” across various hardware settings. The valid mem-
ory cost is determined by peak memory (Equation 10),
which is the maximum memory needed during an iteration.
Memory Consumption. To illustrate the memory effi-
ciency of Inf-CL, we compared it to previous methods us-
ing the same batch size across different hardware config-
urations. Table | shows that Inf-CL requires significantly
less memory than its predecessors, enabling our method to
achieve batch sizes that previous methods could not han-
dle (e.g., 1024k). Specifically, our method requires only
31.25 GB of peak memory (loss needs 0.81 GB) for a batch
size of 128 and 8xGPUs, allowing us to complete 128k
training using just 8 x40G GPUs. In contrast, the previ-
ous SOTA consumes 62.37 GB and requires 8 x80G GPUs
to perform the same training. This demonstrates that our
approach allows for more cost-effective training. Further-
more, we find that peak memory still increases rapidly with
batch size due to growing data memory. For example, peak
memory increases by 18.37 GB when the batch size grows
from 128k to 256k on 8 xGPUs. To address this issue, we
integrate Inf-CL with “data offload" and mitigate this mem-
ory increase, enabling us to train a ViT-L/14 model with a
batch size of 1024k on 8x A800.

Maximum Batch Size. We compare the maximum batch
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Method GPUs Max Batch | Memory (GB)
Size

CLIP 8xA800 68k 74.39
OpenCLIP 8xA800 152k 59.95

© IfCL | 8xAS00 | aask | 252
Inf-CL* 8xA800 4096k 26.12
CLIP 32xA800 68k 74.39
OpenCLIP 32xA800 352k 64.13

© IfCL | 32xA800 | 2048k | 289
Inf-CL* 32xA800 12288k 19.59

Table 2. Maximum batch size for model training using different
hardware and contrastive loss methods. The training settings are
aligned with Table 1. * denotes adopting data offload.

size of Inf-CL with those of previous approaches under
different training budgets (8 xA800 or 32xA800) for ViT-
L/14. As shown in Table 2. Inf-CL significantly outper-
forms previous SOTA methods, achieving improvements of
2.94x on 8xA800 (448k / 152k), which is further increased
to 5.82x when using 32xA800 (2048k / 352k). Since
Inf-CL has negligible memory requirements, peak mem-
ory is primarily driven by Mpgckbone + Maata- Mbackbone
is constant, meaning the rapid growth in peak memory is
mainly due to increased M j,¢,. Since ViT-L/14 has a larger
Mpacibone, the remaining memory can accommodate only a
small batch size for M ;,:,. To address this issue, we intro-
duce “data offload" to load only a small batch of data onto
the GPU for each accumulation step, effectively stabilizing
the data memory usage. As a result, we can scale the batch
size to even 10M on 32x A800.

Training Speed. We compare the training speed of our Inf-
CL with previous methods. As shown in Figure 4, using

Inf-CL to train ViT-L/14 on 8 x A800 has almost the same
speed as previous methods. Even when increasing batch
size beyond the limits of previous methods, Inf-CL main-
tains a linear increase in iteration time, with one epoch con-
sistently taking about 59 hours. Inf-CL might be expected
to exhibit much more slower performance because it breaks
the loss calculation to small tiles and serially process these
tiles. However, it achieves comparable or better speed to
previous methods, as shown in Figure 4. This is due to
two reasons (Detailed analysis in Appendix S1): (1) Inf-
CL fuses the operations of similarity matrix calculation and
softmax into a single communication for effectively reduces
I/O time between HBM and DRAM; (2) Loss calculation
represents only a minor fraction of the total iteration time.
Combining training speed results with memory cost results
demonstrates that Inf-CL has superior memory efficiency,
while only introducing a little additional time cost.

5.3. Benchmark Results

In this section, we investigate whether training with Inf-CL
is equivalent to vanilla CLIP and whether increasing batch
size with Inf-CL enhances performance. We utilize the ViT-
B/16 or ViT-B/32 with Bert-Base [9]. We follow the train-
ing strategy of LiT [37] to freeze the visual backbone and
use the pre-trained weights instead.

Equivalence Verification. We evaluate CLIP models
trained with different loss implementations, with the re-
sults presented in Table 3. As shown, under the same batch
size, our Inf-CL performs similarly to previous methods,
with performance differences falling within the error mar-
gin, confirming that our design incurs no precision loss in
the loss calculations.

