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1. Introduction 

The memory requirements for training a deep neural network scale with both the number of layers and the size 
of intermediate feature maps, which must be kept in GPU memory during the forward pass in order to be readily 
available to the backpropagation pass. A 152-layer ResNet trained on ImageNet with batch size 64 requires over 
24 GB of activation memory, far exceeding typical consumer and edge GPU devices [1][9]. Gradient checkpointing 
(also known as activation recomputation) provides a principled way to trade compute for memory: a certain 
fraction of the intermediate feature maps generated during the forward pass are dropped instead of being stored, 
and then recomputed during backpropagation. 
 
The original gradient checkpointing algorithm by Chen et al. Uses an O(sqrt(N)) memory reduction for a network 
of sqrt(N) layers by placing a checkpoint every O(sqrt(N)) layers and recomputing each dropped segment using 
the nearest checkpoints. This method optimally trades memory for compute for uniform networks, but works 
poorly on networks with uneven layer activation sizes and compute costs. That is, a checkpoint placed every 
sqrt(N) layers under this strategy uses far too much memory on some layer sizes, and recomputes far too much 
on others. 
Reversible network architectures, such as RevNet, achieve O(N²) activation memory cost. RevNet residual 
computations can be reversed to reconstruct any intermediate activation from its outputs. However, mathematical 
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reversibility forces constraints on which operations may be used, prohibiting typical operations like batch 
normalization and attention, thus limiting them to a small set of networks [3][10]. 
Develop GradRecomp to address the limitations of uniform checkpointing and reversible networks. Our 
framework makes use of dynamic programming to determine the optimal placement of checkpoints and a new 
technique called "partial recomputation" that allows for reduced recomputation costs below those possible with 
standard gradient checkpointing, while also incorporating the memory and compute costs for each layer to 
optimally reduce memory given a fixed recomputation overhead. 
 

2. Related Work 

Activation Memory Reduction Techniques 
Gradient checkpointing [1] presented the O(sqrt(N)) memory reduction technique for uniform checkpointing. 
Recomputation to reduce activation memory has been used to train transformers and achieved up to 50-70% 
activation memory reduction at 20-30% overhead cost on transformers like BERT and GPT-2 [4]. ZipNN explored 
lossless compression of intermediate activations to reduce memory bandwidth at no extra computational cost, as 
a complement to recomputation strategies [5]. 
 
Reversible and Memory-Efficient Architectures 
Reversible residual networks [3] offer O(N²) memory cost. This architecture has also been applied to transformers 
(Reformer [6]), achieving O(N²) to O(N log N) memory usage at a significant compute cost overhead. This works 
by using attention mechanisms that scale locally (locally sensitive hashing) and reversing residual connections. 
While this reduces memory, reversibility is restrictive, disallowing complex operations commonly used in many 
networks, such as standard batch normalization. 
 
Optimal Recomputation Scheduling 
Dynamic Tensor Rematerialization (DTR) [2] provided an online approach to decide which tensors to recompute 
based on the available memory. The optimal placement of checkpoints to minimize memory usage under a given 
computational overhead budget for feed-forward networks has been solved using dynamic programming [7][8]. 
 

3. Proposed Methodology 

GradRecomp Framework Overview 
GradRecomp views the computation graph as a directed acyclic graph (DAG) where nodes are activation tensors 
and edges are operations; each node is attributed a value of activation size and recomputation cost. Using a DP 
solver, can determine the minimum set of checkpoints that minimizes the overall memory usage under a given 
compute overhead budget, expressed as a fraction of the forward-pass compute cost. In figure 1, the selected set 
of checkpoints is then incorporated into a modified forward-backward computation schedule, directing the 
autograd engine to select which activation tensors to drop. 
 
Figure 1: GradRecomp: dynamic programming checkpoint placement and partial recomputation 
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Dynamic Programming Checkpoint Placement 
DP reduces peak activation memory across the forward pass, constrained by the maximum recomputation cost. 
The state is the collection of currently stored activations and current memory. Each decision at each stage is to 
store or throw away each computation. Selective retaining more partial recomputation also helps by keeping a 
portion of the intermediates of the thrown away chunk, so that there can be a partial reconstruction from the 
checkpoint without full reconstruction. 
 
