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Ascientific field is compressed, reconstructed, and thenused to compute anobservable.
Scientific data Learned compressor Reconstruction Observable

𝑓𝜙 𝑔𝜃

v(𝑥, 𝑦) 𝑧̂
Quantisation and entropy coding

v̂(𝑥, 𝑦) 𝑄 (̂v) = 𝜕𝑦𝑣̂𝑥 − 𝜕𝑥𝑣̂𝑦

Whichphysical observables canbepreservedunder a bitrate constraint?
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Fluid dynamics
PDEBench (Takamoto et al., 2022)

Velocity Vorticity

𝑄(v) = 𝜕𝑦𝑣𝑥 − 𝜕𝑥𝑣𝑦

Cosmology
Nyx (Almgren et al., 2013)

Density Baryon fraction

𝑄bar(𝜌𝑏 , 𝜌dm) =
𝜌𝑏

𝜌𝑏 + 𝜌dm + 𝜀

Electronmicroscopy
MICrONS / minnie65(MICrONS Consortium, 2025)

Image Contourfeatures
𝑄cont(𝐼) =

√
(𝑤𝑥𝜕𝑥𝐼)2 + (𝑤𝑦𝜕𝑦𝐼)2

The choice of𝑄 specifies the scientific informationwe ask the representation to retain.
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Example: twomodels trained at 0.85bits per sample,with different physicsweights. Reference MSE only: 𝛽 = 0 Physics aware: 𝛽 = 0.5
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Figure 1. As a running example, we use 2D velocity fields from PDEBench (Takamoto et al., 2022) with channels (vx, vy). The physical
observable is vorticity, Q(v) = ∂yvx − ∂xvy . The figure compares pointwise compression errors for the reconstructed velocity field and
for the derived vorticity. Two models are trained at the same bitrate, 0.85 bps: β = 0 corresponds to MSE-only training, while β = 0.5
includes the physics loss, where β is the physics weight defined in Section 6. At the same bitrate, the β = 0.5 model changes the relative
allocation of error between velocity-space and vorticity-space distortions.

R(εQ, εX) := inf
p(X̂|X)

I(X; X̂) (1)

s.t. E
[
DQ

(
Q(X), Q(X̂)

)]
≤ εQ, (2)

E
[
DX

(
X, X̂

)]
≤ εX . (3)

The observable constraint (2) ensures that compression pre-
serves the prescribed physical quantities of interest, while
the signal-space constraint (3) prevents degenerate solutions
that may satisfy (2) yet exhibit severe artifacts or implausi-
ble deviations along directions weakly constrained by the
chosen observable. This formulation is closely related to
indirect and semantic rate–distortion viewpoints (Dobrushin
& Tsybakov, 1962; Liu et al., 2021b), where the semantics
are accessed through Q(X).

4. A Local Geometric Model of
Physics-Aligned Compression

We now develop a local geometric model that characterises
how rate constraints and physics-aware distortion jointly
shape admissible reconstruction error. The key idea is to
analyse compression through small perturbations in latent
space, under which both rate and distortion admit tractable
second-order structure.

4.1. Local perturbation model in latent space

We adopt a local viewpoint in which the effect of quan-
tisation and entropy coding is modelled as a small ran-
dom perturbation of a reference latent representation. Let
Z = fϕ(X) denote the latent induced by the encoder, and
let Ẑ denote the quantised latent. Locally around a typical

z = fϕ(x), we model

Ẑ = Z + η, E[η | X] = 0, E[ηη⊤ | X] = Σ, (4)

where η captures compression-induced uncertainty (e.g.
quantisation noise) and Σ ≻ 0 is its covariance. Through-
out, we interpret Σ as the object through which the codec
allocates reconstruction error across latent directions.

When needed, we will use the Gaussian local channel ap-
proximation qΣ(ẑ | x) ≈ N

(
z(x),Σ

)
, which is both

analytically convenient and (among all noise models with
covariance Σ) maximises conditional entropy, yielding a
conservative “volume” proxy (Gersho & Gray, 1992).

4.2. Entropy curvature and a local rate surrogate

To solve the physics-aligned rate-distortion problem defined
in Eq. (1), we must quantify the cost of storing the quan-
tised latent Ẑ. However, directly minimising the mutual
information I(X; X̂) is usually intractable.

