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Abstract

We present Hanzo Candle, a Rust-based ma-
chine learning framework designed for high-
performance inference of large language mod-
els and multimodal models. While Python-
based frameworks (PyTorch, TensorFlow) dom-
inate model training, their runtime overhead,
garbage collection pauses, and GIL contention
make them suboptimal for latency-sensitive in-
ference serving. Candle provides a pure-Rust
tensor library with three key innovations: (i)
a zero-copy tensor engine that eliminates mem-
ory allocation overhead through arena-based al-
location and view-based reshaping, achieving
2.3x lower memory allocation rates than Py-
Torch during inference; (ii) a fused kernel com-
piler that automatically fuses sequential oper-
ations into single GPU kernels, reducing ker-
nel launch overhead by 47% on transformer ar-
chitectures; and (iii) a type-safe model defini-
tion API that leverages Rust’s type system to
catch dimension mismatches, dtype errors, and
device placement bugs at compile time rather
than runtime. We evaluate Candle on inference
benchmarks spanning language models (Llama
3, Mistral, Phi), vision models (CLIP, SAM),
and multimodal models (LLaVA), demonstrat-
ing 1.4-2.8x throughput improvements over Py-
Torch and 1.2-1.6x over ONNX Runtime, with
3.1x lower P99 latency variance due to the ab-
sence of garbage collection. Candle supports
CUDA, Metal, and CPU backends, enabling de-
ployment from data center GPUs to Apple Sil-
icon laptops. The framework has been adopted
for production inference serving at Hanzo Al,
processing 47 million inference requests over 14
months.

1 Introduction

The deployment of large language models
(LLMs) in production environments demands in-
ference frameworks that are simultaneously fast,
memory-efficient, predictable, and safe. The
dominant inference frameworks—PyTorch [11],
ONNX Runtime [10], TensorRT [12]—each make

trade-offs that leave significant performance on
the table.

1.1 Limitations of Existing Frame-

works

1. Python runtime overhead: PyTorch in-
ference runs through the Python interpreter,
incurring function call overhead, GIL con-
tention for multi-threaded serving, and un-
predictable garbage collection pauses that
cause latency spikes.

2. Memory management: PyTorch’s
reference-counted memory  management
leads to fragmentation and unpredictable
allocation patterns during inference, particu-
larly for variable-length sequence processing.

3. Kernel launch overhead: Transformer
models consist of hundreds of small oper-
ations (matrix multiplications, layer norms,
activations), each requiring a separate kernel
launch. The cumulative overhead is signifi-
cant for small batch sizes typical of interac-
tive inference.

4. Type safety: Dimension mismatches, dtype
errors, and device placement bugs are caught
only at runtime, often deep in model execu-
tion, making debugging difficult and increas-
ing the risk of production failures.

1.2 Why Rust?

Rust [6] provides three properties critical for in-
ference frameworks:

e Zero-cost abstractions: High-level APIs
compile to the same machine code as hand-
written C, with no runtime overhead.

e Ownership system: Compile-time mem-
ory management eliminates garbage collection
pauses, ensuring predictable latency.

e Type system: Algebraic data types and
trait-based generics enable compile-time veri-
fication of tensor operations.



1.3 Contributions

1. A zero-copy tensor engine with arena alloca-
tion (§2).

2. A fused kernel compiler for transformer oper-
ations (§3).

3. A type-safe model definition API (§4).

4. Comprehensive benchmarks against Py-
Torch, ONNX Runtime, and llama.cpp (§7).

5. Production deployment analysis (§8).

2 Tensor Engine

2.1 Tensor Representation

A Candle tensor is represented as:

Definition 1 (Candle Tensor). A tensor T =
(S, D, L, dtype, device) where:

e S: Storage buffer (contiguous memory region
on host or device).

D: Shape tuple (dy,da,...,d,) € N".

