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Abstract

Post-training compression of vision models is commonly screened using output-
level proxies such as normalized RMSE (NRMSE), cosine similarity, and flow
angular error. We evaluated post-training quantization of Cellpose–SAM, a prompt-
less Segment–Anything model for cellular instance segmentation, on a stratified
245-field panel spanning BBBC038, BBBC039, and NIST iPSC images across
density regimes. These proxies failed to reliably predict downstream mask reten-
tion under activation quantization. Angular error saturated at 90◦ from A8 through
A2, while cosine and NRMSE preserved rank-order information without providing
an interpretable acceptance threshold. At W8A8-cal-QDQ, cosine similarity was
0.944 despite 89/245 empty masks; moreover, performance varied sharply by
modality, with BBBC039 yielding 0/47 empty masks versus 63/99 for NIST iPSC
fields at the same proxy footprint. Across five modality–density strata, cosine
similarity and empty-mask rate showed weak rank agreement (ρ ≈ 0.3), with the
highest-cosine stratum producing the second-worst downstream outcome. Below
A8, all modalities collapsed to 245/245 empty fields. By contrast, ternary weight
quantization produced a 12.08× storage reduction and was correctly identified as
catastrophic by the proxies. These results show that FP32-referenced output proxies
are insufficient as standalone acceptance criteria for promptless dense-prediction
models; compression should instead be validated against downstream retention
stratified by deployment-relevant imaging conditions.

1 Introduction

Large vision models are increasingly being deployed under strict compute, memory, and latency
constraints, motivating post-training quantization (PTQ) as a practical route to efficient inference.
Across convolutional and transformer architectures, PTQ workflows typically rely on numerical
proxies—including weight reconstruction error, activation discrepancy, NRMSE, and cosine similarity
relative to FP32 outputs—to screen candidate compression schemes before downstream evaluation
[Jacob et al., 2018, Krishnamoorthi, 2018, Nagel et al., 2020, Li et al., 2021, Frantar et al., 2023,
Dettmers et al., 2022, Yao et al., 2022, Lin et al., 2024, Ma et al., 2024b]. These proxies are attractive
because they are efficient, architecture-agnostic, and independent of task-specific evaluation pipelines.
Their implicit assumption is that numerical agreement with FP32 provides a reliable surrogate for
downstream model behavior.

For dense prediction systems, however, this assumption remains largely untested. Segmentation
foundation models used in scientific imaging do not only require accurate intermediate representations;
they require those representations to remain compatible with downstream decoding procedures.
Small numerical deviations may therefore be benign, while changes that alter decoder behavior
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can produce categorical failures despite apparently acceptable proxy values. This distinction is
particularly important for cellular imaging workflows, where compressed models must operate across
heterogeneous modalities and biological regimes.

Here, we evaluate on Cellpose–SAM [Stringer and Pachitariu, 2025], a promptless segmentation
foundation model, under a deployment-oriented quantization protocol spanning 245 microscopy fields
from BBBC038, BBBC039, and NIST iPSC datasets. We find that standard output-level proxies do
not provide reliable deployment criteria for this setting. Under whole-graph activation quantization,
flow angular error saturates at the same failure regime across activation widths, while cosine similarity
and NRMSE retain numerical variation without yielding an interpretable acceptance threshold. More
importantly, identical proxy footprints can produce sharply different downstream outcomes across
imaging modalities: configurations that preserve segmentation quality in one biological context can
collapse in another. These results indicate that compression safety for dense-prediction foundation
models must be evaluated through downstream retention criteria stratified by deployment conditions,
rather than by FP32-referenced similarity metrics alone.

2 Related Work

Post-training quantization and its proxy metrics. Modern PTQ recipes screen candidate schemes
with cheap output-tensor proxies. Jacob et al. [2018] formalized integer-arithmetic quantized inference
and introduced the reconstruction-error framing that has organized subsequent PTQ; Krishnamoorthi
[2018] and Nagel et al. [2021] extended this into per-layer and per-tensor evaluation practices. Weight-
side refinements including AdaRound [Nagel et al., 2020] and BRECQ [Li et al., 2021] minimize
block-level reconstruction; on the transformer side, GPTQ [Frantar et al., 2023], LLM.int8() [Dettmers
et al., 2022], ZeroQuant [Yao et al., 2022], AWQ [Lin et al., 2024], and the more recent 1.58-bit
regime [Ma et al., 2024b] all rank candidates by activation- or weight-side reconstruction proxies.
Sub-bit weight quantization studies [Rastegari et al., 2016, Hubara et al., 2016] follow the same
convention. Gholami et al. [2022] surveys the field, and the shared assumption throughout is that
small numerical distortion at the tensor level implies small downstream distortion at the task level.
Our case study addresses the direction in which that assumption fails.