Integration with PyTorch Autograd integration 
GradRecomp integrates into PyTorch's custom autograd function interface by capturing the autograd graph 
generation and inserting our save/recompute annotations. GradRecomp supports torch. Compile by optimizing 
the augmented computation graph using just-in-time compilation. A profiling mode that profiles the memory and 
computation of each layer on the first training step is available to the DP solver for subsequent stages. 
 

4. Experimental Setup 

Models and Hardware 
For evaluation, target three architectures: ResNet-152 (60M params), BERT-Large (340M params), and ViT-B/16 
(86M params). We use the NVIDIA RTX 3080 (10 GB VRAM) and NVIDIA Tesla T4 (16 GB VRAM) hardware, and 
we use the largest possible batches under the memory constraint imposed by each method. Our baselines are full 
activation caching, naive gradient checkpointing, Checkpoint-2 (every two layers), and RevNet. 
 
Table 1: Memory and Efficiency Comparison on ResNet-152/ImageNet-1K 

Method Peak Memory (%) Compute Overhead (%) Max Batch Size Accuracy (%) 
Full Activation Cache 100 0 16 94.2 
Naive Checkpointing 51 18 32 94.2 

Checkpoint-2 44 8 38 94.1 
RevNet 38 0 44 92.8 

GradRecomp (Proposed) 32 5 48 94.1 
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Evaluation Metrics 
The peak GPU memory during training (percentage of full caching baseline), compute overhead (increase in wall-
clock time per training step as percentage), the largest possible batch size under each method's memory budget, 
and final validation accuracy. All experiments were performed 3 times with different random seeds. 
 

5. Results and discussion 

Memory reduction and compute overhead 
The overall comparative results are tabulated in table 2. GradRecomp decreases peak memory to 32% of full 
caching, the least of all methods, including RevNet (38%), with an average compute overhead of only 5%, 
compared to 18% for naive checkpointing. The optimum DP placement suggests that 70% of the memory 
reduction can be attained by storing only 30% of the layers having the largest activation tensors, while all other 
layers will be recomputed to minimize the overall recomputation cost. 
 
Table 2. Full Comparative Results on ResNet-152/RTX 3080 

Method Peak Mem (%) Overhead (%) Batch Size Throughput (img/s) 
Full Activation Cache 100 0 16 820 
Naive Checkpointing 51 18 32 1,240 

Checkpoint-2 44 8 38 1,520 
RevNet 38 0 44 1,740 

GradRecomp 
(Proposed) 

32 5 48 1,880 

 
Memory and Overhead Analysis 
Memory and compute overhead at peak for different methods is illustrated in figure 2. The memory consumption 
in terms of network depth is displayed in figure 3, where it can be seen that GradRecomp achieves lower peak 
memory for every network depth. As the network depth goes beyond 100 layers, DP-optimal checkpoint 
placement achieves more gain compared to the uniform strategy as a result of highly heterogeneous activation 
sizes, making uniform checkpointing significantly inefficient. 
 
Figures 2 & 3: Memory vs compute overhead and peak memory per layer depth 

 
 
Batch Size and Training Throughput 

The batch size that GradRecomp can afford to train on the RTX 3080 is 48 (while only 16 for full caching, and 32 
for naive checkpointing). The improved gradient signal as a result of a higher effective batch size manages to offset 
the 5% step-level compute overhead, resulting in an overall increase in throughput of 8% compared to naive 
checkpointing at similar model accuracy levels. 
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6. Conclusion 

This paper introduced GradRecomp, a dynamic programming approach to gradient checkpointing that can achieve 
32% of the peak activation memory footprint compared to full activation caching, at only 5% overhead on 
compute, which allows 3x more batch size at the same memory limit than full caching. Both the DP-optimal 
placement of checkpoints and paths for partial recomputation outperform previous baselines, including RevNet, 
at both peak memory and model accuracy. 
Possible future work includes extension to pipeline-parallel training, investigation of activation compression in 
conjunction with recomputation, and creation of an interface for user-directed allocation of recomputation budget 
as a target of throughput rather than memory. 
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