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We present LLMQ, an end-to-end CUDA/C++ implementation for medium-sized
language-model training, e.g. 3B to 32B parameters, on affordable, commodity
GPUs. These devices are characterized by low memory availability and slow com-
munication compared to datacentre-grade GPUs. Consequently, we showcase a
range of optimizations that target these bottlenecks, including activation check-
pointing, offloading, and copy-engine based collectives. LLMQ is able to train or
fine-tune a 7B model on a single 16GB mid-range gaming card, or a 32B model on
a workstation equipped with 4 RTX 4090s. Parallel training is achieved while exe-
cuting a standard 8-bit training pipeline, without additional algorithmic approxi-
mations, and maintaining FLOP utilization of around 50%. As such, the efficiency
of LLMQ rivals that of production-scale systems on much more expensive cloud-
grade GPUs. We also present first results for training on the novel HP ZGX Spark
device with a Blackwell-architecture GPU and unified memory. Code is available
at https://github.com/IST-DASLab/llmq.

1. Introduction
Large languagemodels are extremely popular acrossmany application areas, from code completion
to personal assistants. While training generalist models that excel in a wide variety of tasks requires
compute resources out of reach for anyone but large companies, many tasks can also be solved
with smaller, highly specialized models. However, even such smaller models, e.g. in the 0.5 to 32B
parameter range, are typically trained on large datacenter accelerators, which can be undesirable as
it requires uploading the training data to a third party, and can have high monetary cost.
The alternative to this is local training on user-owned hardware, usingmore affordable gaming or even
workstationGPUs. These accelerators can be significantly slower than their datacenter counterparts,
but can be very competitive in terms of FLOPs per dollar. From the systems perspective, these
devices have two key drawbacks: 1) such GPUs have reduced device memory, and 2) they also
have much lower available bandwidth for communication (see Table 4).
Contributions In this paper, we present the design and implementation of LLMQ, and end-to-end
C++ framework for LLM (continued) pretraining and fine-tuning on commodity GPUs located in
a single server node. The basic version of LLMQ supports efficient bfloat16 training, and thus can
be used across all recent GPU families, starting from the NVIDIA Ampere line (e.g. RTX 30xx).
However, its key feature is in enabling highly-efficient and accurate FP8 training. For this, it uses
dynamic tensor-level scaling, supported on both Ada (RTX 40xx) and Blackwell (RTX 50xx) ar-
chitectures. Our key technical contribution is the implementation of several strategies to alleviate
memory bottlenecks:

1. To limit the cost of activations, selective recomputation can be used, starting from only
recomputing the non-matrix-multiplication layers, all the way to recomputing full trans-
former blocks.

2. Further peak memory reductions can be achieved by offloading the remaining residual to
CPU RAM. Similarly, we show that optimizer states can be offloaded efficiently.
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3. In a multi-GPU setup, LLMQ always shards optimizer states (ZeRO-1), and allows for
sharding of model weights and gradients, independently.

4. As recent generation gamingGPUs are unable to communicate directlywith each other over
PCIe, we found that offloading sharded parameters fully to the CPU does not increase the
communication required during forward/backward passes while reducing GPU memory
usage further.

By combining these optimizations, LLMQ achieves high throughput and utilization across con-
sumer hardware configurations. On a workstation equipped with four RTX 4090s, the system at-
tains a throughput of 7,800 tokens/second for a 14B parameter model, corresponding to 54%Model
FLOPs Utilization (MFU), leveraging LLMQ’s custom communication backend. The framework
successfully scales to a 32B parameter model on the same hardware, achieving 3,400 tokens/second
at 51% MFU , an efficiency rate significantly higher than that observed on professional L40S GPUs
(29%MFU). On a single RTX 4090, LLMQ can trainmodels up to 14B parameters , while a 7Bmodel
runs at 4,300 tokens/second with 61% MFU. Even on a constrained 16GB RTX 5060Ti, the system
enables 7B model pretraining with a remarkable 70% MFU. We also present results on the recent
NVIDIA DGX Spark hardware.

