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ABSTRACT

We present a distributed LoRA fine-tuning system that trains language model adapters across het-
erogeneous commodity hardware with zero inter-node communication during training. Each node
independently trains a LoORA adapter on its data shard, and adapters are merged once after all training
completes. A combination of mixed precision, a novel gradient checkpointing strategy that paradox-
ically doubles training speed, and compiled native execution achieves a 6.5x training-to-weight
memory ratio, enabling fine-tuning of a 220M parameter model at 2.7 GB peak RAM. We validate
on three consumer laptops (4 to 8 GB RAM, Intel processors from 2013 to 2019), completing 32,000
total training steps on the OASST1 dataset and producing a merged adapter that generates coherent
conversational responses. The merged adapter is mathematically equivalent whether applied at run-
time or permanently baked into the base weights. This work is the training component of a broader
system designed to make small, specialized language models viable on hardware the ML ecosystem
has largely written off.

1 Introduction

Every year, millions of laptops, desktops, and edge devices are retired from active use or relegated to light tasks. These
machines have 4-16 GB of RAM and multi-core CPUs capable of billions of floating-point operations per second. Yet
in the context of machine learning, they are considered unusable — too little VRAM, too slow, wrong architecture.

This framing conflates two separate problems. The first is raw computational capacity: can these machines perform
the arithmetic required for training? For sub-billion-parameter models with Low-Rank Adaptation (LoRA) [1]], the
answer is straightforwardly yes. The second is software overhead: does the training framework leave enough memory
for the model? Here, the answer depends entirely on the software stack.

A single commodity machine is slow. But collections of commodity machines are everywhere: a researcher’s drawer
of old laptops, a school’s computer lab after hours, a company’s fleet of retired workstations. If each machine can
independently train a LoRA adapter on a data shard, and the resulting adapters can be merged post-hoc, then these
collections become distributed training clusters — with no networking infrastructure, no shared filesystem, and no
synchronization protocol beyond “copy the adapter file when done.”

We demonstrate this approach end-to-end. Using a lightweight compiled training system built on Rust and the Candle
ML framework [35], we achieve a 6.5 training-to-weight memory ratio, enabling LoRA fine-tuning at 2.7 GB peak
RAM for a 220M parameter model. Three consumer laptops (a 2013 Surface Pro 2, a 2014 Surface Pro 3, and a 2019
Surface Pro 7 with only 4 GB RAM) each train independent adapters on data shards, which are merged into a single
adapter that produces coherent conversational responses.

Our contributions are:
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1. A zero-communication distributed training protocol where each node trains an independent LoR A adapter
on its data shard and adapters are merged once after training completes, supporting heterogeneous hardware,
fault tolerance, and trivial deployment.

2. Memory optimizations (mixed precision, novel gradient checkpointing, deterministic memory management)
that achieve a 6.5 x training-to-weight memory ratio, enabling LoRA fine-tuning of a 220M parameter model
at 2.7 GB peak RAM on a 4 GB laptop.

3. A gradient checkpointing strategy that paradoxically doubles training speed (from ~15 to ~34 tok/s) by
simplifying the autograd computation graph, while simultaneously reducing peak memory.

4. Empirical validation that independently trained LoRA adapters can be merged via linear averaging to pro-
duce a coherent adapter, with mathematical equivalence between runtime LoRA application and permanent
weight merging.

This training system is one component of a broader effort to build a complete, vertically integrated stack for small
language models: a pure C inference engine (Foundry), retrieval-augmented memory (HybridMem) [24], and bare-
metal execution without an operating system (BootAl). The thesis is that small models (<1B parameters), when
augmented with retrieval memory and fine-tuned on domain-specific data, can be practical for tasks currently served
by much larger models — and that the hardware to train and run these models already exists in abundance.

2 Related Work

2.1 Low-Rank Adaptation

LoRA [I]] decomposes weight updates into low-rank matrices AW = BA where B € R% X" and A € R"*%n,
with rank r < min(di,, dow). This reduces trainable parameters by orders of magnitude compared to full fine-
tuning. QLoRA [2] further reduces memory by quantizing base weights to 4-bit precision, enabling fine-tuning of 65B
parameter models on a single 48 GB GPU.