Instead, learned codecs use an entropy model pψ(ẑ) and
optimise a variational latent-rate proxy. If q(ẑ | x) denotes
the conditional distribution over quantised latents induced
by the encoder and noise model, we write

Rvar := Ep(x)
[
KL

(
q(Ẑ | X) ∥ pψ(Ẑ)

)]
. (5)

This is a standard variational upper bound used in learned
compression (Ballé et al., 2018), which bounds the rate by
the expected KL divergence between the posterior and the
prior. Indeed, I(X; X̂) ≤ I(X; Ẑ) ≤ Rvar as shown in
Appendix A.1.

We now examine this rate locally around a fixed sample x,
with latent z = fϕ(x), under the perturbation model (4).
Proposition 4.1 (Local expansion of the variational rate).
Assume the local Gaussian channel approximation qΣ(ẑ |
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Figure 1. As a running example, we use 2D velocity fields from PDEBench (Takamoto et al., 2022) with channels (vx, vy). The physical
observable is vorticity, Q(v) = ∂yvx − ∂xvy . The figure compares pointwise compression errors for the reconstructed velocity field and
for the derived vorticity. Two models are trained at the same bitrate, 0.85 bps: β = 0 corresponds to MSE-only training, while β = 0.5
includes the physics loss, where β is the physics weight defined in Section 6. At the same bitrate, the β = 0.5 model changes the relative
allocation of error between velocity-space and vorticity-space distortions.

R(εQ, εX) := inf
p(X̂|X)

I(X; X̂) (1)

s.t. E
[
DQ

(
Q(X), Q(X̂)

)]
≤ εQ, (2)

E
[
DX

(
X, X̂

)]
≤ εX . (3)

The observable constraint (2) ensures that compression pre-
serves the prescribed physical quantities of interest, while
the signal-space constraint (3) prevents degenerate solutions
that may satisfy (2) yet exhibit severe artifacts or implausi-
ble deviations along directions weakly constrained by the
chosen observable. This formulation is closely related to
indirect and semantic rate–distortion viewpoints (Dobrushin
& Tsybakov, 1962; Liu et al., 2021b), where the semantics
are accessed through Q(X).

4. A Local Geometric Model of
Physics-Aligned Compression

We now develop a local geometric model that characterises
how rate constraints and physics-aware distortion jointly
shape admissible reconstruction error. The key idea is to
analyse compression through small perturbations in latent
space, under which both rate and distortion admit tractable
second-order structure.

4.1. Local perturbation model in latent space

We adopt a local viewpoint in which the effect of quan-
tisation and entropy coding is modelled as a small ran-
dom perturbation of a reference latent representation. Let
Z = fϕ(X) denote the latent induced by the encoder, and
let Ẑ denote the quantised latent. Locally around a typical

z = fϕ(x), we model

Ẑ = Z + η, E[η | X] = 0, E[ηη⊤ | X] = Σ, (4)

where η captures compression-induced uncertainty (e.g.
quantisation noise) and Σ ≻ 0 is its covariance. Through-
out, we interpret Σ as the object through which the codec
allocates reconstruction error across latent directions.

When needed, we will use the Gaussian local channel ap-
proximation qΣ(ẑ | x) ≈ N

(
z(x),Σ

)
, which is both

analytically convenient and (among all noise models with
covariance Σ) maximises conditional entropy, yielding a
conservative “volume” proxy (Gersho & Gray, 1992).

4.2. Entropy curvature and a local rate surrogate

To solve the physics-aligned rate-distortion problem defined
in Eq. (1), we must quantify the cost of storing the quan-
tised latent Ẑ. However, directly minimising the mutual
information I(X; X̂) is usually intractable.

Instead, learned codecs use an entropy model pψ(ẑ) and
optimise a variational latent-rate proxy. If q(ẑ | x) denotes
the conditional distribution over quantised latents induced
by the encoder and noise model, we write

Rvar := Ep(x)
[
KL

(
q(Ẑ | X) ∥ pψ(Ẑ)

)]
. (5)

This is a standard variational upper bound used in learned
compression (Ballé et al., 2018), which bounds the rate by
the expected KL divergence between the posterior and the
prior. Indeed, I(X; X̂) ≤ I(X; Ẑ) ≤ Rvar as shown in
Appendix A.1.

We now examine this rate locally around a fixed sample x,
with latent z = fϕ(x), under the perturbation model (4).
Proposition 4.1 (Local expansion of the variational rate).
Assume the local Gaussian channel approximation qΣ(ẑ |

3

same scale

same scale

Thephysics loss reallocates error between the velocity field and its vorticity.