Batch Size Scaling. Furthermore, the results in Table 3
indicate that increasing the batch size within a certain
range yields performance enhancements, thereby under-
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. ImageNet MSCOCO R@1
Method (Batch Size)
Validation v2 ObjectNet OOD I-T T—I1
Vanilla  (64K) 74.74 65.30 46.31 66.13 25.71 44.31
Inf-CL  (64K) 74.93 65.27 46.13 66.77 26.01 43.95
Inf-CL (256K) 75.12 65.12 46.44 67.15 25.90 44.61
Inf-CL (1024K) 73.58 63.87 44.55 64.60 24.53 41.58

Table 3. Performance Verification. We use training strategies from Table 2. We choose ViT-B/16 as the model architecture and adopt LiT
strategy like Table 4. We evaluate zero-shot top-1 classification accuracy on several data sets, e.g., ImageNet-Validation [8], ImageNet-
v2 [26], ObjectNet [1] and ImageNet-OOD [15]. We also evaluate zero-shot image-text top-1 retrieval accuracy on MSCOCO [5].
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Figure 5. Optimal Batch Size with Different Data Sizes for ViT-
B/32 LiT: As data size increases, the demand for a larger batch size
also grows. The accuracy is normalized to [0, 1], with magnitudes
of 5.41 for CC3M, 1.85 for CC12M, and 2.78 for Laion400M.

scoring the significance of our method for helping scale
the batch size. However, under our experimental condi-
tions, we currently observe that an excessively large batch
size—previously unexamined in the literatures—results in
suboptimal performance (i.e., 1024k). This may be at-
tributed to factors such as unoptimized hyperparameters,
inadequate training iterations, or constraints related to data
size. As for hyperparameters and training iterations, corre-
sponding analysis is put into Appendix S2). In Figure 5,
We analyze the performance scaling trend with different
batch sizes across various data sizes (e.g., CC3M, CC12M,
and Laion400M). Specifically, performance on CC12M sat-
urates at a batch size of 32k, whereas Laion400M achieves
saturation at a batch size of 256k. The results indicate that
larger datasets tend to have a correspondingly larger optimal
batch size, demonstrating that our method shows greater ad-
vantages with larger-scale datasets.

5.4. Ablation Study

We ablate multi-level tiling in Table 4 and show that our
designs incur no precision loss in loss calculations. This
allows arbitrary combinations to achieve nearly the same
zero-shot classification accuracy (about 74.8% on ImageNet

Cross-GPU In-GPU Complexity Memory
(Vanilla) O(b?) 66.21
(OpenCLIP) O(b*/n) 16.96

v O(b*/n?) 4.81
v v O(b/n?) 0.81

Table 4. Ablation Study of Multi-level Tiling Strategy. The
training strategies is consistent with Table 2, using the ViT-B/16
architecture. To reduce memory consumption and expedite ex-
perimentation, we freeze the image encoder and load pretrained
weights as done in LiT. The global batch size is fixed at 64k with
an accumulation batch size of 256 per GPU. These experiments
are conducted on 4 xA800 (80G) GPUs. “Complexity" denotes
the space complexity of loss calculation. b denotes batch size,
while n denotes the number of GPUs.

for 64k batch size), while significantly reducing memory
costs. According to the Equation 10, their M.y, is decided
by Mpackbone + Mgatq rather than M, ss + M gqt4 as in prior
methods. For complexity analysis, Cross-GPU tiling is
O(b? /n?), resulting in a memory cost that is 1/n of Open-
CLIP (16.96/4.81 ~ 4 in Table 4). Based on it, introducing
In-GPU tiling can further reduce memory cost and make the
growth of memory cost linear, i.e., O(b? /n?) — O(b/n?).

6. Conclusion

This paper tackles the GPU memory bottleneck in scaling
batch sizes for contrastive loss. To overcome the quadratic
memory consumption resulting from the full instantiation of
the similarity matrix, we proposed a tile-based computation
strategy that partitions the calculation into smaller blocks,
thus avoiding full matrix materialization. Furthermore, we
introduced a multi-level tiling strategy that leverages ring-
based communication and fused kernels to optimize syn-
chronization and minimize I/O overhead. Our experiments
demonstrated that our method scales contrastive loss batch
sizes to unprecedented levels without compromising accu-
racy or training speed. We hope that the advancement of our
method sheds light on further developments in areas such as
self-supervised representation learning and text retrieval.

10043



References

(1]

(2]

(3]

(4]

5]

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

[14]

Andrei Barbu, David Mayo, Julian Alverio, William Luo,
Christopher Wang, Dan Gutfreund, Josh Tenenbaum, and
Boris Katz. Objectnet: A large-scale bias-controlled dataset
for pushing the limits of object recognition models. Ad-
vances in neural information processing systems, 32, 2019.
8

Changyou Chen, Jianyi Zhang, Yi Xu, Liqun Chen, Jiali
Duan, Yiran Chen, Son Tran, Belinda Zeng, and Trishul
Chilimbi. Why do we need large batchsizes in contrastive
learning? A gradient-bias perspective. In Advances in Neu-
ral Information Processing Systems 35: Annual Conference
on Neural Information Processing Systems 2022, NeurlPS
2022, New Orleans, LA, USA, November 28 - December 9,
2022,2022. 2,3