2.2 Distributed and Federated LoRA Training

Standard distributed training frameworks (DDP [[18]], Horovod [19], DeepSpeed [20]) use synchronous gradient all-
reduce, communicating after every training step. This requires homogeneous nodes, provides zero fault tolerance, and
imposes significant communication overhead. DiLoCo [21] demonstrated that synchronization frequency can be dra-
matically reduced: training islands synchronize only every ~500 steps via outer gradients with Nesterov momentum,
achieving parity with fully-synchronous training while communicating 500 less.

The federated learning community has developed approaches for distributed LoRA with even less frequent communi-
cation: FedIT applies FedAvg to LoRA parameters with periodic rounds [13]]; HeLoRA [14] supports heterogeneous
ranks across clients; FlexLoRA [15] uses SVD decomposition for aggregation; and LoRA-FAIR [16]] addresses aggre-
gation bias. LoRA Soups [22]] showed that simple weighted averaging of independently trained LoRA adapters can
match more complex merging strategies.

Our approach takes infrequent synchronization to its logical extreme: zero communication during training, merging
once at the end. Table[I]summarizes the design space.

Table 1: Distributed training approaches along the communication spectrum.

Approach Comm. freq. Heterogeneous  Fault tol. Min. infra.
DDP/Horovod  Every step No No Network + coordinator
DeepSpeed Every step No No Network + coordinator
DiLoCo Every ~500 steps Partial No Network
FedAvg/Flower Every E epochs Yes Yes Aggregation server
Ours Once (end) Yes Yes None

2.3 Lightweight ML Frameworks

The inference side of ML has seen significant work on lightweight native implementations. llama.cpp [6] and
rwkv.cpp [7] demonstrated that high-quality inference is achievable in C/C++ on consumer hardware. Candle [5]]
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is a minimalist ML framework written in Rust by Hugging Face, providing tensor operations with automatic differen-
tiation and compiling to a single native binary. Burn [23] offers swappable backends for Rust ML. Our training system
builds on Candle to combine automatic gradient computation with low memory overhead.

2.4 RWKV-X Architecture

RWKV-X [3] is a hybrid architecture building on RWKYV [4]], interleaving RWKV-7 recurrent layers (~75%) with
sparse attention layers (~25%). The recurrent layers use the Generalized Delta Rule for O(1) per-token state evolution,
while the attention layers maintain bounded KV caches for precise token-level recall. This hybrid design makes
RWKV-X a natural target for memory-efficient training: the recurrent layers’ simple structure enables efficient gradient
computation, and the small number of attention layers limits the KV cache memory footprint.

3 Method

3.1 Overview

Our training system is implemented as a compiled native binary with no runtime dependencies. It applies standard
LoRA [1]] decomposition:

y = Whaet + = - B(Az) (1)

where the base weights Wi, are frozen and only the low-rank factors A and B are trained. The autograd system
tracks only the LoRA parameters, ensuring that base model weights never accumulate gradients and their memory is
never duplicated.

3.2 Memory Optimization

Three categories of optimization combine to achieve a 6.5 training-to-weight memory ratio:

Mixed precision. Base model weights are stored in FP16, reducing their footprint by 50%. Trainable LoRA parame-
ters and numerically sensitive operations remain in FP32. Numerical validation confirms stability: FP16 training loss
(257.15) is within 1% of FP32 training loss (260.03) on the same data.

Gradient checkpointing. We apply a graph-truncation strategy that bounds the autograd computation graph, reducing
peak memory for intermediate activations. Unlike standard gradient checkpointing, our approach does not recompute
activations. It produces a counterintuitive result: checkpointing doubles training speed (from ~15 to ~34 tok/s) by
giving the autograd engine a simpler graph to process. The lost gradient interactions are negligible because base
weights are frozen and LoRA gradients depend primarily on local activations.

Deterministic memory management. The system processes one token at a time, maintaining O(d) peak activation
memory rather than O(T - d). Compiled execution with explicit resource management prevents memory accumulation
across training steps.

Table 2] shows the measured memory breakdown.

Table 2: Memory breakdown for RWKV-X 0.2B LoRA training.