Cellpose and Segment–Anything foundation models. Cellpose introduced dynamics-based flow
integration as the decoder for cellular instance segmentation [Stringer et al., 2021, Pachitariu and
Stringer, 2022], and Cellpose–SAM [Stringer and Pachitariu, 2025] combines that decoder with
the Segment–Anything visual encoder [Kirillov et al., 2023, Ravi et al., 2024]. The promptless
flow-integration decoding path is what places Cellpose–SAM in the same design regime as other
decoder-heavy biomedical segmentation foundation models entering laboratory workflows [Ma et al.,
2024a], and it is also what makes it sensitive to a class of numerical failure that mask-token or
end-to-end differentiable decoders do not necessarily exhibit [Weigert et al., 2020]. Broader cellular
deep learning has documented the growing role of segmentation foundation models in imaging
pipelines [Moen et al., 2019, Meijering, 2020].

Evaluation methodology and metric-validation guidance. The medical-image-analysis commu-
nity has, over the past several years, produced explicit guidance on the pitfalls of scalar per-pixel
proxies and pooled reporting. Maier-Hein et al. [2018] showed that biomedical image-analysis
competition rankings are unstable when hidden metric choices are varied; Maier-Hein et al. [2024]
formalize per-modality and per-task metric recommendations under the Metrics Reloaded framework;
and Reinke et al. [2024] enumerates specific proxy-vs-downstream failure modes. Segmentation-
metric sample-size and confidence-interval heuristics [Islam, 2018, Varoquaux and Colliot, 2022]
and cluster-bootstrap inference [Efron and Tibshirani, 1994, DiCiccio and Efron, 1996] inform the
retention criterion we use here. Pre-registration norms [Nosek et al., 2018] motivate fixing the
retention margin before any hold-out data are examined (in our study the margin is pre-specified
internally rather than externally registered), and reproducibility reporting norms [Pineau et al., 2021]
inform the release path for audit artifacts that make the retention verdicts re-derivable on independent
data.
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3 Methods

Model. The compressed model in this study is Cellpose–SAM (checkpoint cpsam_v2, ∼305M
parameters, FP32 storage 1,162.07 MiB), a promptless variant of the Segment–Anything family
that emits per-pixel dY , dX , and cell-probability channels. Instance masks are produced by the
dynamics-based seeding cascade introduced with Cellpose: local integration of the flow field yields
attractor basins that are thresholded and reconciled into instance labels.

Panel. Evaluation is performed on a stratified public-dataset panel: BBBC038 nuclei (n = 99
fields spanning fluorescence, brightfield, and phase contrast [Caicedo et al., 2019, Ljosa et al.,
2012]), BBBC039 U2OS fluorescence (n = 47 [Ljosa et al., 2012]), and NIST induced-pluripotent-
stem-cell tiles stratified over low, medium, and high culture-density regimes (n = 33 per regime,
99 total, aggregated over 3 source-image experimental units [Bajcsy et al., 2018]). Whole-graph
evaluations use all 245 hold-out fields per scheme; mask outcomes are reported against both the
FP32 counterpart (proxy-vs-outcome discordance) and supplied ground truth. Cluster-bootstrap
catastrophic-failure intervals for the weight-only and mixed schemes are computed on a 176-field
subset (107 experimental units; BBBC038 n = 70, BBBC039 n = 34, NIST iPSC n = 72) whose
per-modality sizes were pre-specified to target the segmentation-metric sample-size design of Islam
[2018], Varoquaux and Colliot [2022]. The subset is smaller than the whole-graph evaluation panel
because proxy diagnostics can consume the full panel cheaply while cluster-bootstrap on paired
retention requires the more expensive full-mask decode.

