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Abstract
Lower precision can reduce memory without accelerating an individual decision. We time
RoBERTa-large-MNLI on one NVIDIA RTX PRO 6000 Blackwell GPU and four cores of an Intel
Xeon Platinum 8559C CPU. At batch 1 and length 512, compiled NVFP4 W+A takes 9.43 ms ver‐
sus 3.39 ms for compiled FP16. At 32×512, NVFP4 W+A delivers 1,112 decisions/s, 1.28× the
best measured 16-bit path (871). Compiled FP8 W+A reaches 1,100 decisions/s at 32×512 (1.26×),
within 1.0% of NVFP4, and is faster than NVFP4 at 1×512 and 8×256. Compilation also changes
decisions: on 300 real inputs, INT8, FP8 and NVFP4 W+A change 3, 2 and 8 of 300 decisions rel‐
ative to the same recipe run eagerly. On the CPU, BF16 has lower warm latency than either dy‐
namic INT8 recipe. Speed, memory and decision quality must be checked on the intended execu‐
tion path.

1 Introduction
FP8 [1] and NVFP4 [2] formats and quantized transformer methods [3] offer more compact arithmetic, but perfor‐
mance depends on scale computation, kernels and workload shape. An evaluation must distinguish latency from
throughput and check individual decisions, because accuracy can conceal opposing transitions. We measure both on
one public model and keep the decisions produced by every timed path.

2 Setup
We use RoBERTa-large-MNLI revision 2a8f12d2 [4,5] and MultiNLI development data revision da70db2a [6,7]. All
runs use one cloud instance with an NVIDIA RTX PRO 6000 Blackwell Server Edition (96 GB, sm_120), driver
595.112.07, and an Intel Xeon Platinum 8559C with 16 logical / 8 physical cores and 128 GiB RAM. Software is
Python 3.12.3, PyTorch 2.14.1+cu130, CUDA 13.0, torchao 0.18.0, Transformers 5.21.0 and NumPy 2.5.4. TF32 is
disabled and the final classifier stays FP32.
GPU low-bit recipes first convert the encoder to BF16, then quantize its Linear layers with torchao 0.18.0 [8]: INT8
W+A uses Int8DynamicActivationInt8WeightConfig(), FP8 W+A uses
Float8DynamicActivationFloat8WeightConfig(granularity=PerRow()) with fast accumulation, and NVFP4 W+A uses
NVFP4DynamicActivationNVFP4WeightConfig(use_triton_kernel=False, use_dynamic_per_tensor_scale=True). Compiled
paths use torch.compile [9] in the default Inductor mode, without CUDA graphs, with fullgraph=True and
dynamic=False. Every input shape is compiled and warmed before timing; a timed region with any compilation or re‐
compilation would be discarded, and none occurred. CPU tests use four pinned physical cores; CPU INT8 uses
FBGEMM through quantize_dynamic with the module's default reduce_range=True, with per-tensor (default) or per-
channel weights.
Prepared inputs of shape B×L (batch × length in tokens) are constructed from a stream of real MultiNLI tokens,
with every position attended; their timer covers the model call, argmax and transfer of decisions to the host. Each
shape receives 20 warmup and 100 timed calls. Real inputs are 300 development rows, 150 per split, drawn with
seed 20261027 and timed one at a time; their timer adds tokenization, padding and transfer to the device. They are
padded to execution buckets of 64, 256 or 512 tokens (bucketed padding); 267 fall in bucket 64 and 33 in bucket
256. Decisions/s is completed decisions divided by summed timed seconds. Each configuration runs in three fresh
processes; we report means of the process summaries. Process minimum–maximum ranges are within 7% of the
mean for every value reported here and within about 1% for 32×512 throughput.
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Definitions
A decision is the argmax over the three class scores. A change is a different decision from the stated reference: in
Table 2 the same recipe run eagerly with the same bucketed padding, in Table 3 CPU FP32 on the same inputs.
Corrected, newly incorrect and wrong-to-different-wrong mean wrong→right, right→wrong and wrong→anoth‐
er wrong label. W+A means quantized weights and activations. Eager executes operations one by one; compiled
uses torch.compile.

3 Results
The winning path changes across measured operating points. Compiled NVFP4 W+A takes 2.78× as long as
compiled FP16 at 1×512. At 32×512 it is 1.36× faster than compiled FP16 but only 1.28× faster than eager BF16,
the best tested 16-bit path. Compiled FP8 W+A is within 1.0% of NVFP4 at 32×512 (1,100.4 versus 1,111.9 deci‐
sions/s; the process ranges do not overlap), 2.0× faster at 1×512 (4.71 versus 9.43 ms) and 1.8× faster at 8×256. At
8×256, FP8 exceeds eager FP16 throughput by 9.42%; NVFP4 remains slower. Compiled NVFP4 latency stays be‐
tween 9.26 and 9.58 ms from a single 64-token input to 8×256 and on real inputs, which suggests a fixed per-call
cost. These are operating points, not a crossover threshold.
Table 1: Prepared GPU inputs; mean process p50 latency (ms) and throughput (decisions/s) across three processes. Latency is for
the complete batch. E = eager; C = compiled. INT8, FP8 and NVFP4 use W+A recipes.