2. Background
A number of system improvements have been devised to mitigate the large memory costs of LLM
training. Four main strategies are used: Sharding, recomputation, offloading and quantization.
Sharding, that is, distributing large tensors across multiple devices, is the key optimization in the
well-established ZeRO [1] optimization, in which optimizer states, and potentially also gradients
and weights, are spread out evenly across the devices. While sharding of optimizer states can be
done for free, gradient sharding requires additional communication if used together with gradient
accumulation, and weight sharding always introduces additional transfers. Instead of having each
worker process every layer of the network, it is also possible to distribute network layers across
workers, in a pipeline-parallel setup [2]. Such a setup trivially avoids having to communicate model
weights or gradients, but instead has to employ sophisticated scheduling to prevent idleworkers due
to pipeline bubbles [3]. For very long sequences, it might even be necessary to split the sequences
across nodes in context parallism [4]. For large scale trainings, these different forms of paralellism
are combined into multidimensional parallelism [5, 6].
To address the memory consumption of activation memory in particular, it is possible to recalculate
a subset of activations during the backward pass instead of keeping them in memory [5, 7]. A
famous example of this technique is the avoidance of squared memory cost in attention layers [8].
As a last resort, one can also move large allocations down in the memory hierarchy into slower but
more abundant storage, from GPU to CPU memory [9] or even to NVME [10].
Finally, memory can also be saved by switching to lower-precision datatypes. For example, by com-
pressing the moment buffers of Adam [11] to use only 8 bits per element [12]. By using mixed-
precision training [13], the activations can be compressed down to 16 bit or even 8 bit [14] floating-
point numbers. However, while the reduced dynamic range of 16 bit can be compensated for by
either switching to a BF16 representation with more exponent bits [15], or by introducing loss scal-
ing, the further reduction to eight bits requires more sophisticated techniques. First, a combina-
tion of two different FP8 types, E5M2 and E4M3, with 5 and 4 exponent bits, respectively, can be
used [16], depending on whether accuracy or range are more important for a specific tensor. Sec-
ond, additional scale factors can be introduced that scale values into the representable range before
quantization. Such scale factors can be applied at the level of an entire tensor, either using its cur-
rent values (just-in-time scaling) or based on previous steps’ values (delayed scaling). More fine-
grained scaling is also possible, giving one scale per token or channel, or even small sub-blocks of
the tensor [17]. Scaling could either be handled such to ensure that no overflows occur (abs-max
scaling), or accept a small amount of clipping for better fidelity [18].
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In addition to memory savings, for low-precision formats that are natively supported in hardware,
there are also computational advantages. Smaller data formatsmean less datamovement, and fewer
transistors and energy expenditure required to handle fusedmultiply-add operations [19]. This gets
amplified by specialized hardware units, such as tensor cores [20], which operate on these formats.
To benefit, any scaling that gets applied along the inner dimension of the matrix multiplication
either needs native hardware support, only available on recent Blackwell GPUs [21], or requires
software emulation with overheads [22].

3. Implementation
In this section, we describe the implementation of LLMQ, starting from overall design decisions, to
the optimizations necessary for efficiently running larger models on a single and onmultiple GPUs.
Overview LLMQ is implemented in C++ and CUDA. For matrix multiplications and attention,
we use the available implementations in cuBLAS and cuDNN, respectively; all other kernels are
implemented by us, as part of the project, and are provided as open-source. All memory allocations
in LLMQ happen at program startup. This means that if the program does not run out of memory
before the first step, it will never run out of memory. (In extreme circumstances (<50MiB free), it is
possible to get OOM when the GPU runs out of memory to load the kernels during the first step.)
We provide both a pure BF16 implementation, and mixed BF16-FP8 training. In order to support
older GPU cards, we use just-in-time tensor-level absmax-scaling for conversion from BF16 to FP8,
that is, we first determine the largest absolute value in each tensor, and then rescale so that this is
mapped to the largest representable value. Compared to delayed scaling, this requires an additional
kernel call (due to the global reduction), but it guarantees that no valuewill be clipped even if tensor
statistics change rapidly. Main transformer matmuls in forward and backward are calculated in
FP8, whereas nonlinearities, SDPA, the embeddings and LM-head, as well as gradient accumulation
remain in BF16. The latter ensures that many steps of gradient accumulation can be performed
without catastrophic cancellation in the summation.
Reproducibility To achieve reproducible (on the same hardware, with the same software) training
runs, LLMQ only uses bitwise-deterministic kernels. This is not a problem during the forward
pass, but it means that for reductions required in the backward pass, instead of atomic additions,
an intermediate buffer to store local result, and a second kernel that handles the global reduction,
are needed. Particularly challenging in that regard is the backward pass for the embedding layer:
If tokens get distributed “randomly” to different thread blocks, then an intermediate buffer of size
embeddings×num-blocks would be needed. Instead, as implemented in llm.c (https://github.
com/karpathy/llm.c), the token indices are first sorted and partitioned on the CPU, so that each
thread block can focus on a small subset of tokens. The sorting process can overlap with the regular
backward pass, and thus does not introduce additional latency. In cases where random decisions
need to be taken insideGPUkernels (e.g., for stochastic rounding), we use counter-based generators
to draw deterministic pseudo-random numbers without requiring an internal state.
Multi-GPU Support Within a single node, there are two main approaches for handling multi-gpu
support. One is to use one process per GPU, the other to use multiple threads in a single process.
Multiprocessing can be beneficial in avoiding the global interpreter lock in python, which is of no
concern to use, and scales beyond a sinlge node. On the other hand, in a multi-threading setup, one
can exploit the shared address space which allows direct GPU-to-GPU memcpy without having to
resort to IPC handles. While we do support both options, the focus is on the multi-threaded setup
and its direct communication options.
When running on multiple GPUs, LLMQ always shards optimizer states (aka ZeRO-1). This is
strictly better than traditional DDP with replicated optimizer states, as this leads to reduced mem-
ory consumption without increasing the amount of communication.
To avoid unnecessary round trips to device memory, we fuse all successive operations that are not
either a global reduction or involve a matrix multiplication. In particular, this means that all our
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non-linearity operators have an additional output parameter that returns the abs-max of its result.
Further, RMS-norm and residual-stream addition are handled in a joint kernel, which then also
returns the abs-max of the RMS-norm. As in FP8 on consumer cards, gemm only supports the TN
(transpose:non-transpose) layout, we need to handle the transposes manually, including a fused
transpose+quantize kernel. Finally, we fuse the forward and backward pass of the cross-entropy
loss into a single kernel [23, 24], avoiding the need to materialize a huge per-token loss tensor.