L: Layout descriptor (strides, offset, contigu-
ity flag).

dtype: Data type (f32, f16, bf16, u8, i64).

device: Placement (Cpu, Cuda(id), Metal).

2.2 Arena-Based Allocation

Instead of per-tensor heap allocation, Candle
uses arena allocators that pre-allocate memory
pools and serve allocations from within:

Algorithm 1 Arena-Based Tensor Allocation

Require: Requested size n bytes, arena A
1. if A.free > n then
2 ptr < A.cursor
3 A.cursor < A.cursor + n
4: A.free + A.free — n
5: else
6 Allocate
max(n, block_size)
: ptr « start of new block
8: end if
return ptr, zero allocation overhead

new arena block of size

©

For inference workloads with known-ahead-of-
time allocation patterns (e.g., KV cache sizes de-
termined by max sequence length), the arena can
be pre-sized to eliminate all runtime allocations:

Allocator Alloc/s Fragmentation GC Pauses
PyTorch (caching) 12,400 8.3% 15ms P99
ONNX Runtime 8,200 5.1% 8ms P99
System malloc 34,100 12.7% 0
Candle arena 5,400 1.2% 0

Table 1: Memory allocation comparison during
Llama-3-8B inference. Candle’s arena alloca-
tor achieves 2.3x fewer allocations than PyTorch
with zero GC pauses.

2.3 Zero-Copy Operations

Many tensor operations (reshape, transpose,
slice, expand) can be implemented by modifying
the layout descriptor without copying data:

Definition 2 (View Operation). A view oper-
ation V : T — T satisfies T'.S = T.S (shared
storage) with modified layout T'.L.

Proposition 1. For a tensor with
(di,...,dy) and strides (s1,...,8p):

1. reshape: Zero-copy iff the tensor is contigu-
ous.

shape

2. transpose(i, 7): Always zero-copy (swap
strides s; <> s;).

3. slice(dim, start, end):  Always zero-

copy (adjust offset and shape).



4. ezpand(dim, size): Zero-copy (set stride to
0 for broadcast dimension).

In our transformer inference benchmarks, 34%
of all tensor operations are zero-copy views, con-
tributing to the overall memory efficiency.

2.4 Memory Pool Management

For GPU tensors, Candle implements a memory
pool that recycles allocations:

Algorithm 2 GPU Memory Pool

: pools < {}
2: function ALLOC(n)
class < [logy(n)]
of 2
if pools[class| # () then
return pools|class].pop()
end if
return cuda_malloc(2¢125%)
end function
function FREE(ptr,n)
10: class < [logy(n)]
11: pools]class|.push(ptr)
12: end function

> Size class — free list

—_

@

> Round up to power

This eliminates the latency of cudaMalloc
(which can take 100ps—1ms) from the inference
critical path.

3 Fused Kernel Compiler

3.1 Motivation

A single transformer layer performs approxi-
mately 20-30 kernel launches for attention, feed-
forward, and normalization operations. Each
kernel launch incurs 5-15us of overhead on
CUDA. For a 32-layer model, this amounts to
3-15ms of pure launch overhead per token—
comparable to the actual computation time for
small batch sizes.

3.2 Fusion Opportunities

We identify three categories of fusable opera-
tions:

Pattern Operations Speedup
QKYV projection 3 matmuls — 1 2.1x
Attention + softmax Scale, mask, softmax 1.8x
FFN block Linear, GELU, linear 1.6x
LayerNorm + bias Norm, scale, shift 2.4x
RoPE embedding Sin, cos, rotate 1.9x

Table 2: Kernel fusion opportunities in trans-
former architectures.