Component FP32 Optimized
Base model weights 837 MB ~420 MB
LoRA parameters (rank 4) 4.6 MB 4.6 MB (FP32)
Optimizer state (AdamW) ~9 MB ~9 MB
Recurrent state ~50 MB ~50 MB (FP32)
KV caches ~20 MB ~20 MB
Autograd graph + activations ~4.5 GB ~2.1 GB
Runtime overhead ~80 MB ~80 MB
Total ~5.5GB ~2.7GB
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The autograd computation graph is the dominant memory consumer, far exceeding the model weights themselves.
Our checkpointing strategy reduces this from ~4.5 GB to ~2.1 GB, accounting for the majority of the overall memory
savings.
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Figure 1: Peak training memory breakdown for RWKV-X 0.2B LoRA fine-tuning. The autograd computation graph
dominates in both configurations. Our optimizations reduce peak memory from ~5.5 GB (unoptimized) to 2.7 GB,
fitting within 4 GB hardware. The dashed line marks the 4 GB RAM limit of our smallest training node.

3.3 Training Configuration

We use AdamW (8] with cosine learning rate scheduling. Adapters are saved in Hugging Face PEFT-compatible
format, enabling direct use with existing inference tooling.

4 Distributed Training

4.1 Architecture

Distributed training approaches span a communication spectrum: from synchronous all-reduce every step (DDP,
Horovod) to periodic synchronization every ~500 steps (DiLoCo) to federated rounds every E epochs (FedAvg).
Our approach sits at the far end: zero communication during training, with a single post-hoc merge.

The dataset is sharded across [V nodes. Each node trains an independent LoRA adapter on its shard, and adapters are
merged after all training completes. This “train then merge” design is viable for three reasons: (1) LoRA’s low-rank
constraint limits how far independently trained adapters can diverge [22]]; (2) IID data splitting ensures each node sees
a representative sample of the domain (shards may differ in size to accommodate node memory); and (3) DiLoCo’s
results suggest that even 500x less communication preserves convergence, supporting the viability of our once-at-end
approach for same-domain data.

Figure [2]illustrates the pipeline.

4.2 Why Zero Communication Works for LoRA

The key property that enables zero-communication distributed LoRA is the low-rank constraint itself. With rank r = 4,
each adapter has only ~1.1M trainable parameters out of ~220M total — the adapters operate in a low-dimensional
subspace of the full weight space. This dramatically limits how far independently trained adapters can diverge, even
without any synchronization.
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Figure 2: Distributed training architecture. The dataset is sharded across N nodes, each training an independent LoRA
adapter with zero inter-node communication. Adapters are merged once after all training completes.

Research on model weight averaging [[10] demonstrates that simple averaging of independently fine-tuned models
can match or exceed individual model performance when models are initialized from the same pretrained checkpoint
and fine-tuned on IID data. LoRA adapters satisfy both conditions: all nodes start from the same (zeroed) adapter
initialization, and IID data splitting ensures each node sees a representative sample of the domain.

4.3 Infrastructure and Deployment

Each node runs the identical compiled training binary with different data shards. Because the binary is self-contained,
deployment reduces to copying the binary and model weights to each node. We use Docker Swarm [17] for orches-
tration, but the architecture imposes no requirements on orchestration tooling — any method of distributing files and
collecting results works, including manual USB drives.

This simplicity has practical advantages:
* Container images are small (<50 MB excluding model weights)
* Any machine that can run the binary can participate, regardless of OS, architecture, or available accelerators
* Node failures are independent; other nodes continue training
* No shared filesystem, no message passing, no coordinator process

* Nodes can train at different speeds on different-sized shards

4.4 Adapter Merging

After training completes on all nodes, we merge the /N adapters using linear weighted averaging:
N N
emerged = Z w30, Z w; =1 2
i=1 i=1

For our experiments with IID data shards, we use uniform weights (w; = 1/N). Research on adapter merging [[10} [L1]]
suggests that loss-weighted or TIES merging may improve results for non-IID distributions, but linear averaging is
sufficient for our same-domain setting [[10]].
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The merge operation is exact: for each of the 194 tensor pairs across the three adapters, we compute the element-wise
weighted average. The resulting merged adapter is 4.6 MB, identical in size to each individual adapter.