Retention criterion. For each (scheme, dataset) pair we compute the mean change ∆ in a down-
stream mask-level metric (paired instance F1 at IoU 0.5; AP at IoU {0.5, . . . , 0.95}) from FP32 [Lin
et al., 2014] and form a 2,000-draw cluster-bootstrap 95% interval for E[∆] over experimental units.
A scheme meets the criterion for that dataset if the entire interval lies above the pre-specified −0.02
margin. The margin was fixed before any hold-out evaluation. In addition, we report a per-scheme
catastrophic-failure rate, the fraction of evaluation fields on which the compressed model’s mask
output falls below an absolute quality floor, with an accompanying bootstrap 95% interval over
experimental units.

Proxies. We study three complementary output-tensor proxies used across the PTQ literature. Per-
field NRMSE is the L2 error against the FP32 reference on the concatenated dY , dX , cell-probability
output normalized by FP32 L2 norm [Jacob et al., 2018, Nagel et al., 2021, Gholami et al., 2022].
Per-field cosine similarity is the cosine between the flattened compressed and FP32 outputs; and
per-field median flow angular error is a decoder-aware proxy on the direction of the decoded flow
field, computed as the median per-pixel angle between the compressed and FP32 flow vectors.

Compression schemes. We evaluate three weight-only schemes (W8A16, W4A16-G64 with
group size 64, and ternary W2A16-G64); a calibrated whole-graph W8A8-cal-QDQ together with a
whole-graph integer W8A8; and four low-bit-width whole-graph configurations (W8A4, W8A4 with
softmax-A8 stabilization, W8A2, and W8A2 with softmax-A8). A mixed W4/W8 scheme retains at
INT8 the four most sensitive operators identified by a one-operator-at-a-time W4 perturbation over
100 eligible Linear/Conv2d operators on the development split. W8A8-cal-QDQ was calibrated using
five separate microscopy fields: BBBC038 nuclei, BBBC039 U2OS nuclei, and NIST iPSCs at low,
medium, and high cell densities.

4 Results

Table 1 and Figure 2 report the weight-only bit-width sweep. On this path the three proxies and
the downstream retention outcome are broadly monotone with bit width: median NRMSE rises
from 0.008 at W8A16 to 0.095 at W4A16-G64 to 1.038 at W2A16-G64, cosine similarity falls from
1.000 to 0.997 to 0.423, and the bootstrap 95% catastrophic-failure interval widens from [0.00, 0.00]
to [0.00, 0.001] to [0.95, 1.00]. On this path a standard PTQ workflow is defensible: a proxy
screen at NRMSE∼ 1 would reject W2A16-G64 for the same reason the retention criterion does,
and the 12.08× storage reduction that ternary weights promise does not override the catastrophic-
failure rate on this task, bootstrap point estimate 97.9% over experimental units with raw fraction
169/176 = 96.0%.
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Figure 1: Where the proxies live inside Cellpose–SAM. A microscopy field (fluorescence, bright-
field, or phase contrast) passes through the SAM visual encoder into the flow-integration decoder.
The default weight schedule is W4 (orange bracket); illustrating as an example, the sensitivity-guided
mixed scheme retains four operator classes at W8 (mlp.lin2, attn.qkv, neck.2, and out) and
activations are held at A16. The decoder emits a cell-probability map and a (dY, dX) flow field; flow
integration

∫
produces the decoded instance mask. Output-tensor proxies (NRMSE, cosine similarity,

median flow angular error) are computed on the raw pre-integration tensors marked here, i.e., before
the seed-detection step of the flow-integration cascade where whole-graph W8A8 collapse localizes.

Table 1: Weight-only compression evaluation on the 176-field retention subset (107 experimental
units). Compression statistics, reconstruction proxies, and catastrophic-failure rates are reported for
each quantization scheme. Catastrophic rates use 2,000-draw cluster-bootstrap percentile intervals
over experimental units.

Compression Reconstruction quality

Scheme Size (MiB) Ratio NRMSE Range Catastrophic rate [95% CI]

FP32 (reference) 1162.07 1.00× — — —
W8A16 295.78 3.93× 0.008 0.002–0.059 0.000 [0.000, 0.028]†

W4A16-G64 168.47 6.90× 0.095 0.027–0.722 0.001 [0.000, 0.001]
W2A16-G64 96.21 12.08× 1.038 0.680–4.696 0.979 [0.949, 1.000]

† Zero observed failures; percentile bootstrap is replaced by the rule-of-three upper bound 3/107 over experimental
units.