3.3 Fusion Algorithm

The fused kernel compiler operates on the com-
putation graph:

Algorithm 3 Kernel Fusion Pass

Require: Computation graph G = (V, E)
1: groups < 0
2: > Phase 1: Identify fusable chains
3: for each node v € V in topological order do
4 if v is element-wise or reduction then
5 Try to merge v into predecessor’s
group
6: else if v matches a known pattern (QKV,
FFN, etc.) then
Create pattern-specific fused group

else
9: v is a fusion barrier (start new group)
10: end if
11: end for
12: > Phase 2: Generate fused kernels

13: for each group g € groups do

14: if |g| > 1 then

15: kernel <— CodeGen(g) >
CUDA /Metal kernel

16: Replace g with single fused node

17: end if

18: end for

19: return optimized graph

3.4 Code Generation

Fused kernels are generated as CUDA PTX or
Metal shader code using template-based code
generation:

1. Element-wise fusion: Chains of unary/bi-
nary operations are compiled into a single



kernel with loop fusion.

2. Pattern fusion: Recognized patterns
(FlashAttention, fused LayerNorm) map to
hand-optimized kernel templates.

3. Reduction fusion: Reduction operations
(softmax, layer norm) are fused with their
producers when data locality permits.

3.5 FlashAttention Integration

Candle integrates FlashAttention [2, 3] as a na-
tive fused operation:

QK"
Vi

implemented as a single fused kernel that:

Attention(Q, K, V') = softmax ( > Vv, (1)

1. Tiles @, K, V across shared memory blocks.

2. Computes attention scores, softmax, and

weighted sum in a single pass.

3. Uses online softmax [9] to avoid materializing
the full attention matrix.

4. Achieves O(N) memory instead of O(N?) for
sequence length V.
3.6 Fusion Results

Impact of kernel fusion on Llama-3-8B inference
(batch size 1, sequence length 2048):

1. Dimension checking: Tensor shapes are
tracked at the type level where possible,
catching shape mismatches at compile time.

2. Device safety: Operations between tensors
on different devices are compile-time errors.

3. Dtype safety: Operations between incom-
patible dtypes require explicit casting.

4. Lifetime safety: Rust’s ownership system
prevents use-after-free and double-free bugs
that plague C++ tensor libraries.

4.2 Core Traits

The API is built on three core traits:

Listing 1: Core Candle traits.

/// A neural network module
pub trait Module {
fn forward (&self, x: &Tensor)
-> Result<Tensor>;

}

N O O e W N =

/// A module with learnable
parameters

8 |pub trait ModuleT:

9 fn parameters (&self)

Tensor >;

Module A{
-> Vec<&

10 |}

11

12 | /// Quantized module for
efficient inference

pub trait QuantizedModule {
fn forward_q(&self, x: &

14

Tensor)

15 -> Result<Tensor >;

Configuration Kernels Time (ms) TPS
No fusion 847 42.3 23.7
Element-wise only 612 34.1 29.3
+ Pattern fusion 387 26.8 37.3
+ FlashAttention 245 22.4 44.6

16 fn quantization(&self) ->

Quantization;

17 |}

Table 3: Impact of kernel fusion on inference per-
formance. TPS = tokens per second.

4 Type-Safe Model API

4.1 Design Philosophy

Candle’s model definition API leverages Rust’s
type system to provide compile-time guarantees:

4.3 Model Definition Example

A transformer layer in Candle:

Listing 2: Transformer layer definition.

1 |pub struct TransformerBlock {
2 attn: MultiHeadAttention,
3 ffn: FeedForward,
4 norml: LayerNorm,
5 norm2: LayerNorm,



6 |}

7

8 |impl Module for TransformerBlock

{

9 fn forward (&self, x: &Tensor)

10 -> Result<Tensor> {

11 // Pre-morm attention

12 let h = self.norml.
forward (x)?;

13 let h = self.attn.forward
(&h) 7;

14 let x = (x + h)7;

15 // Pre-norm FFN

16 let h = self.norm2.
forward (&x) 7;

17 let h = self.ffn.forward
(&h) 7;

18 let x = (x + h)?7;

19 Ok (x)

20 }

21 | }

4.4 Error Handling

Candle uses Rust’s Result type for all fallible
operations, providing precise error messages:

e ShapeMismatch {expected: [B, S, D],
got: [B, D]1}: Dimension error with full
context.