AlocalGaussianapproximationtoquantisation

5

Aroundeach code 𝑧 = 𝑓𝜙(𝑥), wemodel compression as a small randomperturbation.
𝑍 = 𝑍 + 𝜂, 𝜂 | 𝑋 = 𝑥 ∼ 𝒩(0,Σ)

E[𝜂 | 𝑋 = 𝑥] = 0, E[𝜂𝜂⊤ | 𝑋 = 𝑥] = Σ

The covarianceΣdescribes how
compressionuncertainty is distributed
across latent directions.
This is a local analytical assumption about the channel.

𝑧

𝜂

Σ

Long and short axes correspond to larger andsmaller noise variances.
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The entropymodel 𝑝𝜓 supplies a variational rate proxy for the noisy latent code.
𝑅var = E𝑋

[
KL

(
𝑞Σ(𝑍 | 𝑋) ∥ 𝑝𝜓(𝑍)

)]
A local expansion gives theΣ-dependent terms:
𝑅sur(Σ; 𝑧) = 1

2 Tr(𝐻𝑅Σ)︸      ︷︷      ︸
variance placement

− 1
2 log detΣ︸      ︷︷      ︸

uncertainty volume
𝐻𝑅 ⪰ 0 is the local entropy-model curvature.
Uncertainty along a high-curvature direction has
a larger trace cost.

Physics-Aligned Data Compression

x) ≈ N (z,Σ) with Σ ≻ 0, and assume that the negative
log-likelihood admits a second-order expansion around z of
the form

− log pψ(z+η) = const.+ 1
2 η

⊤HR(z) η+o(∥η∥2), (6)

for some symmetric matrix HR(z) ⪰ 0. Then the Σ-
dependent part of Rvar satisfies

Rvar = const.+
1

2
Tr

(
HR(z) Σ

)
−1

2
log detΣ+o(∥Σ∥).

(7)

The two terms in (7) have different origins. The neg-
ative entropy of the Gaussian local channel contributes
− 1

2 log detΣ, penalising shrinking the total volume. The ex-
pected negative log-likelihood contributes 1

2 Tr(HR(z)Σ),
penalising placing uncertainty in latent directions with high
entropy-model curvature. The full derivation is given in
Appendix A.2.

We therefore use the following local rate surrogate:

Rsur(Σ; z) :=
1

2
Tr

(
HR(z)Σ

)︸ ︷︷ ︸
variance placement

−1

2
log detΣ︸ ︷︷ ︸

uncertainty volume

, (8)

dropping additive constants independent of Σ. This surro-
gate makes the geometry of rate explicit: at fixed uncertainty
volume, noise aligned with high-curvature directions of the
entropy model costs more bits than noise aligned with low-
curvature directions, as illustrated in Fig. 2.

In practice, HR should be understood as an effective
positive-semidefinite rate metric rather than necessarily the
raw Hessian of an arbitrary marginal density. For condi-
tional entropy models such as hyperpriors or context models
(Minnen et al., 2018), standard conditional likelihoods often
give a PSD curvature in z for fixed side information. When
the exact Hessian is indefinite or inconvenient, one can in-
stead use a PSD surrogate, such as a Fisher-information
approximation. The subsequent theory only requires such a
PSD local metric satisfying the expansion in (7).

4.3. Signal fidelity and physical sensitivity

We now quantify how latent perturbations translate into
errors both in the reconstructed field and the physical quan-
tities of interest. Under a local tangent-space expansion,
both signal-space and physics-aware distortions become
quadratic forms in the latent perturbation η. Their expected
values are therefore controlled by the covariance Σ intro-
duced in (4).

We fix an operating point x with latent code z = fϕ(x), and
consider a perturbation ẑ = z + η. Linearising the decoder
around z gives

x̂ = gθ(ẑ) ≈ gθ(z) + Jg(z) η, (9)

z

Prior − log p(z)
High Cost

High Tr(HRΣ)

Optimal
Low Tr(HRΣ)

Figure 2. The Geometry of Rate. The contours represent the
negative log-prior − log p(z). The curvature HR is high (steep)
along the vertical axis and low (flat) along the horizontal. Both
ellipses represent a noise covariance Σ with the same quantisation
volume (same entropy/log detΣ). The red dashed ellipse pays a
high bit-cost because it has high variance along the steep direction.
The green solid ellipse is optimal: it aligns its variance with the
flat directions of the prior, minimising the trace cost Tr(HRΣ).