3.1. Training on a Single Mid-level commodity GPU: RTX 5060Ti

Next, we will consider the optimizations necessary to enable training a 7B model with only 16GB of
device memory. On a single 16GB GPU, the implementation described above allows training 0.5B
parameter models at batch size 6, but runs out of memory for 1.5B.
Activation checkpointing To alleviate the memory pressure coming from the activations stored
for the backward pass, it is possible to only keep a select subset of activations and recompute the
others during backward. If only a moderate amount of memory is needed, it might be sufficient
to only recompute the non-gemm values, that is, swiglu and rmsnorm, but for drastic reductions
the entire transformer block needs to be recomputed, only keeping the residual of the feed-forward
part. As memory capacities vary significnatly between commodity cards, it is not possible to decide
the optimal trade-off a-priori; therefore, LLMQ allows for selective recomputation that covers the
full range.
In addition to preserving the feed-forward residual, we also always keep small statistics tensors from
the forward pass. That means that during recomputation, we do not have to determine the absmax
again. In particular, with the absmax known, there is no longer a need for a global reduction, and
the quantization can be fused into the nonlinearity.
Reduced-precision optimizer states A second large contributor to memory consumption are the
optimizer states. By default, these are kept in fp32 precision, which for AdamW corresponds to
8 bytes per parameter, or 12GB in total for a 1.5B model. This shrinks by a factor of two when
switching to BF16 to represent momentum and variance. To ensure unbiased values, conversion of
fp32 to bf16 is handled by stochastic rounding. Note that we keep master copies of parameters only
in bf16, too.
Offloading As the optimizer states still make up a large fraction of total device memory, further
memory cost reduction can be achieved by offloading them to host memory. Here we have two op-
tions: Either just keep them in page-locked (pinned) memory and rely on the GPUs zero-copy abil-
ity to directly read from host, or allocate smaller buffers on the GPU to do explicit double-buffering.
Interestingly, we found that zero-copy gave bad performance (i.e., low utilization of PCIe band-
width) on gamingGPUs (5060Ti, 4090 butworkedwell on themore high-end cards (L40s), whereas
the situation was reversed for double-buffering. Consequently, we recommend testing both options
an the system in question and picking the faster one.
With these improvements, we can run 1.5B with batch-size 2 (no offloading) or 12 (offloading both
m and v). To enable the 3B model, we additionally need to offload the 16-bit master copies of the
matrix parameters, in which case a batch size of 8 can be achieved.
Finally, we can also offload the last remaining residuals to host memory, which increases the maxi-
mum batch size to 10. At this point, activation memory is dominated by the cost of a single layer.
Chunking In particular, it turns out that two tensors growvery large as the batch size increases. The
first, unsurprisingly. are the logits, due to the large vocabulary dimension. Somewhat unexpectedly,
the second is theworkspace needed for cuDNN to enable deterministic backward for flash-attention.
Both of these can be solved by chunking the calculation. For the logits, this means that we split the
pre-lmhead embeddings into small chunks, and do a full forward-backward over each chunk, writ-
ing the derivative of the embeddings into the corresponding slice and accumulating the gradients
of the lm-head weights[24]. For attention, it is even simpler, because there are no trainable param-
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eters: Simply iterate over slices of input and output, calling the cuDNN kernel multiple times with
a smaller workspace.
By fixing these bottlenecks, we can increase the batch size for the 3B model all the way to 24.
Enabling 7B models on 16GB VRAM The preceding optimizations allow increasing the micro-
batch size significantly. This, in turn, means that the amount of computation done in each for-
ward/backward pass increases, and consequently, more communication can be hidden without af-
fecting end-to-end latency.
This gives us the opportunity to offload even the gradient buffers to host memory.1 Thus, the device
memory consumption reduces to that of two layers; one for active computations, and one for double-
buffering data transfers. As such, even a 7Bmodel can be runwithmicro-batch size 16. As this point,
however, even a high-end gaming PC will reach its limits of available host memory: A 7B model
needs approximately 3× 14GB for the optimizer state, another 7GB for the quantized weights, and
5GB for offloaded residuals, a total of 54GB of memory. While it might be possible to offload one
more level, from host memory to an NVME [10], doing so will change the speed of transfers by
another order of magnitude, no longer hidden behind the computations.
To achieve further total memory reductions, one would need to either switch to even lower bit-
width optimizers [12, 25, 26], optimizers with smaller buffers [27–29], or parameter-efficient fine-
tuning [30]. While possible and interesting, these optimizations perform algorithmic approxima-
tions, and are therefore orthogonal to our work.