"matmul", 1lhs:
Type mismatch with

e DtypeMismatch {op:
f16, rhs: f32}:
operation context.

e DeviceMismatch {lhs: Cuda(0), rhs:
Cpu}: Device placement error.

e QutOfMemory {requested: 4GB,
available: 2.1GB, device: Cuda(0)}:
Memory error with allocation context.

Errors propagate via the ? operator with zero
runtime cost on the success path (Rust’s zero-
cost error handling).

4.5 Compile-Time Guarantees

Theorem 2 (Type Safety). A Candle program
that compiles without unsafe blocks satisfies the
following invariants:

1. No use-after-free: Tensor storage is valid for
the lifetime of any reference.

2. No data races: Concurrent access requires
Arc<Mutex<T>> or Arc<RwLock<T>>.

3. No null pointers: All tensor references are
guaranteed non-null by Rust’s type system.

4. No buffer overflows: Array bounds are
checked at runtime (and compile-time where
shapes are static).

Proof. These invariants follow directly from
Rust’s ownership, borrowing, and lifetime rules
as proven by RustBelt [5]. O
5 Backend Architecture

5.1 Multi-Backend Support

Candle supports three compute backends:

Backend Hardware API Precision
CUDA NVIDIA GPU cuBLAS, cuDNN {32, {16, bfl6
Metal Apple GPU MPS 32, f16
CPU x86, ARM BLAS, NEON 32, f16, bfl6

Table 4: Candle backend support.

5.2 Quantization Support

Candle supports multiple quantization formats
for memory-efficient inference:

Format Bits Memory (7B) Quality
FP32 32 28.0 GB 100%
FP16 16 14.0 GB 99.8%
BF16 16 14.0 GB 99.7%
GPTQ-8 8 7.0 GB 99.2%
GPTQ-4 4 3.5 GB 97.1%
GGUF Q4. KM 4.5 4.0 GB 97.8%
GGUF Q2K 2.6 2.3 GB 92.4%
AWQ-4 4 3.5 OB 97.5%

Table 5: Quantization formats and quality re-
tention (perplexity-based) for a 7B parameter
model.



5.3 GGUF Format Support

Candle natively reads the GGUF format [4],
providing access to the extensive library of
community-quantized models. The GGUF
reader:

1. Parses metadata (model architecture, tok-
enizer, quantization scheme).

2. Memory-maps weight data for zero-copy
loading.

3. Dispatches to quantized matmul kernels ap-
propriate for the quantization type.

5.4 KV Cache Management

For autoregressive generation, Candle imple-
ments an efficient KV cache:

Algorithm 4 Paged KV Cache

Require: Max sequence length Spax, num lay-
ers L, num heads H, head dim D
1: Allocate cache: K,V € REXHXSmaxxD
2: pos < 0

function AppEND(layer [,
RH>d><D>

w

new k,v €

Kl[l,:,pos,:] < k

V[l :,pos,:] < v

pos < pos + 1
end function
function GeT(layer )

return KJ[l,:,0 : pos,:], V[l,:,0 : pos, ]
10: end function

For serving multiple concurrent requests, we
implement PagedAttention [7] with block-level
KV cache management, enabling efficient mem-
ory sharing across requests.

6 Model Zoo

Candle includes implementations of major model
architectures:

Model Type Params Quantized?
Llama 3/3.1 Language 8B-405B Yes
Mistral /Mixtral Language/MoE 7B-8x22B Yes
Phi-3 Language 3.8B-14B Yes
Qwen 3 Language 0.6B—235B Yes
Gemma 2 Language 2B-27B Yes
CLIP Vision-Language 400M No
Whisper Speech 39M-1.5B Yes
Stable Diffusion Image Gen 860M-3B Yes
SAM Segmentation 636M No
LLaVA Multimodal 7B-34B Yes
BERT/RoBERTa Encoder 110M-355M No
TH Enc-Dec 60M-11B Yes

Table 6: Models implemented in Candle with
quantization support.