Figure 3. Illustration of the error mapping from latent space to
physical observable space through JQ(x) Jg(z) η.

where Jg(z) := ∇zgθ(z) is the decoder Jacobian. If de-
terministic reconstruction bias at the operating point is ne-
glected, or treated separately, we may write δx := x̂− x ≈
Jg(z)η. Passing this perturbation through the observable
map yields

Q(x̂) ≈ Q(x) + JQ(x) δx ≈ Q(x) + JQ(x) Jg(z) η,
(10)

where JQ(x) := ∇xQ(x). Thus, to first order, latent pertur-
bations affect the observable through the composed linear
operator JQ(x)Jg(z), as illustrated in Fig. 3.

To relate these perturbations to distortion, we approximate
the losses by local quadratic forms. Let HD(x) ⪰ 0 denote
the Hessian of the data-space loss with respect to pertur-
bations in x, and let Hℓ(x) ⪰ 0 denote the Hessian of
the observable-space loss with respect to perturbations in
Q(x).1 Pulling these quadratic forms back to latent space
gives the following two metrics.

Definition 4.2 (Fidelity and Sensitivity Metrics). The
Fidelity Metric Geff measures the curvature of the recon-
struction error in latent space:

Geff(x) := Jg(z)
⊤HD(x)Jg(z). (11)

The Physics Sensitivity Metric Weff measures the curva-

1For example, if DX(x, x̂) = ∥x− x̂∥22, then HD(x) = 2I .

4

Both ellipses have the same uncertainty
volume. Their orientation changes the
rate cost.

The surrogate omits additive constants and higher-order terms in the local expansion.
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We linearise thedecoder andobservable at each sample to study error propagation.
Latent perturbation Field error Observable error

𝐽𝑔(𝑧) 𝐽𝑄(𝑥)

𝛿𝑥 ≈ 𝐽𝑔(𝑧)𝜂 𝛿𝑄 ≈ 𝐽𝑄(𝑥)𝐽𝑔(𝑧)𝜂

We study uncertainty-induced error; deterministic reconstruction bias is not considered here.
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A rate-distortion objective, represented in latent space, induces three sensitivity factors.
Rate Fieldfidelity Physical observable

𝐻𝑅(𝑧) 𝐺eff = 𝐽⊤𝑔 𝐻𝐷𝐽𝑔 𝑊eff = 𝐽⊤𝑔 𝐽
⊤
𝑄𝐻ℓ 𝐽𝑄𝐽𝑔

Entropy-model curvature
controls the rate cost of a
perturbation.

𝐻𝐷 weights field errors; 𝐽𝑔maps themback to latent
directions.

𝐻ℓ weights observableerrors after the composed
map 𝐽𝑄𝐽𝑔.

𝑑𝑋(Σ) = Tr(𝐺effΣ) 𝑑𝑄(Σ) = Tr(𝑊effΣ)
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At afixed sample, choose thenoise covariance subject to bothdistortion budgets.
Theorem1

min
Σ≻0

Tr(𝐻𝑅Σ) − log detΣ

subject to 𝑑𝑄(Σ) ≤ 𝜀𝑄 ,

𝑑𝑋(Σ) ≤ 𝜀𝑋 .

Optimal covariance

(Σ★)−1 = 𝐻𝑅 + 𝛼𝑊eff + 𝛾𝐺eff

Themultipliers 𝛼, 𝛾 ≥ 0 reflect the
observable andfield-error budgets.

Directionswith larger combinedcurvature receive less compressionnoise.
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For𝐻𝑅 ≻ 0, ratewhitening removes the anisotropy introduced by the entropymodel.

𝑊̃ = 𝐻
−1/2
𝑅

𝑊eff𝐻
−1/2
𝑅

,

𝐺 = 𝐻
−1/2
𝑅

𝐺eff𝐻
−1/2
𝑅

.

Thesemetricsmeasure observable and
field sensitivity per unit of local rate cost.
Wecan now compare the directions inwhich
each objective needs precision.

Shared eigenbasis Rotated eigenbases

Field sensitivity Observable sensitivity
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Matched-rate experiments Physics-Aligned Data Compression
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Figure 4. Data and observable space errors for different variational
autoencoder models with hyperprior or factorised entropy model.
Multiple repetitions are trained for varying physics weight β, trac-
ing the Pareto frontier.