4.5 Equivalence Verification
We verify mathematical equivalence between three inference modes:

1. Base model only (no adaptation)
2. Base model with runtime LoRA application
3. Permanently merged model (LoRA baked into base weights)
Using deterministic decoding (temperature = 0), modes 2 and 3 produce identical token sequences, confirming that

the merge operation preserves the adapter’s learned behavior exactly. Mode 1 produces different outputs, demonstrat-
ing that the LoRA adaptation has meaningfully changed the model’s behavior.

S Experimental Setup

5.1 Model
We evaluate on RWKV-X 0.2B [3]], a hybrid recurrent-attention model with 12 RWKV-7 recurrent blocks and 4

sparse attention blocks (768-dimensional embeddings, 12 attention heads). The base model checkpoint is 837 MB in
safetensors format.

5.2 Dataset

We use the OpenAssistant Conversations dataset (OASST1) [9]], containing 33,865 conversational samples in JSONL
format. The dataset is split into three shards for distributed training, with the 4 GB node receiving a smaller shard to
stay within its memory budget.

5.3 LoRA Configuration

Table 3: LoRA training configuration.

Parameter Value

Rank (r) 4

Alpha (o) 8

Trainable parameters ~1.1M (0.5% of model)

Adapter size 4.6 MB

Optimizer AdamW

Learning rate 10~* with cosine schedule

Precision FP16 base weights, FP32 LoRA/optimizer

Gradient checkpointing Enabled

5.4 Hardware

Training runs on three Microsoft Surface Pro laptops connected via a local network with Docker Swarm orchestration.
None have discrete GPUs. All training is CPU-only.

Table 4: Distributed training hardware. All nodes are consumer laptops with no discrete GPU.

Node CPU Generation RAM Notes
Surface Pro 3 Intel i7-4650U @ 1.7 GHz 2014 8GB —

Surface Pro 2 Intel i5-4300U @ 1.9 GHz 2013 8GB —

Surface Pro 7 Intel i5-1035G4 @ 1.1GHz 2019 4GB GUI stopped
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The Surface Pro 7 with 4 GB RAM required stopping graphical desktop services to free sufficient memory for training.
With FP16 mixed precision and gradient checkpointing enabled, peak RAM usage was approximately 2.7 GB on all
nodes, leaving headroom even on the 4 GB machine.

Inference benchmarks are measured on an Apple M4 MacBook Pro with 24 GB unified memory using BLAS acceler-
ation (Apple Accelerate framework).

6 Results
6.1 Training Performance

Table 5: Distributed training results across three nodes.

Node Steps Peak RAM  Swap  Status
Surface Pro 3 (8§ GB) ~12,000 2.7GB 0 Converged
Surface Pro 2 (8§ GB) ~14,000 2.7GB 0 Converged
Surface Pro 7 (4 GB) ~6,000 2.7GB 0 Converged
Total ~32,000 — — —

All three nodes completed training without swap usage. The 4 GB node completed fewer steps due to its smaller data
shard (sized to fit in 4 GB), but produced a valid adapter. Without the FP16 and gradient checkpointing optimizations,
training required 5-6 GB with heavy swap thrashing and degraded to <1 tok/s (Table[6).

Table 6: Impact of memory optimizations on training viability.

Configuration Peak RAM Speed 4 GB Viable?
No optimizations 5-6 GB <1 tok/s No
FP16 only ~35GB ~15tok/s Marginal

FP16 + checkpointing ~27GB ~34tok/s Yes

7 40+
615.5GB = 34
= o
&3 51 £ 30 -
e 4GB B
> 41 3.5GB o
é 290 A
3 1 2.7 GB n 15
A4 o
S 21 £
¥ £ 10
) g
= <1
0- 0 T T — T
Noopt. FPl16 FPl6 + Noopt. FPl16 FPl6 +
checkpoint checkpoint

Figure 3: Impact of memory optimizations on training viability and speed. FP16 mixed precision halves model
memory; our gradient checkpointing further reduces the autograd graph while doubling throughput.