Recipe / path 1×512 p50 8×256 p50 8×256 decisions/s 32×512 decisions/s
FP32 / E 11.27 28.00 285.7 165.2
FP32 / C 11.65 28.26 283.0 165.1
FP16 / E 5.12 5.73 1,392.7 856.8
BF16 / E 5.18 5.81 1,379.4 871.4
FP16 / C 3.39 6.21 1,294.7 815.3
BF16 / C 3.43 6.23 1,283.5 828.7
INT8 / C 4.80 6.18 1,291.9 761.5
FP8 / C 4.71 5.24 1,523.9 1,100.4
NVFP4 / C 9.43 9.51 840.6 1,111.9

Compilation is neither uniformly faster nor decision-preserving. At 32×512 both 16-bit eager paths outperform
their compiled counterparts. FP32 improves with compilation only for short inputs: from 5.99 to 4.30 ms at 1×64
and from 7.12 to 4.56 ms on real inputs. Table 2 pairs latency with the decisions of the timed path; the three process‐
es produce identical decisions on the same 300 rows.
Table 2: Warm GPU real-input batch-1 p50, mean of three process medians. Correct counts describe the timed path. "Changes"
compares compiled with eager decisions of the same recipe, both with bucketed padding, on these 300 rows.

Recipe Eager ms Compiled ms Correct / 300: E → C Changes
FP32 7.12 4.56 269 → 269 0
FP16 6.31 3.66 269 → 269 0
BF16 6.32 3.67 269 → 269 0
INT8 W+A 166.01 5.03 269 → 270 3
FP8 W+A 38.66 5.92 270 → 272 2
NVFP4 W+A 82.80 9.58 271 → 272 8

The 8 NVFP4 changes comprise 3 newly incorrect, 4 corrected and 1 wrong-to-different-wrong. An exploratory fol‐
low-up on a separate balanced 1,200-row set (200 rows per split and label, seed 1729; 18 rows shared with the 300)
finds 12 changes for INT8, 6 for FP8, 27 for NVFP4 and 2 for BF16, and none for FP32 and FP16.
Eager low-bit latency includes substantial execution overhead. Separate 1×64 profiles record 6,913 cudaStream‐
Synchronize and 5,185 aten::item calls per INT8 forward in eager mode, versus none when compiled. This does not
isolate the cause of the timing gap.
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Figure 1: Compiled GPU paths. Left: real-input batch-1 p50 on 300 rows; right: prepared 32×512 throughput. Points show
process means; the minimum–maximum ranges are too small to be visible at this scale. Different inputs and timer scopes prevent
attributing the contrast to batch size alone.

CPU BF16 wins this latency comparison. The host CPU reports the amx_bf16, amx_int8 and avx512_vnni flags [10];
we did not profile which oneDNN kernels ran.
Table 3: CPU eager results on four cores, batch 1. Latency and timed correctness use the 300 real rows with bucketed padding. A
separate 1,200-row set (599 matched and 601 mismatched rows, seed 20261027, containing all 300) uses padding to a multiple of
16 only; its changes are versus CPU FP32 on the same inputs.

Recipe p50 ms Correct / 300 Changes / 1,200 Correct / 1,200
FP32 101.91 269 Reference 1,092
BF16 35.87 270 0 1,092
Per-tensor INT8 (quantize_dynamic default) 41.12 268 32 1,089
Per-channel INT8 41.23 269 29 1,090

BF16 agrees with CPU FP32 on all 1,200 rows, yet has one more correct answer on the 300 timed rows: bucketed
padding changes one BF16 decision from wrong to right, while the 1,200-row set does not use bucketed padding.
Both INT8 recipes keep reduce_range=True; a separate CPU experiment shows that this flag alone accounts for most
of their disagreement with FP32.
Allocated memory falls while reservation need not. After model loading in eager processes, allocated GPU mem‐
ory is 1,355.6 MiB for FP32, 680.6 for FP16 and 266.7 for NVFP4 W+A; reserved memory is 1,368.0 for FP32 ver‐
sus 1,546.0 for NVFP4 W+A.

4 Limitations
One checkpoint, task and host cannot establish universal rankings. MultiNLI development splits are not an un‐
touched test set. Three process repeats are not independent hardware trials. The real cohort has median length 38 to‐
kens, 89% in bucket 64 and none in bucket 512. Eager low-bit paths include unfused operations. Warm timings ex‐
clude loading, compilation, service queues, network transport and concurrency. A different driver, library or device
is a new condition.

5 Recommendations
1. Benchmark latency and throughput at the intended shape.
2. Compare against the best measured higher-precision path.
3. Check decisions on the actual timed path; report memory separately.
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Disclosure.
Experiments and analysis were produced with AI coding agents under the author's direction. All numbers were recomputed from
the saved timings and per-example predictions. The model card specifies the MIT license; MultiNLI combines sources with dif‐
ferent licenses, listed in its card [5,7].
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