3.2. Multi-GPU Training on a 4x RTX 4090 Workstation

In this section, we consider a workstation with 4×RTX 4090 GPUs. This allows for sharding of
optimizer states, weights, and gradients, before we need to resort to CPU offloading.
Weight caching on host However, on recent consumer devices, the GPUs cannot communicate
directly to each other via PCIe, and instead need to go through the host. As such, placing weights in
host memory actually reduces the required communication: They need to be sent from GPU to host
during the first forward pass after each optimizer step, but the backward pass, and all subsequent
forward passes for gradient accumulation, can use the values cached on the host.
This also means that, contrary to traditional ZeRO [1] levels, one should enable sharded model
weights before enabling sharded gradients. This is especially true in FP8 training, when model
weights are gathered in FP8 but gradients are communicated in BF16.
Imbalances of LM-head and embeddings In particular, due to the large vocabulary dimension,
both compute and communication cost for the LM-head exceed that of a regular transformer block.
For this reason, we forgo sharding the LM-head/embedding, instead replicating them across each
worker. Thus, their gradients need only be synchronized at the last gradient accumulation step. By
having the LM-head in a separate buffer than the double-buffered transformer block, we further
ensure that during that last backward pass, sending its gradient can be overlapped with computing
the gradients for the last two transformer blocks, whose weights are still available locally from the
preceding forward pass. Additional overlap can be achieved by scheduling the two backward ma-
trices of the LM-head gradient such that the one that calculates the weight gradient is handled first,
and the communication can be overlapped with the input gradient calculation. However, the effec-
tiveness of this optimization diminishes with increased chunking, as sending can only commence
in the last chunk.
Unfortunately, for the token embeddings, the next required operation is the global norm reduction
of the gradients, so there is no way to hide that communication latency.
cudaMemcpy-based communication When running all-gather (fetching model weights) and
reduce-scatter (accumulating gradients) colletives with nccl, we observed that the PCIe link

1As explained in the next section, we only offload transformer blocks, not lm-head and embeddings
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Figure 1: Memcpy-based reduce-scatter. After the local shard has Gi
i of worker Wi has been added

to the local accumulator (striped), in each round of communication each worker has exactly one
chunk that is not needed anymore, that can be used as a destination buffer for memcpy. At the end,
each worker has the corresponding chunks of the other workers, and can accumulate them. The
communication phase can be purely handled by the GPU’s copy engine (CE), leaving the streaming
multiprocessors (SM) available to run the backward pass of the next transformer block.

utilization was quite low. On the other hand, memory transfers handled by the GPUs copy-engines,
as initiated by cudaMemcpy, do achieve much better utilization, and do not require reserving any
SMs for communication kernels.
For all-gather, replacing nccl kernels with copies is trivial, as gathering onlymoves bytes around.
However, reduce-scatter mixes arithmetic and data movement, so it cannot be implemented by
copy-engines alone. Therefore, we split the implementation into three phases. First, the local chunk
for the current layer is aggregated to the sharded gradient buffer. Then, as this chunk of memory is
no longer needed, it can be used as a scratch buffer for receiving chunks from the otherworkers. This
happens in round-robin fashion, that is, after having received chunk and sent one chunk, another
part of the memory is unused and can be used as buffer. The copying operations do not need any
multiprocessors, and thus can be run perfectly parallel to the backward of the next transformer layer.
Only after that transformer layer has finished do we need to synchronize and wait for the transfers
to be done. At that stage, the preceding layers gradient buffer contains the gradients for the local
shard that have been gathered from the other workers, and we can run the reduction operations,
adding them with stochastic rounding. This is illustrated in Figure 1.
Multi-threadedmulti-GPU and deadlocks While themulti-threading-based parallelizationmakes
implementing memcpy communication much easier, we found it to have some drawbacks when
involving nccl collectives. Specifically, the collective operations involve a global barrier that all GPUs
must reach before any can make progress. We observed that, in some cases, this could lead to
deadlocks. While we do not know the exact cause, we hypothesize the following: There is some
per-process resource that gets filled up as GPU operations are enqueued. If one GPU is faster than
another, it could enqueue the collective, and then continue enqueueing further kernels until that
resource is exhausted. Because of the barrier in the collective, the GPU cannot execute any more
kernels to make space for issuing new operations, and the other GPU cannot issue kernels it needs
to reach the collective because there is no space. By placing CPU-side synchronization (that is,
the CPU threads are synchronizing among each other, but not with the GPU), we can prevent new
kernels getting submitted until every worker has issued the collective, which fixes the deadlocks.
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Table 1: Training speed and utilization on a single gpu. Sp denotes speed-up of FP8 over BF16.

RTX 5060Ti RTX 4090
Size FP8 BF16 Sp FP8 BF16 Sp LF

TPS MFU TPS MFU TPS MFU TPS MFU TPS
0.5B 16.5k 70% 13.0k 85% 27% 47k 58% 39k 73% 20% 30.4k
1.5B 5.7k 67% 3.9k 78% 46% 20k 69% 14k 81% 42% 9.5k
3B 3.1k 69% 2.0k 80% 55% 10.6k 68% 7.0k 80% 51% 5.4k
7B 1.4k 70% 0.9k 79% 55% 4.3k 61% 2.7k 71% 59% 2.5k
14B — — — — — 2.0k 55% 1.3k 59% 54% 1.2k

Table 2: Training speed and utilization on multiple GPUs. Sp denotes speed-up of FP8 over BF16.

4×L40S 4×RTX 4090
Size FP8 BF16 Sp FP8 BF16 Sp LF

TPS MFU TPS MFU TPS MFU TPS MFU TPS
0.5B 191k 27% 185k 37% 3% 181k 55% 154k 71% 18% 123k
1.5B 81k 31% 68k 44% 30% 71k 60% 52k 75% 36% 41k
3B 45k 32% 36k 37% 25% 38k 61% 26k 74% 46% 19k
7B 21k 34% 16k 38% 31% 16.5k 58% 10.9k 69% 51% 6.9k
14B 10k 31% 7.1k 42% 41% 7.8k 54% 5.2k 67% 50% 2.6k
32B 4.2k 29% 3.0k 40% 30% 3.4k 51% 2.2k 65% 54% OOM

4. Benchmarks
In this section, we provide an overview of the speed achievable in different scenarios. Table 1
shows the tokens per second and model-flops-utilization for differently-sized models, trained
at a per-step batch size of 500k, on a single GPU. For each configuration, the combination
of offloading/recomputation/micro-batch size that leads to the highest throughput was chosen.
Model Flops Utilization (MFU) is calculated taking into account the mixed precision nature of the
implementation, that is, we calculate the amount of floating-point operations to be done in each
precision, divide by the device’s peak rate, and get a lower bound for the achievable duration. The
ratio of achievable duration to actual timing is presented in the MFU columns.