Table 2 together with Figures 3 and 4 reports the whole-graph path, and this is where the three proxies
fail in complementary ways. Angular error is a resolution failure: median flow angular error is ∼90◦

(uniform-random against FP32) at W8A8-cal-QDQ, W8A8-full-int, W8A4, and W8A2 alike, so
at the pooled panel level the proxy cannot separate partial from categorical downstream collapse.
Cosine and NRMSE are a threshold failure: cosine cleanly separates A8 (0.944) from A4 (∼0.2) and
A2 (∼0.0), and NRMSE moves ∼2× from 0.496 at W8A8-cal-QDQ to 1.100 at W8A2, so both carry
rank-order information, but a cosine of 0.944 reads as excellent to a practitioner while coexisting
with 89/245 empty masks, and neither has a defensible accept threshold near the operating regime.
Downstream, at the W8A8-cal-QDQ proxy footprint the model emits zero instances on 89/245 cases
with median AP50 (against FP32) = 0.100, a partial collapse. At W8A4 and W8A2 emission drops
to 0 instances on 245/245 cases with median AP50 = 0.000, so at essentially the same angular-error
proxy value the outcome shifts from partial to categorical. Also visible in Table 2 but unexplained
by the calibration construction: W8A8-full-int has a median AP50 of 0.521 against 0.100 for the
calibrated W8A8-cal-QDQ control on the same 245 fields, a ∼5× reversal opposite to what the
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Figure 2: Raw-output proxies on the weight-only path. A) per-field raw-output normalized RMSE
against FP32 (log scale) split by output channel (dY flow, dX flow, cell probability) for INT8
weights (W8A16), INT8-QDQ, INT4 weights with group size 64 (W4A16-G64), INT2 weights with
group size 64 (W2A16-G64), and the sensitivity-guided mixed INT4/INT8 scheme. B) matched
qualitative composite of FP32 flow-Y , flow-X , and cell-probability maps against the four quantized
configurations on a representative field. NRMSE separates ternary weights from the other schemes
but does not resolve the mixed INT4/INT8 candidate from INT4, motivating the downstream retention
check reported in Table 1.

Table 2: Whole-graph activation quantization evaluation on 245 hold-out fields. Activation agreement
is measured against the FP32 reference using NRMSE, cosine similarity, and flow angular error;
downstream performance is reported by empty-mask frequency and instance detection quality.

Activation agreement Detection outcome

Scheme NRMSE Range Cosine Flow err. Empty masks AP50

W8A8-cal-QDQ 0.496 0.11–2.69 0.944 90◦ 89/245 0.100
W8A8-full-int 0.372 0.09–2.36 0.963 90◦ 83/245 0.521
W8A4-full-int-S8 1.088 1.00–1.20 0.219 90◦ 245/245 0.000
W8A4-full-int 1.088 1.00–1.20 0.204 90◦ 245/245 0.000
W8A2-full-int-S8 1.100 1.00–1.22 0.000 90◦ 245/245 0.000
W8A2-full-int 1.100 1.00–1.22 0.000 90◦ 245/245 0.000

harsher rounding path of full-integer arithmetic on top of QDQ would predict. We report the ordering
but do not resolve it in this study.

The discordance is biology-conditioned, and stratification recovers signal the pooled row of Table 2
hides. Table 3 stratifies the W8A8-cal-QDQ result by (dataset, regime); at the stratum level median
angular error is 58◦ on BBBC039 and 87◦ on NIST high density against 90◦ on the other three strata,
so the panel-level 90◦ figure is a pooling artifact and the proxy is not saturated everywhere. Even so,
at the stratum level the proxy is non-monotone in the outcome. Sorted by cosine (best proxy first),
the five strata rank as NIST low (0.972, 24/33 = 72.7% empty), BBBC039 (0.963, 0/47 = 0%),
NIST medium (0.956, 11/33 = 33.3%), BBBC038 (0.942, 26/99 = 26.3%), NIST high (0.421,
28/33 = 84.8%); Spearman rank correlation between cosine and empty-mask rate across the five
strata is ρ ≈ 0.3, near-random agreement, and the best-cosine stratum in the panel produces the
second-worst downstream outcome. BBBC039 U2OS fluorescence retains full instance quality (0/47
empty, median AP50 = 0.927) and is also the one stratum where the angular-error proxy has not
saturated. NIST iPSC high density (cosine 0.421) is the only stratum where cosine registers damage,
and it collapses regardless. The axis on which the proxies mislead is imaging modality × density
regime, precisely the axis a compressed encoder is deployed against.
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Table 3: Biology-conditioned proxy discordance for W8A8-cal-QDQ on the 245-field hold-out panel
relative to FP32. Rows are grouped by imaging modality and density regime. Metrics include
activation agreement proxies (NRMSE, cosine similarity, and flow angular error) and downstream
mask retention.