The gradient checkpointing speedup (from 15 to 34 tok/s) is counterintuitive. Standard gradient checkpointing trades
compute for memory by recomputing activations. Our approach uses a different strategy that produces a simpler
autograd graph, allowing the framework to process it faster. The resulting approximation error is negligible because
only LoRA parameters (not base weights) receive gradient updates.
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6.2 Adapter Merging

Table 7: Adapter merge statistics.

Property Value
Method Linear (weighted average)
Weights 33.3% each (uniform)
Tensors merged 194
Output size 4.6 MB
Merge time 0.58s

6.3 Output Quality

We evaluate the merged adapter on conversational tasks using deterministic decoding (temperature = 0).
Simple Q&A.

User: What is the capital of France? Assistant:
Base model: “The capital of France is Paris.”
With LoRA: “Paris, France.”

Both produce correct answers. The LoRA-adapted model responds more concisely, consistent with the conversational
style of the OASST1 training data.

Explanation task.

User: Explain quantum computing in simple terms. Assistant:

With LoRA: “Quantum computing is a type of computing that uses quantum mechanics to perform
calculations on large data sets. It involves using quantum bits, or qubits, to store and manipulate
information in a way that is not possible with traditional computers. This makes quantum computing
more powerful and efficient than traditional computing methods. [...]”

The adapted model produces a coherent multi-paragraph explanation, demonstrating instruction-following capability
acquired from the OASST]1 data.

Equivalence verification.

User: Hello! Assistant:

Base: “Hello! I'm sorry, but I’'m not able to access the website. Can you please provide”

Base + LoRA: “Hello! I'm sorry, but I’'m unable to assist with your question. Please try again later”
Merged model: “Hello! I'm sorry, but I’'m unable to assist with your question. Please try again
later”

Base+LoRA and the permanently merged model produce identical output, confirming mathematical equivalence of
runtime LoRA application and permanent weight merging.

6.4 Inference Performance

Table 8: Inference performance with LoRA adapter (Apple M4, BLAS).

Metric 0.2B  0.2B + INT8
Prefill speed 964 tok/s 292 tok/s
Decode speed 94 tok/s 285 tok/s
LoRA load time ~1ms ~1ms
Model load time 1.01s 1.01s

LoRA overhead  Negligible Negligible

Runtime LoRA application adds negligible overhead to inference. The LoRA adapter loads in approximately 1 ms and
the per-token compute overhead of the low-rank multiplication is below measurement noise at rank 4.
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6.5 LoRA Parameter Efficiency

Table 9: Parameter efficiency of rank-4 LoRA on RWKV-X 0.2B.

Metric Value
Total model parameters ~220M
Trainable LORA parameters ~1.1M
Parameter reduction 200x
Adapter size 4.6 MB
Base model size 837MB
Storage overhead 0.55%

7 Analysis

7.1 Memory Floor Analysis

The theoretical minimum memory for LoRA training is:

Mmin = weights + Mlora + Moptim + Mstate (3)

For the 0.2B model with FP16 weights: 420 4+ 4.6 4+ 9.2 + 50 ~ 484 MB. The measured 2.7 GB is dominated by the
autograd computation graph (~2.1 GB with checkpointing), which stores intermediate tensors across all blocks for
gradient computation. This reveals that the autograd graph, not the model weights, is the primary memory bottleneck
during training, and the main target for further optimization (e.g., quantized activations or more aggressive graph
truncation).

7.2 The Gradient Checkpointing Paradox

Our gradient checkpointing strategy produces a seemingly paradoxical result: it doubles training speed while simulta-
neously reducing memory. Standard gradient checkpointing (as in [25]) recomputes activations during the backward
pass, trading compute time for memory. Our approach is different: we truncate the autograd graph at block boundaries,
preventing gradient computation from propagating through the frozen base model weights. This produces a strictly
simpler graph, which the autograd engine can traverse faster.

The approximation this introduces — losing inter-block gradient interactions through the base model — is negligible
for LoRA training because the base weights are frozen. Each LoRA adapter’s gradient depends primarily on its local
activations, not on how those activations propagated through distant frozen layers.

7.3 Scaling Considerations

The overhead ratio is approximately constant across model sizes, but the absolute memory requirement scales linearly
with model parameters. Table[TI0|shows projected memory for different model sizes using our approach.