In these coordinates, W̃ and G̃ measure observable and
signal sensitivity per unit rate cost. Physical alignment is
therefore determined by the eigendirections of these rate-
normalised metrics: if the dominant directions of W̃ and G̃
coincide, physical and signal fidelity suppress uncertainty
along similar latent directions; if they differ, the two objec-
tives compete for different directions of precision.

The same allocation rule also admits a linear-filtering in-
terpretation. It is equivalent to the posterior covariance of
a linear-Gaussian estimator with prior precision HR and
observation precisions αWeff and γGeff . This connects
physics-aware compression to the denoising view of autoen-
coders, where compressed representations are encouraged
to retain task-relevant signal structure (Vincent et al., 2008).
In our setting, the denoising geometry is explicit: relative to
the local rate metric, latent directions with larger observable
or signal sensitivity receive smaller variance. Appendix A.6
gives the full derivation of the equivalence.

5. Consequences of Physical Alignment
5.1. A Physical No-Free-Lunch

Figure 4 illustrates the fixed-rate trade-off that motivates
the alignment analysis: changing the physics weight β re-
allocates error between the primary field and the observ-
able. The local theory identifies a geometric condition
under which this trade-off is unavoidable. The relevant
comparison is between the rate-normalised physics and fi-
delity metrics introduced in (17). If these metrics favour
different latent directions, then reducing observable-space
distortion at fixed rate requires allocating precision away
from directions preferred by the signal-fidelity objective.

Definition 5.1 (Rate-whitened alignment). Assume
HR ≻ 0 and define W̃ , G̃ as in (17). We say that the
task and fidelity are rate-aligned if W̃ and G̃ commute
(admit a common eigenbasis). Otherwise they are not
rate-aligned.

The following result formalises the fixed-rate consequence
of this mismatch.

Theorem 5.2 (No free lunch on physics fidelity at fixed
rate). Assume HR ≻ 0 and consider the rate-feasible set

Fρ := {Σ ≻ 0 : Rsur(Σ) ≤ ρ} , (19)

for some budget ρ > 0, where Rsur is defined in (8).
Define the optimal covariances at rate ρ as

ΣPhys := arg min
Σ∈Fρ

Tr(WeffΣ),

ΣMSE := arg min
Σ∈Fρ

Tr(GeffΣ),

and assume these minimisers are unique.
If the task and fidelity are not rate-aligned (Definition 5.1),
then improving physics at fixed rate strictly worsens fi-
delity, in the sense that

Tr(WeffΣPhys) < Tr(WeffΣMSE)

=⇒ Tr(GeffΣPhys) > Tr(GeffΣMSE) .
(20)

Theorem 5.2 identifies a geometric source of Pareto ten-
sion: if the (rate-whitened) metrics are not rate-aligned, any
move along the rate-feasible efficient frontier toward better
physics fidelity inevitably degrades MSE. Full details of the
proof are given in Appendix A.5.

The theorem should be read as a sufficient condition for
fixed-rate Pareto tension. Non-commutativity of W̃ and G̃
gives a rotational mismatch: the observable and fidelity ob-
jectives require precision in different latent eigendirections.
This is enough to force a strict trade-off under the theorem
assumptions. The converse is not implied. If W̃ and G̃
commute, then the rotational mismatch is absent, but the
two objectives may still prefer different allocations through
their eigenvalue profiles. Thus, fixed-rate trade-offs can
arise either from rotational mismatch, where the relevant
eigenspaces differ, or from spectral mismatch, where the
eigenspaces are shared but weighted differently.

5.2. Measuring alignment between physics and fidelity

The previous result is inspiration for a local alignment score
on whether observable fidelity and signal fidelity require
precision in the same latent directions.

6

Each curve has its own fixed bitrate.

Theorem2: a local no-free-lunch result

At a fixed rate budget 𝜌, letΣPhys andΣMSE bethe unique optimal allocations for the two
losses.

𝐻𝑅 ≻ 0, [𝑊̃ , 𝐺] ≠ 0

𝑑𝑄(ΣPhys) < 𝑑𝑄(ΣMSE)
=⇒ 𝑑𝑋(ΣPhys) > 𝑑𝑋(ΣMSE).