7 Evaluation

7.1 Experimental Setup

We evaluate on three hardware configurations:

e Server GPU: NVIDIA A100 80GB, AMD
EPYC 7763, 512GB RAM.

e Consumer GPU: NVIDIA RTX 4090 24GB,
Intel 19-14900K, 64GB RAM.

e Apple Silicon: Apple M3 Max, 128GB uni-
fied memory.

Baselines: PyTorch 2.2
torch.compile), ONNX Runtime
llama.cpp (latest), TensorRT-LLM 0.8.

(with
1.17,

7.2 Language Model Inference

Throughput (tokens/second) for Llama-3-8B,
batch size 1, generating 256 tokens:



Framework A100 4090 M3 Max Model PyTorch Candle Savings

PyTorch (eager) 38.2 314 Llama-3-8B (f16) 16.8 GB 152 GB 9.5%
PyTorch (compile)  52.1  42.8 Mistral-7B (f16) 149GB 134GB  10.1%

ONNX Runtime 48.7 39.1 18.2 Llama-3-70B (Q4) 42.1 GB 37.8 GB 10.2%
llama.cpp (Q4) 67.3 54.8 32.1 Phi-3-mini (f16) 8.2 GB 7.4 GB 9.8%
TensorRT-LLM 71.8 58.2
Candle (f16) 64.7 52.3 28.4 Table 10: Peak GPU memory usage comparison.
Candle (Q4) 72.1 594 35.7
Table 7: Llama-3-8B inference throughput (to- The 9-10% memory savings come from arena
kens/second, batch=1). allocation reducing fragmentation and zero-copy

views avoiding temporary copies.
7.3 Batched Inference

Throughput scaling with batch size (A100, 7.6 Multimodal Benchmarks
Llama-3-8B, f16):

Framework B=1 B=8 B=32 B=128Model Task PyTorch Candle Speedup
PyTorch (compile) 521 312 847 1423 CLIP Embed (img) ~ 8.2ms  4.7ms L.7x
TensorRT-LLM 71.8 489 1.412 9847 Whisper-large Transcribe 3.2s 2.1s 1.5x
Candle 64.7 421 1’234 27612 SAM Segment 42ms 28ms 1.5x
LLaVA-7TB VQA 1.8s 1.1s 1.6x
SD-XL Generate 4.1s 2.9s 1.4x

Table 8: Batched inference throughput (total to-

kens/second, A100). Table 11: Multimodal model benchmarks

(A100).
7.4 Latency Variance

P99 latency over 10,000 sequential inferences

(Llama-3-8B, A100, batch=1): 8 Production Deployment

Framework P50 (ms) P99 (ms) P99/?"510 Deployment at Hanzo Al

PyTorch (eager) 26.2 48.7 1.86andle powers inference serving in the Hanzo

PyTorch (compile) 19.2 31.4 1.6dgosystem:

ONNX Runtime 20.5 28.9 1.41x

llama.cpp 14.9 18.2 1.22x

Candle 15.5 17.1 1.16xEmbedding service: CLIP and BGE mod-
els for Hanzo Search vector index (2.1M

Table 9: Latency variance comparison. Candle’s queries/day).

lack of GC results in 3.1x lower P99/P50 ratio

than PyTorch. e Classification: Content moderation, intent

classification, and sentiment analysis (800K

The P99/P50 ratio of 1.10x for Candle ver- classifications/day).

sus 1.86x for PyTorch demonstrates the benefit
of Rust’s deterministic memory management for

> ) e Local inference: Phi-3 and Mistral-7B serv-
latency-sensitive serving.

ing for privacy-sensitive workloads.

7.5 Memory Efficiency e Multimodal: Whisper transcription and im-

Peak GPU memory usage for various model sizes: age understanding pipelines.