Table 3: Training speed and utilization on a
DGX Spark. Sp denotes speed-up of FP8 over
BF16.

DGX Spark
Size FP8 BF16 Sp

TPS MFU TPS MFU
0.5B 17k 28% 17k 44% 0%
1.5B 7.0k 33% 6.5k 53% 8%
3B 4.4k 39% 3.6k 57% 22%
7B 2.4k 47% 1.7k 63% 41%

Table 4: Comparison between datacentre and
gaming GPUs

H100 RTX 4090 Ratio
BF16 [TFLOP/s] 989.4 165.2 6×
Memory [GB] 80 24 3.3×
Bandwidth [TB/s] 3.3 1 3.3×
Cost [$] 30k 2k 15×
Power [W] 700 450 1.5×
Communication NVLink PCIe 4.0 –
Bandwidth [GB/s] 900 64 14

Impact of FP8 The relative speed-up due to lower precision is shown in the SP column, and reaches
about 50% for sufficiently large models. For very small models, non-gemm operations contribute
significantly to the total running time, so speeding up the GEMMs only provides limited improve-
ments. Yet, FP8 comes with additional overheads due to dynamic quantization, and the transposes
required in the backward pass. As the model size increases, compute is dominated by matrix math,
and FP8 can lead to significant boosts. Due to the fixed batch size, for very large models, the opti-
mizer step starts taking a noticeable fraction of the time.
Notice that part of the computations are still done in 16-bit precision. For the 7B model, the oper-
ations break down to 39.2 × 109 ops in FP8 for the linear operations inside the transformer blocks,
3.3 × 109 operations in bf16 for the LM-head, and 0.6 × 109 operations in BF16 for attention. Con-

7



Table 5: Effect of nccl collectives compared to cudaMemcpy-based communication of consumer (RTX
4090) and professional (L40S) cards for the 14B model. Comparing nccl (None) with enabling
memcpy only for one of the collectives (Gather, Scatter) and using memcpy for all (large) collectives.

GPU FP8 BF16
None Gather Scatter Full None Gather Scatter Full

4× 4090 4.3k 6.3k 5.3k 7.8k 2.9k 4.6k 3.6k 5.2k
4× L40S 9.5k 10k 9.9k 9.9k 6.8k 7.0k 7.1k 6.9k

sequently, even if there were no quantization-related overheads, we could expect FP8 to only bring
a speed-up of 90%. Despite falling short of the theoretical maximum, the achieved speed-ups are
generally in line with existing FP8 implementations [31, 32].
Interestingly, significant benefits from FP8 generally do not come from enabling a larger batch size
due to lower activationmemory requirements. For smallmodels, overheads limit the effectiveness of
FP8, and for large models, activation recomputation means that we do not store the activations that
would be compressed to FP8 (e.g., residuals remain in BF16); even worse, FP8 requires additional
buffers for transposes and quantization, thus actually using more memory when entire transformer
blocks are recomputed.
Comparing the RTX 5060Ti and the 4090, we generally get slightly better utilization on the smaller
card. While this is expected for small models, at first it might be surprising for larger models; how-
ever, the 5060Ti has only about 1/3 of the FLOP/s of the 4090, yet provides the same PCIe bandwidth,
so even though it requires more offloading, it is also better able to hide the resulting latencies.
Llama-Factory Comparison Finally, the “LF” column show the speed of LLama-Factory (LF)[33]
on the 4090. For small models, the llmq implementation is significantly faster, but for large mod-
els, the difference almost disappears. Interestingly, the strategies to achieve optimal performance
at increasing model size differ between the two frameworks. For llmq, parts of the model are of-
floaded until at least a moderate batch size can be sustained; for LF, however, we found that, as
soon as offloading is required, it is more efficient to do full offloading in order to support a very
large batch size, than to do partial offloading at medium batch sizes. We attribute this to the fact
that the overheads associated with each forward/backward propagation are much lower in llmq
than in LLama-factory.
Scaling up to multiple GPUs, Table 2 shows training speeds on a system with 4 consumer GPUs
(4090), compared against 4 professional-grade GPUs (L40s). We can see that, despite their nom-
inally much faster peak FLOP/s, for small models the L40S are only a little faster than the 4090s,
especially in FP8, and even for large models, the gap is lower than expected, as the relative utiliza-
tion on the L40S is considerably lower. This appears to be because the L40S run into thermal and/or
power throttling, never achieving actual peak performance, see also appendix A.3.
The comparison against LLama-factory shows the tremendous benefit conferred by efficient memcpy-
based communication. For small models that do not require parameter sharding, there is only a
minor performance gap (52k vs 41k for 1.5B parameters in BF16), but at the largest scale supported
by LF, 14B, the llmq implementation is twice as fast.
In Table 5, we show the effect of using memcpy-based communication compared to nccl collectives,
on a system with consumer GPUs without direct peer-to-peer support, and on a professional setup
with peer-to-peer capable GPUs. The data shows that in the consumer setup, memcpy is essential for
good performance, whereas there is only a minor difference on the professional hardware. In that
setup, using a combination of nccl and memcpy communication ends up faster than either option.
DGX Spark Results Finally, we consider performance on the recent NVIDIA DGX Spark, shown
in Table 3. This is interesting because it offers 128GB of unified memory shared between GPU and
CPU, so models up to a size of 7B can fit on a single device without any offloading. The large
memory capacity comes at the cost of lowmemory bandwidth: at 300GB s−1, it is even slower than
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the 5060Ti’s 448GB s−1, though still faster than PCIe. However, the lack of faster device memory
altogether means that any memory-bound kernel with a working set larger than the L2 cache will
operate at this reduced speed, whereas for the consumer GPUs we are able to mostly hide the PCIe
limitations behind explicit prefetching into DRAM. This also explains why we see little speed-up
from switching to FP8 with smaller models: It is precisely these memory-bound kernels that do not
benefit from FP8, and the additional transposes and conversions just add more memory transfers.
Only at 7B do the matrix multiplications make up enough of the total time for reduced-precision to
provide substantial benefits. Surprisingly, even in pure BF16, the Spark achieves less MFU than the
5060Ti, despite the latter having to rely on activation checkpointing. This is probably due to power
limits preventing the system from reaching its advertised performance.