Better observable fidelity at fixedbitrate
comes at a cost in field fidelity.
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Wepropose a diagnostic that compares the principal subspaces of 𝑊̃ and𝐺.
1 Let𝑈𝑊,𝑘 and𝑈𝐺,𝑘 contain the top-𝑘 orthonormal

eigenvectors of the twometrics.
2 Measure howmuch these two subspaces overlap:

Align𝑘(𝑥) =
1
𝑘




𝑈⊤
𝑊,𝑘𝑈𝐺,𝑘




2
𝐹
=

1
𝑘

𝑘∑
𝑖=1

cos2 𝜃𝑖

𝜃𝑖 are the principal angles between the two subspaces.
3 Average over samples; report 𝑘 and howmuch sensitivitythe selectedmodes capture (trace coverage).

𝜃
𝑢𝐺

𝑢𝑊

𝑘 = 1 : Align1 = cos2 𝜃

1: coincident subspaces.
0: orthogonal subspaces.
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The objective used for training

min
𝜙,𝜃,𝜓

ℒtrain = E𝑋

[
𝑅𝜓(𝑍)

+ 𝜆(1 − 𝛽)𝐷𝑋(𝑋, 𝑋)
+ 𝜆𝛽𝐷𝑄(𝑄(𝑋), 𝑄(𝑋))

]
.

𝛽 = 0: fieldMSEonly.
𝛽 = 1: observable loss only.
𝜆 sets the rate–distortion balance.
Comparisons aremade atmatched target
bitrates.

Vorticity: alignment at different ranks
Physics-Aligned Data Compression
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Figure 9. Alignk metric for k = 8, 16, 32, averaged over data
samples, on a hyperprior model. For every k, the percentage of
trace coverage is indicated.

and fidelity metrics are not aligned. Importantly, this be-
havior reflects reallocation of error into directions that are
weakly sensed by Q rather than a uniform improvement.
This is also observed in the additional physical observables
included in Appendix D.

Spectral alignment as an explanatory diagnostic. Fi-
nally, we connect the observed trade-offs and rate gains to
the rate-whitened geometry (18). We compute the phys-
ical alignment score Alignk (Definition 5.3) using only
matrix–vector products with the implicit operators W̃ and G̃,
avoiding explicit formation of dense matrices. Fig. 9 shows
that Alignk increases systematically with β, indicating that
physics-aware training reshapes the representation so that
physics-stiff directions increasingly overlap with fidelity-
stiff directions in the rate-whitened geometry. This trend
helps explain when improved physics fidelity is achieved
with mild MSE degradation, and it is consistent with the rate
advantages observed in Fig. 7 when sensitivity is spectrally
concentrated (Section 5.3). Appendix D shows that the di-
agnostic remains informative across additional domains and
observables.

7. Limitations
• Alignment is described, not enforced. While the

theory explains how physical alignment relates to trade-
offs and rate efficiency, a full analysis of how training
objectives and regularisers help improve the alignment
is left for future work.

• Reconstruction bias is not modelled explicitly. The
analysis treats compression through local latent per-
turbations around an operating point, so it cap-
tures uncertainty-induced error rather than systematic
encoder–decoder bias from finite model capacity or
imperfect optimisation.

8. Conclusions
This paper gives a local geometric explanation of physics-
aware learned compression. The central insight is that pre-
serving a physical observable and preserving standard fi-
delity each privilege certain latent directions, and that the
alignment of these directions determines whether physics-
aware training yields a tradeoff. Misalignment explains the
fixed-rate physics–MSE tension often seen in practice, while
spectral concentration explains when preserving physics can
remain efficient.

We made this precise through a local tangent-space rate–
distortion law, an explicit inverse-stiffness allocation rule
for compression noise, and a practical diagnostic based on
dominant eigenspace overlap. Experiments across several
scientific domains support the theory and show that the
diagnostic is predictive in practice.

Take-aways

• Physics-aware compression has local geometry.
At each latent operating point, rate, observable sen-
sitivity, and signal fidelity induce a local allocation
law for compression noise.

• Misalignment implies a fixed-rate trade-off. Un-
der the local model, when physical observables and
fidelity metrics are not aligned, improving observ-
able fidelity at fixed rate worsens standard distor-
tion.

• Alignment can be estimated in practice. The
physical alignment score provides a computable
diagnostic for assessing physics–fidelity trade-offs.

• Anisotropy can yield rate advantages. Physics-
aware compression can be rate-efficient when
observable sensitivity concentrates in a low-
dimensional subspace.
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The overall increase is seen for 𝑘 = 8, 16, 32.
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Physics-Aligned Data Compression
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Alignk(W,G) and marker size indicating rate; circles report relative signal error and triangles report relative observable error.