Modality Regime n NRMSE Cosine Flow err. Empty (AP50 med)

BBBC039 U2OS fluorescence 47 0.482 0.963 58◦ 0/47 (0.927)
BBBC038 Heterogeneous nuclei 99 0.563 0.942 90◦ 26/99 (0.536)
NIST iPSC Medium density 33 0.381 0.956 90◦ 11/33 (0.000)
NIST iPSC Low density 33 0.420 0.972 90◦ 24/33 (0.000)
NIST iPSC High density 33 0.927 0.421 87◦ 28/33 (0.000)

Figure 3: Decoder-aware flow-field proxies. A, qualitative decoded flow fields for FP32 and
four quantized configurations, with per-field 95th-percentile L2 error, angular error, and zero-flow
plateau fraction. B–D, retention-panel distributions of B 95th-percentile vector L2 error, C median
angular error, and D decoded-flow total-variation ratio. W2A16-G64 shifts angular error toward 90◦,
consistent with a categorical flow-field collapse that is not captured by scalar output-tensor similarity
metrics.

A widespread PTQ heuristic identifies the most-sensitive operators by a proxy criterion and preserves
their precision, and Table 4 shows where this heuristic still works on our task. A one-operator-at-
a-time W4 perturbation over 100 eligible Linear/Conv2d operators isolates four highest-sensitivity
operators (encoder.blocks.0.mlp.lin2, encoder.blocks.23.attn.qkv, encoder.neck.2,
out); retaining these at INT8 while the remainder use W4 gives a 6.76× weight-storage reduction
(171.86 MiB), and delivers 0/176 observed catastrophic fields (rule-of-three upper bound 3/107 ≈
0.028 over experimental units), the same zero-event outcome as W8A16 at this sample size. The
proxy-driven selection therefore transfers within the weight-only regime. Applying the same operator
selection under a whole-graph activation-quantization envelope does not recover the collapsed
configurations of Table 2: the retained INT8 exceptions do not fix a failure whose mechanism is, we
hypothesize, post-decoder seed detection rather than weight reconstruction at any individual operator.
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Figure 4: Where in the graph the quantization budget spends. A) checkpoint-level normalized
RMSE against FP32 through the 26 architectural checkpoints (B1–B26, comprising the ViT-L
encoder’s 24 transformer blocks together with the patch-embedding and neck taps), stratified by
scheme; the calibrated W8A8-cal-QDQ curve tracks the W8 weight-only curve for most of the
encoder but diverges near the neck. B) per-field raw-output NRMSE aggregated by weight bit
width at fixed A16 activations, showing the weight-only sensitivity floor. C) activation-bit sweep at
fixed W8 (softmax stabilization pinned to A8): 89/245 hold-out fields produce empty masks at A8
(W8A8-cal-QDQ, and 83/245 at W8A8-full-int) and 245/245 produce empty masks at both A4 and
A2, so the proxy in panel B, only ∼2× larger between A4 and A8, with median flow angular error
already at 90◦ at A8, does not track the downstream shift from partial to categorical collapse reported
in Tables 2 and 3.

Table 4: Sensitivity-guided mixed W4/W8 scheme. Four INT8 exceptions are selected from
100 candidate operators by a one-operator-at-a-time W4 perturbation on the development split;
the remainder use W4. The scheme achieves a 6.76× weight-storage reduction and 0/176
observed catastrophic fields (rule-of-three upper bound 0.028 over 107 experimental units),
the same zero-event outcome as W8A16 at this sample size.

Compression Robustness

Scheme Size (MiB) Ratio Catastrophic rate [95% CI] INT8 exceptions

mixed-W4-sensitive-W8 171.86 6.76× 0.000 [0.000, 0.028]† 4 layersa

†
Rule-of-three upper bound 3/107 over experimental units, in place of the degenerate zero-event bootstrap interval.

a INT8 exceptions: blocks.0.mlp.lin2, blocks.23.attn.qkv, neck.2, and out.

