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Scientificanalysis depends onderived quantities

A scientific field is compressed, reconstructed, and then used to compute an observable.
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Quantisation and entropy coding

Which physical observables can be preserved under a bitrate constraint?



Examples of scientific observables

Fluid dynamics Cosmology Electron microscopy

PDEBench (Takamoto et al., 2022) Nyx (Almgren et al., 2013) MICrONS / minnie65
(MICrONS Consortium, 2025)

Velocity Vorticity Density Baryon fraction Image Contour
features
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The choice of Q specifies the scientific information we ask the representation to retain.



Velocity and vorticity errors at the samebitrate

Example: two models trained at 0.85 bits per sample, with different physics
weights.
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The physics loss reallocates error between the velocity field and its vorticity.



Alocal Gaussian approximation to quantisation

Around each code z = f(x), we model compression as a small random perturbation.

Z:Z+n, n|lX=x~N(@Q0,Z%) 1

E[n]| X=x]=0, E[m'|X=x]=L

The covariance X describes how
compression uncertainty is distributed
across latent directions.

This is a local analytical assumption about the channel.
Long and short axes correspond to larger and

smaller noise variances.



Thelocalrate proxy depends on the covariance

The entropy model py, supplies a variational rate proxy for the noisy latent code.
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Hg > 0is the local entropy-model curvature. Both ellipses have the same uncertainty
Uncertainty along a high-curvature direction has volume. Their orientation changes the
a larger trace cost. rate cost.

The surrogate omits additive constants and higher-order terms in the local expansion.



Propagation of small variations through the decoder

We linearise the decoder and observable at each sample to study error propagation.

Latent perturbation Field error Observable error

J¢(2) Jo(x)

Ox = Jo(z)1 0Q ~ Jo(x)]g(2) 7

We study uncertainty-induced error; deterministic reconstruction bias is not considered here.



Threelocal metrics describerate and distortion

A rate-distortion objective, represented in latent space, induces three sensitivity factors.

Field fidelity Physical observable
Hg(2) Gett = Jo HpJyg West = ¢ JoHelolg
Entropy-model curvature Hp weights field errors; |, H/, weights observable
controls the rate cost of a maps them back to latent errors after the composed
perturbation. directions. map JoJ.

dx(X) = Tr(GegL) do(X) = Tr(WegZ)



A tangent-spacerate—distortionlaw

At a fixed sample, choose the noise covariance subject to both distortion budgets.

Theorem 1 Optimal covariance

r£1>1:61 Tr(HrX) — logdet & (Z‘,*)‘1 = HR + aWegt + v Gegs

subjectto dp(X) < ¢€p,
J Q( ) Q The multipliers a, y > Oreflect the

dx(X) < ex. observable and field-error budgets.

Directions with larger combined curvature receive less compression noise.



Comparingsensitivities atthe samelocalrate cost

For Hr > 0, rate whitening removes the anisotropy introduced by the entropy model.

v H;/zwefle;l/z’
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G = Hy Gy ™ > @
These metrics measure observable and
field sensitivity per unit of local rate cost.

Shared eigenbasis Rotated eigenbases

We can now compare the directions in which

Field sensitivity Observable sensitivity
each objective needs precision.
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The fixed-rate trade-off between observable and field error

Matched-rate experiments
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Each curve has its own fixed bitrate.

Theorem 2: alocal no-free-lunch result

At a fixed rate budget p, let Xppys and Xvisg be
the unique optimal allocations for the two
losses.

Hgr > 0, [W,E];EO

dQ(Xphys) < dgo(XMmsE)
—  dx(Xpnys) > dx(ZmsE).

Better observable fidelity at fixed bitrate
comes at a costin field fidelity.
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Measuring physicalalignmentwith principalangles

We propose a diagnostic that compares the principal subspaces of W and G.

1

Let Uw r and U x contain the top-k orthonormal
eigenvectors of the two metrics.

Measure how much these two subspaces overlap:

1~ 2 1S,
Align, (x) = 2 U Uc|| = 3" cos?0,
=1
0; are the principal angles between the two subspaces.

Average over samples; report k and how much sensitivity
the selected modes capture (trace coverage).

Uw

k=1: Align, = cos*0

1: coincident subspaces.
0: orthogonal subspaces.
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Training with a physics-weighted rate—distortion loss

The objective used for training

' i =EBx|Ry(Z 0.85
min L x|Ry(Z) -
+A(1 - p)Dx(X, X) -
R 5 0.75
+ ABDg(Q(X), Q(X))]. S
= 0.
j 0.65

p = 0: field MSE only.
p = 1: observable loss only.

A sets the rate-distortion balance.
Comparisons are made at matched target
bitrates.

Vorticity: alignment at different ranks

—8— k=8 (44% Tr(W))
—&— k=16 (52% Tr(W))
—O&— k=32 (61% Tr(W))

0.0 0.2 0.4 0.6 0.8
Physics weight (3

The overall increase is seen for k = 8,16, 32.
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Alignmenthelpsexplain empirical trade-offs
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[0 EM: Contour Feats.

+ Physical Observable
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Align,(W,G)

Coarse structure

Higher alignment is associated
with small changes in field
fidelity.

Contour features

Lower alignment is associated
with a sharper
field-observable trade-off.

Each point is an operating point; marker
size indicates rate.
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Concentrated sensitivity canreduce therequired rate

Only directions that strongly affect the observable need tight control (lower perturbation
error).
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Physics-aware models are more efficient in a rate-distortion sense.
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Conclusions

1 Alocalallocationlaw
Rate, field fidelity and observable sensitivity determine the optimal noise covariance.

2  Afixed-rate trade-off

Under the theorem's assumptions, improving physical fidelity requires more pointwise
field error.

3  Acomputable diagnostic

Dominant-eigenspace overlap helps explain the trade-offs measured in trained
COMpressors.
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