Ting Chen, Simon Kornblith, Mohammad Norouzi, and Ge-
offrey E. Hinton. A simple framework for contrastive learn-
ing of visual representations. CoRR, abs/2002.05709, 2020.
1,2

Ting Chen, Simon Kornblith, Kevin Swersky, Mohammad
Norouzi, and Geoffrey E Hinton. Big self-supervised mod-
els are strong semi-supervised learners. Advances in neural
information processing systems, 33:22243-22255, 2020. 2
Xinlei Chen, Hao Fang, Tsung-Yi Lin, Ramakrishna Vedan-
tam, Saurabh Gupta, Piotr Dolldr, and C Lawrence Zitnick.
Microsoft coco captions: Data collection and evaluation
server. arXiv preprint arXiv:1504.00325, 2015. 8

Yihao Chen, Xianbiao Qi, Jianan Wang, and Lei Zhang.
Disco-clip: A distributed contrastive loss for memory effi-
cient clip training, 2023. 1, 3

Tri Dao, Daniel Y. Fu, Stefano Ermon, Atri Rudra, and
Christopher Ré. Flashattention: Fast and memory-efficient
exact attention with io-awareness, 2022. 2, 3

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li,
and Li Fei-Fei. Imagenet: A large-scale hierarchical image
database. In 2009 IEEE Conference on Computer Vision and
Pattern Recognition, pages 248-255, 2009. 8

Jacob Devlin. Bert: Pre-training of deep bidirectional
transformers for language understanding. arXiv preprint
arXiv:1810.04805, 2018. 7

Luyu Gao, Yunyi Zhang, Jiawei Han, and Jamie Callan.
Scaling deep contrastive learning batch size under memory
limited setup, 2021. 1, 3,6

Tianyu Gao, Xingcheng Yao, and Danqi Chen. Simcse: Sim-
ple contrastive learning of sentence embeddings, 2022. 1
Rohit Girdhar, Alaaeldin El-Nouby, Zhuang Liu, Mannat
Singh, Kalyan Vasudev Alwala, Armand Joulin, and Ishan
Misra. Imagebind: One embedding space to bind them all.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 15180-15190, 2023.
1

Raia Hadsell, Sumit Chopra, and Yann LeCun. Dimension-
ality reduction by learning an invariant mapping. In 2006
IEEE computer society conference on computer vision and
pattern recognition (CVPR’06), pages 1735-1742, 2006. 1
Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and Ross

10044

[15]

[16]

(17]

(18]

[19]

(20]

(21]

(22]

(23]

[24]

[25]

[26]

Girshick. Momentum contrast for unsupervised visual rep-
resentation learning, 2020. 1, 2

Dan Hendrycks, Kevin Zhao, Steven Basart, Jacob Stein-
hardt, and Dawn Song. Natural adversarial examples. In
Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 15262-15271, 2021. 8

Gabriel Ilharco, Mitchell Wortsman, Ross Wightman, Cade
Gordon, Nicholas Carlini, Rohan Taori, Achal Dave,
Vaishaal Shankar, Hongseok Namkoong, John Miller, Han-
naneh Hajishirzi, Ali Farhadi, and Ludwig Schmidt. Open-
clip, 2021. 1, 3

Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh,
Hieu Pham, Quoc V. Le, Yun-Hsuan Sung, Zhen Li, and Tom
Duerig. Scaling up visual and vision-language representa-
tion learning with noisy text supervision. In Proceedings
of the 38th International Conference on Machine Learning,
ICML 2021, 18-24 July 2021, Virtual Event, pages 4904—
4916. PMLR, 2021. 2

Vladimir Karpukhin, Barlas Oguz, Sewon Min, Patrick
Lewis, Ledell Wu, Sergey Edunov, Dangi Chen, and Wen
tau Yih. Dense passage retrieval for open-domain question
answering, 2020. 2

Shen Li, Yanli Zhao, Rohan Varma, Omkar Salpekar,
Pieter Noordhuis, Teng Li, Adam Paszke, Jeff Smith, Brian
Vaughan, Pritam Damania, et al. Pytorch distributed: Expe-
riences on accelerating data parallel training. arXiv preprint
arXiv:2006.15704, 2020. 6

Hao Liu, Matei Zaharia, and Pieter Abbeel. Ring attention
with blockwise transformers for near-infinite context, 2023.
2,3

Huaishao Luo, Lei Ji, Ming Zhong, Yang Chen, Wen Lei,
Nan Duan, and Tianrui Li. Clip4clip: An empirical study of
clip for end to end video clip retrieval and captioning. Neu-
rocomputing, 508:293-304, 2022. 1