Table 1. Cross-domain summary of the trade-off and alignment at multiple rates.

Physical Observable Rate (bps) ∆[X]/|X0|
(MSE)

∆[Q(X)]/|Q(X)0|
(Physics) Align16(W,G)

CFD: Enstrophy

0.96 ± 0.02 0.158 ± 0.053 -0.337 ± 0.145 0.275 ± 0.079
0.42 ± 0.01 0.198 ± 0.053 -0.364 ± 0.072 0.488 ± 0.129
0.38 ± 0.04 0.146 ± 0.047 -0.317 ± 0.070 0.518 ± 0.096
0.28 ± 0.01 0.195 ± 0.053 -0.389 ± 0.081 0.545 ± 0.160
0.09 ± 0.00 0.200 ± 0.064 -0.403 ± 0.087 0.492 ± 0.173

EM: Coarse Structs.

0.64 ± 0.03 0.014 ± 0.024 -0.048 ± 0.031 0.625 ± 0.228
0.12 ± 0.02 -0.021 ± 0.023 -0.039 ± 0.030 0.624 ± 0.111
0.10 ± 0.00 -0.026 ± 0.035 -0.039 ± 0.050 0.530 ± 0.107
0.04 ± 0.01 -0.024 ± 0.030 -0.039 ± 0.029 0.790 ± 0.105

EM: Contour Feats.

0.03 ± 0.00 0.110 ± 0.085 -0.395 ± 0.218 0.138 ± 0.276
0.04 ± 0.00 0.187 ± 0.086 -0.385 ± 0.116 0.165 ± 0.325
0.49 ± 0.00 0.303 ± 0.145 -0.475 ± 0.175 0.032 ± 0.044
0.11 ± 0.02 0.445 ± 0.104 -0.623 ± 0.137 0.048 ± 0.092

Nyx: Baryon Fraction
1.05 ± 0.01 -0.528 ± 0.819 -0.250 ± 0.049 0.029 ± 0.023
0.15 ± 0.01 0.246 ± 0.406 -0.924 ± 0.248 0.456 ± 0.228

Nyx: Thermo. State
1.06 ± 0.02 -0.710 ± 0.750 0.126 ± 0.057 0.089 ± 0.060
0.15 ± 0.00 -0.600 ± 0.665 -0.069 ± 0.090 0.610 ± 0.163
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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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Only directions that strongly affect the observable need tight control (lower perturbationerror).

Physics-Aligned Data Compression
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Figure 7. Rate–distortion curves for a hyperprior model for the physics loss (left) and rate gain (right), computed as the average rate
difference over a common PSNR range (Bjontegaard, 2001).

models locally in latent space. For random validation sam-
ples x, we encode z = fϕ(x) and inject controlled perturba-
tions η with prescribed covariance (diagonal and full-rank
variants), forming ẑ = z + η and decoding x̂ = gθ(ẑ). We
then compare (i) the change in variational rate against the
quadratic surrogate in Lemma 4.1, and (ii) the change in
signal/physics losses against the trace surrogates in Propo-
sition 4.3. We quantify agreement via the coefficient of de-
termination (R2) over a sweep of perturbation magnitudes.
Fig. 8 shows that the second-order models remain predictive
for moderate noise levels, supporting the use of HR, Weff ,
and Geff as local geometry descriptors. Appendix D reports
additional low-bitrate experiments.

Rate–distortion–physics trade-offs at fixed rate. Next
we examine the empirical Pareto frontier induced by β. For
each target bitrate, we train multiple models with different β
and evaluate both signal distortion DX and observable dis-
tortion DQ. Fig. 4 visualises this frontier: increasing β im-
proves vorticity fidelity while typically degrading MSE, con-
sistent with Theorem 5.2 when the (rate-whitened) physics
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Figure 8. Averaged R2 statistic between the quadratic approxima-
tions and their counterparts. Values are averaged over various data
samples, models, and hyperparameter configurations.
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Physics-awaremodels aremore efficient in a rate-distortion sense.
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1 A local allocation law
Rate, field fidelity and observable sensitivity determine the optimal noise covariance.

2 Afixed-rate trade-off
Under the theorem's assumptions, improving physical fidelity requiresmore pointwise
field error.

3 Acomputablediagnostic
Dominant-eigenspace overlap helps explain the trade-offsmeasured in trained
compressors.
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