5. End-to-end results

Scenario 1: 1.5B pre-training Frist, consider pre-training a 1.5B parameter Qwen-
style model, to be trained on 4 × RTX 4090. As training data, we use a retokenized
and subsampled version of ClimbMix [34] with 10B tokens and 30B tokens. Due
to the long training time involved, we only provide the FP8 version of the 30B run.
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Figure 2: Validation loss vs # optimizer steps for
FP8 and BF16 training on 10B tokens (solid lines),
as well as 30B tokens (dashed) for FP8. The 30B
run uses a 3x larger batch size.

The results are presented in Figure 2. We can
see that the E4M3 (forward and backward)
curve closely tracks that of BF16. In con-
trast, using E5M2 for activation gradients dur-
ing backward leads to a minor degradation in
performance, in contrast to traditional recom-
mendations [16, 35, 36].
Scenario 2: 0.5B long pretraining run We also
perform a much longer training run for a 0.5B
model over around 350 billion tokens to verify
the stability of the training recipe. While we
do observe growing activations in the swiglu
layer, at least at this scale they are not strong
enough to destabilize the training, which pro-
gressed without loss spikes. Details of the run
can be found in the appendix A.4.
Scenario 3: GSM8k As a third test, we fine-
tune LLama2-7B [37] and Qwen2.5-14B [38] on
the GSM8k[39] dataset. As LLama2 has not
been specifically pre-trained with math data,
this provides a good demonstration that the performance of LLMs can be improved substantially
on narrow domains even with modest computational resources. On the other hand, Qwen models
have deliberately used large amounts of mathematical reasoning data during their pre-training, so
it is already very good in a few-shot setting, but fails in the zero-shot setting, where performance
can be mostly recovered through fine-tuning. Both BF16 and FP8 fine-tuning are able to recover
performance.
The results can be seen in Table 6. Training in FP8 does not result in noticable performance degra-
dation compared to the BF16 baseline; On the other hand, FP8 QAT does confer consistent benefits
when inference is also run in FP8. Most notably, while Qwen2.5-14B has already excellent perfor-
mance in the direct five-shot setting, and receives no benefit from further fine-tuning, there is a
significant gap for FP8 inference in the original model that is close with additional fine-tuning.
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Table 6: Performance of LLama2-7B on GSM8K, comparing the original pre-trained model against
fine-tuned (T) in BF16 and in FP8, while running inference (I) in either BF16 or FP8. Shown is the
average over five independent runs, as well as the standard deviation.

Model↓ T→ n- Pretrained LLMQ BF16 LLMQ FP8
I→ shot BF16 FP8 BF16 FP8 BF16 FP8

LLama2-7B 5 13.5 13.7 34.5± 4.3 34.4± 4.2 37.6± 1.6 37.2± 1.1
LLama2-7B 0 6.0 4.9 35.7± 1.5 35.4± 1.6 36.6± 0.9 36.4± 2.0
Qwen2.5-14B 5 84.1 80.7 84.5± 0.9 83.5± 0.7 84.0± 0.6 83.9± 0.3
Qwen2.5-14B 0 14.0 17.8 80.4± 1.1 79.1± 0.7 82.7± 0.6 83.1± 0.5

6. Limitations
It is often observed that low-precision works successfully shorter training runs, but breaks down
when scaled up [36]. However, the intended use case for the software described in this paper are
heavily compute-constrained environments, where we do not expect training to run far beyond the
Chinchilla-optimal [40] ratio; e.g., for the 1.5B model, training 200B tokens in FP8 on 4 RTX 4090
would take about 5 weeks.
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Table 7: Offloading: x - residual,m, v - optimizer moments, θ∗, θ - (master) parameters, g - gradient

GPU Size DType Batch Recompute Offload
5060Ti 0.5B FP8 12 — —

0.5B BF16 10 — —
1.5B FP8 8 Block x
1.5B BF16 8 FFN, Att —
3B FP8 12 Block m, v, θ∗
3B BF16 12 QKV, FFN m, v, θ
7B FP8 32 Block x,m, v, g, θ, θ∗
7B BF16 32 Block x,m, v, g, θ

4090 0.5B FP8 16 — —
0.5B BF16 16 — —
1.5B FP8 4 — —
1.5B BF16 4 — —
3B FP8 4 — m, v, θ∗
3B BF16 4 SwiGLU m, v
7B FP8 16 Block m, v, θ∗, θ, x
7B BF16 16 Block m, v, θ, x

14B FP8 32 Block x,m, v, g, θ, θ∗
14B BF16 32 Block x,m, v, g, θ

Table 8: Configurations for LLama-factory. Activation checkpointing is enabled in all settings.