Paulius Micikevicius, Sharan Narang, Jonah Alben, Gregory
Diamos, Erich Elsen, David Garcia, Boris Ginsburg, Michael
Houston, Oleksii Kuchaiev, Ganesh Venkatesh, et al. Mixed

precision training. arXiv preprint arXiv:1710.03740, 2017.
6

Aaron van den Oord, Yazhe Li, and Oriol Vinyals. Repre-
sentation learning with contrastive predictive coding. arXiv
preprint arXiv:1807.03748, 2018. 1

Hieu Pham, Zihang Dai, Golnaz Ghiasi, Kenji Kawaguchi,
Hanxiao Liu, Adams Wei Yu, Jiahui Yu, Yi-Ting Chen,
Minh-Thang Luong, Yonghui Wu, et al. Combined scal-
ing for open-vocabulary image classification. arXiv preprint
arXiv:2111.10050, 1(2):4,2021. 1,3

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen
Krueger, and Ilya Sutskever. Learning transferable visual
models from natural language supervision, 2021. 1, 2, 3

Benjamin Recht, Rebecca Roelofs, Ludwig Schmidt, and
Vaishaal Shankar. Do imagenet classifiers generalize to im-
agenet? In International conference on machine learning,
pages 5389-5400. PMLR, 2019. 8



[27] Nikunj Saunshi, Orestis Plevrakis, Sanjeev Arora, Mikhail
Khodak, and Hrishikesh Khandeparkar. A theoretical analy-
sis of contrastive unsupervised representation learning. In
Proceedings of the 36th International Conference on Ma-
chine Learning, ICML 2019, 9-15 June 2019, Long Beach,
California, USA, pages 5628-5637. PMLR, 2019. 2, 3

[28] Christoph Schuhmann, Richard Vencu, Romain Beaumont,
Robert Kaczmarczyk, Clayton Mullis, Aarush Katta, Theo
Coombes, Jenia Jitsev, and Aran Komatsuzaki. Laion-400m:
Open dataset of clip-filtered 400 million image-text pairs.
arXiv preprint arXiv:2111.02114,2021. 6

[29] Noam Shazeer and Mitchell Stern. Adafactor: Adaptive
learning rates with sublinear memory cost. In International
Conference on Machine Learning, pages 4596-4604. PMLR,
2018. 6

[30] Nimit S. Sohoni, Christopher R. Aberger, Megan Leszczyn-
ski, Jian Zhang, and Christopher Ré. Low-memory neural
network training: A technical report, 2022. 2

[31] Adron van den Oord, Yazhe Li, and Oriol Vinyals. Repre-
sentation learning with contrastive predictive coding. CoRR,
abs/1807.03748, 2018. 2

[32] Pavan Kumar Anasosalu Vasu, Hadi Pouransari, Fartash
Faghri, Raviteja Vemulapalli, and Oncel Tuzel. Mobile-
clip: Fast image-text models through multi-modal reinforced
training. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 15963—
15974, 2024. 2

[33] Liang Wang, Nan Yang, Xiaolong Huang, Binxing Jiao,
Linjun Yang, Daxin Jiang, Rangan Majumder, and Furu
Wei. Text embeddings by weakly-supervised contrastive pre-
training. arXiv preprint arXiv:2212.03533, 2022. 1,2

[34] Lilian Weng. Contrastive representation learning. [lilian-
weng.github.io, 2021. 1

[35] An Yang, Junshu Pan, Junyang Lin, Rui Men, Yichang
Zhang, Jingren Zhou, and Chang Zhou. Chinese clip:
Contrastive vision-language pretraining in chinese. arXiv
preprint arXiv:2211.01335,2022. 2

[36] Xiaohua Zhai, Alexander Kolesnikov, Neil Houlsby, and Lu-
cas Beyer. Scaling vision transformers. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 12104-12113, 2022. 6

[37] Xiaohua Zhai, Xiao Wang, Basil Mustafa, Andreas Steiner,
Daniel Keysers, Alexander Kolesnikov, and Lucas Beyer.
Lit: Zero-shot transfer with locked-image text tuning. In
Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 18123—-18133, 2022. 7

[38] Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and
Lucas Beyer. Sigmoid loss for language image pre-training.
In Proceedings of the IEEE/CVF International Conference
on Computer Vision, pages 11975-11986, 2023. 2, 6

[39] Hang Zhang, Yeyun Gong, Yelong Shen, Jiancheng Lv, Nan
Duan, and Weizhu Chen. Adversarial retriever-ranker for
dense text retrieval. In The Tenth International Conference
on Learning Representations, ICLR 2022, Virtual Event,
April 25-29, 2022. OpenReview.net, 2022. 2

[40] Hang Zhang, Yeyun Gong, Xingwei He, Dayiheng Liu, Daya
Guo, Jiancheng Lv, and Jian Guo. Noisy pair corrector for
dense retrieval. arXiv preprint arXiv:2311.03798, 2023. 2

10045




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