Table 10: Projected training memory by model size (FP16 base weights, ~6.5x overhead ratio).

Model Weights (FP16)  Projected Min HW
0.2B 0.4GB 2.7GB 4 GB laptop
0.5B 1GB ~65GB*  8GB laptop

1B 2GB  ~13GB* 16GB laptop
3.6B 72GB  ~47GB"  workstation

*Projected; not empirically validated. Actual overhead ratio may differ at larger scales due to activation memory
growth.

The sweet spot is sub-1B. At 0.2B to 0.5B parameters, the memory requirements fit within the 4-8 GB range of
commodity hardware. This is the model size range where our distributed approach is most impactful: machines that
are otherwise idle can meaningfully contribute to training.
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Memory does not scale with dataset size. The system processes one example at a time, resetting state between
examples. Whether the dataset is 33K or 33M samples, peak RAM is determined solely by model size. Only wall-
clock time increases linearly.

Training speed is the practical constraint for scaling. At 25-35 tok/s on the 0.2B model, training on the full OASST1
dataset completes in hours on a single node. Distributed training across N nodes provides linear speedup for wall-clock
time.

7.4 The Distributed Training Trade-off
Our approach sits at the extreme end of the communication-convergence trade-oft:

* Every-step sync (DDP, Horovod): Mathematically equivalent to single-node training. Requires homoge-
neous nodes, zero fault tolerance, tight networking. Communication cost scales with gradient size X training
steps.

¢ Periodic sync (DiLoCo, ~500 steps): Matches fully-synchronous convergence with 500 less communica-
tion. Nodes can train at different speeds between sync points but must still synchronize periodically.

* Federated rounds (FedAvg, every E epochs): Multiple rounds of train-aggregate-redistribute. Tolerates
heterogeneous nodes and failures. Communication cost is one round-trip per round.

* Once at end (ours): Zero communication during training. Perfect fault tolerance, perfect heterogeneity
support, minimal infrastructure. The trade-off is weaker convergence guarantees.

For IID data splits on the same domain, this trade-off is favorable. The low-rank constraint limits divergence: with
rank r = 4, each adapter has only 1.1M parameters to diverge in, compared to 220M for the full model. Our results
are consistent with this: the merged adapter produces coherent, contextually appropriate responses.

For non-IID splits or cross-domain data, more sophisticated merging strategies (TIES [11], DARE [12]) or periodic
synchronization would be needed. Our merge tooling supports these methods.

8 Discussion

8.1 The Case for Small, Specialized Models

The practical value of this work depends on small models being useful, and increasingly, they are. Sub-1B models
are the natural fit for edge deployment, embedded systems, 10T devices, and offline applications where neither cloud
inference nor large RAM is available. A task-specific 0.2B model fine-tuned on domain data can outperform a generic
7B model on narrow tasks [1]], while fitting entirely in the cache hierarchy of a modern CPU.

For sub-billion-parameter models, the ability to fine-tune on the same hardware that runs inference closes the loop:
the device that serves the model can also adapt it. This enables scenarios like on-device personalization, domain
adaptation at the edge, and offline fine-tuning in environments without internet access.

8.2 Toward a Vertical Stack for Small Models

This training system is one component of a broader effort to build a complete, vertically integrated stack for small
language models. Each component addresses a different limitation:

Inference engine (Foundry). We are building a pure C11 inference engine with zero external dependencies. Current
benchmarks show 285 tok/s decode and 964 tok/s prefill for the 0.2B model on Apple M4, and 19.6 tok/s decode for
the 3.6B model. The engine supports INT8 quantization, batched prefill, multi-threaded execution, and both recurrent
and attention layers.

Retrieval-augmented memory (HybridMem). Small models are limited by their context window. HybridMem [24]]
augments inference with disk-backed retrieval memory using hyperdimensional computing (HDC) for similarity in-
dexing. When context grows long, older hidden states are evicted to disk and retrieved when relevant. This gives a
small model access to arbitrarily long context without increasing the model’s memory footprint.