1x4090 4x4090
Size Batch Offload Batch Offload
0.5B 128 — 128 —
1.5B 16 — 32 —
3B 48 ZeRO-2 64 ZeRO-3
7B 32 ZeRO-3 32 ZeRO-3
14B 20 ZeRO-3 21 ZeRO-3
32B OOM OOM 4 ZeRO-3

A. Appendix

A.1. Optimal Configurations

Table 7 shows the configuration used to achieve the throughput reported in Table 1. The configura-
tions selected for the LLama-factory baseline runs are given in Table 8.

A.2. GSM8k hyperparameters

For LLama2-7B, we train for two epochs at a batch size of 32 768 tokens per optimizer step with a
sequence length of 2048 and learning rate 2×10−5 linearly decaying to 25% after an initial warm-up
of 10 steps. This training can be completed in about 30 minutes on a single 4090, or 90 minutes on
a 5060Ti.
For Qwen2.5-14B, we train for one epoch with a batch size of 96 at sequence length 512 for a single
epoch, decaying the learning rate from 6× 10−6 to 0 after 20 warm-up steps.

A.3. A note on MFU

At first glance, the MFU values for L40S seem disappointingly low. The “bad” performance can be
explained with the fact that the MFU was calculated using official spec-sheet peak FLOP/s, which
appear to be unattainable in the hardware configuration in question. For example, running a large
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Figure 3: Loss (left) and gradient norm (right) for a 0.5B model over 350B tokens.

matrix multiplication (16384×16384×16384) on a single GPU only achieves about 270TFLOP s−1,
just 3/4 of the advertised 362TFLOP s−1 peak performance.
For the 5060Ti, we found that a single largematmul managed to achieve up to 108% of the supposed
peak FLOP/s, so the MFUs are slight overestimates. In case of the 4090, we similarly benchmark
around 103% of peak performance.
For the DGX Spark, similar to the L40S, we see about 70% of peak flops in a matmul micro-
benchmark.

A.4. Long training run in FP8

Fishman et al. [36] observed that FP8 training, even though it initially progresses promisingly, can
incur sudden instabilities that are not present in corresponding BF16 runs. In particular, they found
that after around 200 billion tokens (for a 7B model), the activations inside SwiGLU started to grow
to extreme values, making tensor-level scaling ineffective. Based on the reported observation that
small FP8models diverge earlier than large ones [32] anddue to computational resource constraints,
we train a 500 million parameter model on about 350 billion tokens. To be flexible in the training-
run scale, we chose a warump-stable-decay [41, 42] learning rate schedule. We chose a relatively
high learning rate of 0.002, as larger learning rates are expected to exacerbate instabilities [43, 44].
Learning-rate decay starts at 312 billion tokens and uses a 1− sqrt schedule. We performed most of
the run with a sequence length of 1024, but extended to 2048 after 290 billion tokens.
The training data is from Nemotron-climb[45]; our number of tokens is lower than the reported
number becausewe use the Qwen tokenizer, which has amuch larger vocabulary than the tokenizer
used in Diao et al. [45].
Training progressed smoothly in our setup. As shown in Figure 3, neither loss nor norm show
large spikes (note that the spikes visible in the norm graph still remain below the gradient clipping
threshold of 1.0).
In Figure 4, we show the development of tensor-level abs-max for swiglu activations in selected lay-
ers; in particular layer 5 and layer 23 showed huge activations. While we can see large values, larger
than could be represented in fp8 without global scaling, they still remain an order of magnitude
smaller than the values reported in [36]. We suspected that the large values seen in layer 23, which
is the last transformer block before the LM-head, might be related to unrestricted growth of the
logits values, a known failure mode of LLMs. Therefore, we implemented z-loss regularization [46]
and enabled it with a weight of 1× 10−4 (taken from Palm [46]) at step 350k.
While we observe a clear effect on the average log-sum-exp of the logits (i.e., the term that z-loss
regularization penalizes) as shows in Figure 5, the largest value observed in each batch does not
decrease after enabling the regularization. During the decay phase of the learning-rate schedule,
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Figure 4: Tensor-level abs-max of SwiGLU activations in layers 1, 5, 22 and 23.