5 Discussion & Conclusion

The three proxies studied (NRMSE, cosine similarity, and median flow angular error) fail in com-
plementary ways under whole-graph activation quantization. Angular error is a resolution failure:
median flow angular error is 90◦ at W8A8-cal-QDQ, W8A8-full-int, W8A4, and W8A2 alike; a
decoded flow field that is uniform-random against FP32 is the boundary the angular-error proxy
can measure, and every whole-graph configuration we test is already at that boundary at the pooled
panel level, so the proxy cannot separate partial (89/245 empty at W8A8) from categorical (245/245
at sub-A8) collapse. Stratification recovers signal the pooled panel hides: median angular error
is 58◦ on BBBC039 and 87◦ on NIST high density against 90◦ on the other three strata (Table 3).
Cosine and NRMSE are a threshold failure: cosine remains ≥ 0.94 at W8A8-cal-QDQ, compatible
on our panel with 89/245 empty-mask cases and a median AP50 of only 0.100; NRMSE moves ∼2×
across activation widths that separate partial from categorical downstream collapse. Both carry rank
information (cosine separates A8, A4, and A2 cleanly), but a cosine of 0.944 reads as excellent to
a practitioner while coexisting with 36% empty masks, and neither proxy has a defensible accept
threshold near the operating regime.

The most consequential piece of the picture is that the downstream discordance is biology-conditioned
and non-monotone in the proxy. Sorted by cosine (best proxy first) the five per-modality strata in
Table 3 rank as NIST low (0.972, 72.7% empty), BBBC039 (0.963, 0%), NIST medium (0.956,
33.3%), BBBC038 (0.942, 26.3%), NIST high (0.421, 84.8%); Spearman rank correlation between
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cosine and empty-mask rate is ρ ≈ 0.3, near-random agreement, and the highest-cosine stratum in
the panel produces the second-worst downstream outcome. On BBBC039 U2OS fluorescence, the
one stratum where the angular-error proxy has not saturated (58◦), the whole-graph W8A8-cal-QDQ
scheme is essentially non-disruptive downstream and the proxies (NRMSE 0.482, cosine 0.963)
match. NIST iPSC high-density (cosine 0.421) is the only sub-stratum where cosine registers damage,
and it collapses regardless. The axis on which the proxies mislead is the axis on which the compressed
model is deployed. This is not a defect in any individual proxy; it is a structural consequence of
comparing pixel- or channel-wise residuals against a bounded reference through a non-linear post-hoc
decoding cascade whose invariances the proxies do not represent. We hypothesize the specific
mechanism is that seed detection in the flow-integration cascade requires a directionally coherent
flow field; our data are consistent with this account without isolating it, and a decisive test is a
channel-substitution experiment that pairs FP32 flow with quantized cell-probability (and the inverse)
to identify which channel’s quantization is dispositive. We report this substitution experiment as an
open follow-up.

For compression evaluation of promptless dense-prediction foundation models, we recommend
pre-registering the downstream retention margin before hold-out evaluation, reporting per-(scheme,
dataset, regime) verdicts with cluster-bootstrap intervals rather than pooled retention numbers, and
releasing per-field metric tables so that verdicts can be re-derived on independent data. On our
task, this protocol accepts weight-only W8A16 and a sensitivity-guided mixed W4/W8 scheme that
achieves 6.76× weight-storage reduction with 0/176 observed catastrophic fields (rule-of-three upper
bound 0.028 over 107 experimental units); it rejects ternary weight-only quantization at any storage
advantage; and it rejects every whole-graph activation-quantization configuration tested despite proxy
profiles that would tempt a practitioner to accept the W8A8 configurations, most sharply on the iPSC
modality that motivates the deployment.

6 Limitations

The findings scope to promptless flow-integration decoders and to a mask-level AP retention criterion;
pipelines with different decoder families or that consume the raw flow field directly should re-derive
the mapping from proxy to retention rather than inherit it. The retention margin used here (−0.02
mean AP change from FP32) is calibrated to segmentation-driven monitoring workflows that tolerate
a bounded AP drop; deployments with tighter numerical tolerances (regulatory release testing) require
a tighter margin, and the protocol scales but the verdicts do not transfer.
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