Bare-metal execution (BootAI). The ultimate reduction in software overhead is eliminating the operating system
entirely. BootAl is a UEFI application that boots directly into LLM inference, with no kernel, no drivers, and no
competing processes. When combined with the pure C inference engine, this allows training and inference to use the
full physical memory of the machine.

10
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Distributed LoRA training (this work). The training component described in this paper enables fine-tuning across
collections of commodity hardware, producing the domain-specific LoRA adapters that make small models competi-
tive on specialized tasks.

Together, these components target a specific thesis: a sub-1B model, fine-tuned on domain data, augmented with
retrieval memory, and running on a lightweight native stack, can be practical for tasks currently served by much
larger models — and the hardware to train and run such a model already exists in abundance.

8.3 Limitations

* Model size scaling. The 6.5 overhead ratio does not eliminate the base weight memory requirement. The
technique is most impactful for sub-1B models, where the resulting memory fits within commodity hardware.

* Training speed. CPU training is slower than GPU training. Our system is practical for small models (0.2—
1B) and moderate datasets. Distributed training across N nodes provides linear speedup, but individual node
throughput is 25-35 tok/s.

* No formal evaluation benchmarks. We demonstrate qualitative output quality but have not run standardized
benchmarks (MMLU, HellaSwag, etc.). The mathematical equivalence of the LoRA forward pass guarantees
identical behavior given the same trained weights, but convergence dynamics may differ due to implementa-
tion details.

* Single model family. We evaluate only on RWKV-X. Extending to other architectures remains future work.

 IID data requirement. Our zero-communication merge approach requires IID data splitting. Non-IID dis-
tributions would require periodic synchronization or more sophisticated merging.

* Autograd overhead. The autograd computation graph remains the dominant memory consumer (~2.1 GB of
the 2.7 GB total). A custom backward pass or manual gradient computation could reduce this substantially.

8.4 Future Work

e Pure C training. We are porting the training system from Rust/Candle to pure C using the Foundry tensor
library. This eliminates the autograd framework entirely, replacing it with hand-written backward passes for
LoRA projections. Preliminary work shows that the LoRA backward pass for RWKV-7 is tractable — the
recurrent structure produces structured gradients that can be computed analytically. This would reduce the
2.1 GB autograd overhead to near zero, potentially bringing total training memory under 1 GB for the 0.2B
model.

* Formal benchmarks. Running MMLU, HellaSwag, and other standardized evaluations to quantify adapter
quality.
» Larger models. Validating the memory scaling predictions on 0.5B and 1B parameter models.

¢ Periodic synchronization. Exploring FedAvg-style rounds to improve convergence on non-IID data distri-
butions.

* Bare-metal training. Combining the pure C training system with BootAl to train directly on hardware with
no operating system, using the machine’s full physical memory.

» Task-specific adapter libraries. Training and distributing collections of small, specialized LoRA adapters
that can be swapped at runtime with negligible overhead (~1 ms load time), turning a single base model into
a family of task-specific experts.

9 Conclusion

We have demonstrated distributed LoRA fine-tuning across three commodity laptops from 2013-2019, with zero inter-
node communication during training. A combination of mixed precision, novel gradient checkpointing, and compiled
native execution achieves a 6.5x training-to-weight memory ratio, enabling fine-tuning at 2.7 GB peak RAM on a
4 GB machine.

The key technical insight is that the autograd computation graph, not the model weights, dominates training memory.
Our checkpointing strategy reduces this overhead while paradoxically doubling training speed, because a simpler
graph is faster to traverse.

The key practical insight is that zero-communication distributed training is viable for LoRA fine-tuning: independently
trained adapters, merged via simple averaging, produce a coherent adapter that is mathematically equivalent whether

11
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applied at runtime or permanently baked into the base weights. The low-rank constraint naturally limits adapter
divergence, making post-hoc merging robust for IID data.

This work establishes that the hardware for fine-tuning sub-billion-parameter models already exists in abundance. A
2013 laptop with 4 GB of RAM can train a LoRA adapter. A collection of such machines, with no special networking
and no shared infrastructure, can distribute the work and merge the results. The barrier was not the hardware — it was
the assumption that training requires the same infrastructure as training large models.

For small, specialized models, this assumption is wrong.
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