Figure 5: Average and maximum log-sum-exp (i.e., log of softmax normalizer) in loss calculation.

we see a further reduction in mean lse, again without corresponding decreases in maximum lse.
There is also no clear effect on the activation magnitude in the last layer.
Finally, we performdownstreamevaluations of the createdmodel. We evaluate both the finalmodel,
as well as intermediate checkpoints where we perform an additional LR decay. We use lm_eval[47]
to run evaluations on arc [48], hellaswag [49], winogrande [50], bbh [51], truthfulqa [52],
gsm8k [39], openbookqa [53], piqa [54], boolq [55], coqa [56], lambada [57] as well as mmlu [58]
in both multiple-choice and continuation format. Additionally, we evaluate languge modelling on
WikiText [59] for 1024 and 2048 context window sizes. The results are presented in Table 9.
The most striking difference is observable in GSM8k: As the pretraining data of Qwen has been
augmented with math documents, Qwen can perform well on this task even without additional
supervised fine-tuning, whereas our model and TinaLLama fail completely. To a lesser degree,
the same applies to mmlu in multiple-choice format. On the other hand, on some tasks, our model
actually outperforms the others despite being trained on much fewer tokens. It must be cautioned,
though, that some tasks such as hellaswag and arcwere used specifically during the data-selection
phase for ClimbMix. For knowledge-intensive tasks such as mmlu, the models trained for trillions of
tokens are much better, unsurprisingly.
We’d like to emphasize that the goal of this section is not to train a state-of-the-art small language
model; thatwould require an even longer training horizon andmore careful data engineering. What
we show here is that the presented approach can perform stable training in FP8 precision over hun-
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Table 9: Evaluation at different training checkpoints, after an additional LR-decay, aswell as compar-
ison against models of similar size. These are Qwen2-0.5B (Q2), Qwen2.5-0.5B (Q2.5), and TinyL-
Lama (TL).

Task Metric 100B 192B 292B 350B Q2 Q2.5 TL
arc_challenge acc ↑ 36.52 38.99 37.97 39.33 24.91 29.18 30.97

norm ↑ 38.82 40.36 40.36 41.21 28.75 31.91 32.68
arc_easy acc ↑ 71.13 72.14 72.31 73.11 54.67 64.73 61.66

norm ↑ 66.25 66.75 40.36 69.57 50.51 58.21 55.47
hellaswag acc ↑ 42.74 43.34 44.29 44.55 38.32 40.59 46.70

norm ↑ 55.90 56.86 57.99 58.55 48.92 52.16 61.47
winogrande acc ↑ 55.72 56.67 58.64 56.27 57.70 56.35 59.43
bbh exact ↑ 19.54 17.77 17.42 22.42 27.75 31.09 25.93
truthfulqa_mc1 acc ↑ 24.11 24.97 24.60 26.81 24.60 25.21 22.64
truthfulqa_mc2 acc ↑ 37.75 38.33 36.74 40.08 39.75 39.84 35.44
gsm8k exact ↑ 1.82 0.76 1.29 1.29 36.09 33.43 1.29
openbookqa acc ↑ 27.00 27.40 29.20 30.50 22.60 24.40 25.20

norm ↑ 36.60 37.40 39.40 41.60 32.80 34.80 36.80
piqa acc ↑ 74.59 75.03 75.57 75.79 69.37 70.46 72.63

norm ↑ 75.35 74.43 75.41 75.90 69.04 70.13 73.56
boolq acc ↑ 60.64 54.59 61.19 62.66 60.80 62.14 55.99
coqa em ↑ 39.88 43.30 44.97 44.55 45.20 49.65 47.45

f1 ↑ 52.09 55.08 55.98 57.18 56.95 61.46 59.12
lambada_openai acc ↑ 41.28 43.66 43.94 43.86 50.61 52.88 49.29

ppl ↓ 20.67 18.64 17.49 17.36 11.59 10.69 24.21
lambada_standard acc ↑ 36.08 37.22 38.93 38.60 44.60 44.17 6.27

ppl ↓ 37.50 31.90 27.45 30.14 15.63 17.09 67000
mmlu (MC) acc ↑ 24.53 26.89 25.95 25.76 43.98 47.32 25.38
−humanities acc ↑ 25.44 26.78 26.16 26.29 41.15 42.27 25.74
−other acc ↑ 25.01 28.84 26.71 26.78 48.66 53.07 25.56
−social sci . acc ↑ 24.34 26.03 25.25 24.54 50.67 55.48 24.21
−stem acc ↑ 22.90 25.98 25.56 25.15 37.04 41.20 25.82

mmlu (cont.) acc ↑ 30.53 30.64 30.85 31.37 29.85 31.52 31.91
−humanities acc ↑ 26.38 26.82 26.21 26.78 26.42 26.23 28.74
−other acc ↑ 36.14 33.37 36.50 37.30 33.44 33.79 37.75
−social sci . acc ↑ 32.92 33.12 33.60 33.90 32.01 35.10 35.42
−stem acc ↑ 28.86 29.27 29.53 29.91 29.31 31.72 27.47

wikitext-1k bpb ↓ 0.87 0.86 0.85 0.85 0.83 0.83 0.73
ppl ↓ 25.08 24.56 23.69 23.05 22.15 21.70 15.35

wikitext-2k bpb ↓ – – – 0.82 0.81 0.80 0.71
ppl ↓ – – – 21.10 20.08 19.64 14.01
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dreds of billions of tokens. As for why we didn’t observe the instabilities reported in Fishman et al.
[36], we suspect three contributing factors:

• Themodel is quite small, and thus generally expected to bemore stable, even with the large
learning rate.

• The training data is of high quality. As we train for only a “small” amount of tokens, we can
choose a strongly-filtered dataset. It has been observed that FP8 training stability benefits
even more than BF16 from clean training data [43].

• We use just-in-time abs-max scaling for quantization. Thus, a small number of steps with
exploding activations have amuchmore limiting impact on overall training than theywould
in a delayed-scaling scheme as it is employed in most alternative frameworks.
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