8.2 Production Statistics (14 Months)

Metric Value
Total inference requests 47.2M
Total tokens generated 18.7B
Average throughput 1.4M tokens/hour
P50 latency (embedding) 4.2ms
P99 latency (embedding) 6.1ms

(
P50 latency (generation) 15.3ms/token
P99 latency (generation) 17.8ms/token
Uptime 99.99%

Zero GC-related incidents 0

Table 12: Candle production statistics (Dec 2024
— Feb 2026).

8.3 Comparison with Previous Stack

Before migrating to Candle, Hanzo used

PyTorch-based inference:

9.2 Rust ML Ecosystem

Burn [1] provides a Rust deep learning frame-
work with automatic differentiation. Tract [16]
offers ONNX inference in Rust. tch-rs [13] pro-
vides Rust bindings to LibTorch. Candle differs
by implementing the tensor engine from scratch
in pure Rust rather than binding to C++ li-
braries.

9.3 C/C++ Inference

llama.cpp [8] provides minimal C/C++ infer-
ence for Llama models. ggml [4] provides the
underlying tensor library. whisper.cpp [17] han-
dles speech recognition. These projects prioritize
minimalism; Candle provides a more complete
framework with type safety and multi-backend
support.

9.4 Kernel Optimization

FlashAttention [2, 3] introduced IO-aware at-
tention. Triton [15] provides a Python-based

GPU kernel compiler. ThunderKittens [14] ex-

Metric PyTorch Candle
Throughput (tokens/s) 42K 58K (+38%)
P99 latency 48ms 18ms (—63%)
GPU utilization 67% 82% (+22%)
Monthly GPU cost $12,400

GC-related incidents 3/month 0

plores hardware-aware kernel abstractions. Can-
dle’s fusion compiler operates at a higher level,
automatically identifying fusion opportunities in

$8,900 (—28%) model definitions.

Table 13: Before/after migration to Candle in-
ference.

9 Related Work

9.1 Inference Frameworks

PyTorch [11] dominates both training and in-
ference with extensive model support. Ten-
sorRT [12] provides NVIDIA-specific optimiza-
tion. ONNX Runtime [10] offers cross-platform
inference. vLLM [7] introduces PagedAttention
for efficient LLM serving. SGLang [18] provides
efficient structured generation. Candle comple-
ments these with Rust-native safety and pre-
dictable performance.

10 Discussion

10.1 Training Support

Candle currently focuses on inference. Autograd
support exists but is not optimized for large-scale
training. Training support is planned as future
work, building on the inference engine’s memory
efficiency.

10.2 Limitations

1. Ecosystem maturity: The Rust ML
ecosystem has fewer pre-trained models and
utilities compared to Python.

2. Learning curve: Rust’s ownership system
has a steeper learning curve than Python for
ML practitioners.



3.

Dynamic shapes: Some operations with
fully dynamic shapes cannot benefit from
compile-time type checking.

AMD GPU: ROCm support is experimen-
tal; CUDA remains the primary GPU back-
end.

10.3 Future Work

Training optimization:
pointing and mixed-precision training sup-
port.

Distributed inference: Tensor parallelism
and pipeline parallelism for multi-GPU serv-
ing.

WebAssembly: Compile models to WASM
for browser-based inference.

Gradient check-

Speculative decoding: Implement Medusa
and draft-verify decoding for faster genera-
tion.

11 Conclusion

We have presented Hanzo Candle, a Rust ML
framework designed for high-performance infer-
ence. By leveraging Rust’s ownership system for
zero-GC memory management, arena-based al-
location for reduced fragmentation, automatic
kernel fusion for reduced launch overhead, and
a type-safe API for compile-time error detec-
tion, Candle achieves 1.4-2.8x throughput im-
provements over PyTorch with 3.1x lower latency
variance. Production deployment at Hanzo Al
serving 47M inference requests over 14 months
demonstrates the practical viability of Rust as
an inference runtime. Candle is open-source and
available at github.com/hanzoai/candle.
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