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Abstract. Adapting a medical vision-language model (VLM) such as
BiomedCLIP to a clinical service is as much a stability problem as an
accuracy problem: an update for a new imaging modality can silently lose
competence on modalities already handled and drift from the trustworthy
pretrained prior toward modality-specific shortcuts. Elastic weight con-
solidation (EWC), the standard remedy, applies one fixed multiplier to an
unnormalized, accumulating Fisher, so the effective constraint depends
on task loss scale and on how many modalities have been consolidated,
and the same hyper-parameter is too weak under one arrival order and
too strong under another. We show this is a scale effect and remove it
by construction. CADRE keeps the backbone frozen and adapts through
low-rank adaptation (LoRA), regularized by an online, self-scaling con-
solidation term over a sum-normalised Fisher plus an anchor-to-prior
penalty on embedding drift; consolidation mass is then bounded inde-
pendently of the number of modalities and the self-scaled penalty is
invariant to rescaling. On a deliberately dissimilar three-modality stress
test (breast histopathology, ultrasound, chest radiography) at ≈0.23%
of parameters, CADRE reduces forgetting roughly sevenfold against the
strongest LoRA-family baseline (0.075 → 0.011; paired p=0.023, n=6)
and is the only method compared with positive backward transfer.

Keywords: Continual learning · Vision-language models · Parameter-
efficient fine-tuning · Elastic weight consolidation · Calibration.

1 Introduction

Foundation vision-language models (VLMs) pretrained on large biomedical
image-text corpora generalize across many tasks, yet a clinical deployment
rarely matches the pretraining distribution: a breast-imaging service may want
one model to read histopathology, ultrasound and radiographs, and to keep im-
proving as new modalities arrive. Adapting naively to each new modality in turn
is unsafe in two specific senses. Silent competence loss: sequential adaptation
degrades performance on earlier modalities [2], which in a clinic is invisible, as
an ultrasound update can quietly weaken histopathology reading and surface
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only as missed diagnoses. Silent prior drift and order fragility : adapters can
move a model toward dataset-specific shortcuts, and elastic weight consolida-
tion (EWC), the standard regularization remedy, is itself fragile: a fixed global
penalty on an unnormalized, accumulating importance estimate over-constrains
whichever modality arrives last, so the same method can be well behaved under
one order and not under another.

That second point is the technical core of this paper. Rather than asking
how high accuracy is after adaptation, we ask what adaptation preserves about
the model we already trusted, requiring three monitorable properties: retained
competence, bounded drift from the pretrained prior, and usable calibration (S1
to S3, Sec. 3). These align with clinical-safety desiderata but do not guaran-
tee safe deployment. CADRE (Clinician-anchored, Domain-Robust, Efficient
adaptation) freezes the BiomedCLIP backbone and adapts through low-rank
adaptation (LoRA) [5], regularized by an online self-scaling EWC term and an
anchor-to-prior penalty, with light label smoothing and evaluation-time weight
averaging (Fig. 1).
Contributions. (1) A diagnosis: two coupled scale problems in online EWC
(loss-scale dependence of the raw Fisher and unbounded accumulation of the
running estimate) account for much of its sensitivity to arrival order. (2) A repair
with two guarantees: sum-normalising each consolidated Fisher bounds total con-
solidation mass independently of the number of modalities (Proposition 1), and
setting the multiplier as a fixed fraction of the task loss makes the trade-off in-
variant to penalty rescaling (Proposition 2); together these remove a hand-tuned
hyper-parameter rather than replacing it. (3) A stability-oriented protocol with
leakage controls, multi-seed and multi-order runs, paired testing and component
attribution; against the LoRA-family baselines evaluated, CADRE attains the
highest accuracy, Stability-Plasticity Quotient and backward transfer and the
lowest forgetting, significantly so against plain LoRA and LoRA+Anchor, with
the LoRA+EWC comparison unresolved.

2 Related Work

Parameter-efficient fine-tuning (PEFT) and continual learning. Adapter [15]
and low-rank [5] tuning freeze a backbone and train a small injected parameter
set; LoRA is now a default for medical vision-language adaptation, but such
methods control where a model changes without bounding earlier-competence
loss or representation drift. Sequential training induces catastrophic forget-
ting [2], addressed by regularization, replay and architectural families [10, 11];
replay and exemplar methods [7, 8] retain past data, often clinically unacceptable
for privacy, while regularization methods weight movement by an importance
estimate [3, 12, 13], online EWC [4] keeping a single running term and functional
methods regularizing in output space [6, 14]. We build on online EWC, remove
its scale-and-order fragility (Sec. 3), and anchor in embedding space to the frozen
prior rather than distilling from the previous model. Composition methods allo-
cate capacity per task via prompt pools [26, 25] or orthogonalized adapters [27,
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28], growing parameters with the task count or adding inference-time selection;
CADRE keeps a single shared adapter, though we do not compare against that
family empirically (Sec. 6).

Medical continual learning, calibration and weight averaging. EWC
and learning without forgetting (LwF) have been studied for chest-radiograph
classification [20], and dynamic memory for acquisition shift [21, 22]. Closest
to us, recent work adapts the EWC penalty for medical VLMs via prompt-
guided grouping and similarity-weighted Fisher [23]; CADRE differs in requiring
no hand-tuned strength, in making the penalty scale-free via a sum-normalised
Fisher with a proven mass bound, and in adding an explicit anchor-to-prior
term. We adapt BiomedCLIP [1] rather than train a VLM [9], and use Expected
Calibration Error (ECE) [16], label smoothing [17] and weight averaging [18, 19].

3 Method: CADRE

Adaptation model. The BiomedCLIP backbone (ViT-B/16 vision encoder,
PubMedBERT text encoder) stays frozen; we train only a parameter vector θ
(≈0.23% of the backbone) of LoRA factors injected into the attention projections
of the 25 visual-encoder layers, plus the linear head. We write gLoRA and gfrozen
for the adapted and frozen-prior image embeddings. Modalities arrive as a stream
D1, . . . ,DT , each a balanced binary task.

Metrics. Let At,j be accuracy on modality j after training through modality
t. We report average final accuracy and the area under the receiver-operating-
characteristic curve (AUROC); forgetting, the mean drop from each earlier
modality’s best accuracy to its final accuracy; backward transfer (BWT), the
mean change in an earlier modality’s accuracy between the point at which it
was learned and the final state; and the Stability-Plasticity Quotient (SPQ),
the harmonic mean of plasticity (mean accuracy on each modality when first
learned) and stability (one minus forgetting, floored at zero). Lower forgetting
and higher BWT and SPQ are better; the first two use different reference points,
best-to-final and learned-to-final.

Stability objectives. An update should satisfy three monitorable proper-
ties: (S1) bounded competence loss, (S2) bounded prior drift and (S3) usable
calibration, targeted respectively by the consolidation term, the anchor and the
calibration components. (S1) and (S3) are measured below; (S2) is imposed by
construction and not measured (Sec. 6).

Why vanilla EWC is order-fragile. EWC weights each parameter by its
Fisher importance and pulls it back toward a stored reference θ∗; online EWC [4]
keeps a single running estimate F and one reference rather than one per task:

LEWC(θ) =
∑

i Fi (θi − θ∗i )
2, F ← γsim F + F̂ (t), θ∗ ← θt. (1)

A single fixed multiplier λ on the raw Fisher creates two coupled scale problems.
The raw Fisher tracks gradient magnitude, so it varies with task difficulty and
loss scale, and the running sum in (1) grows as tasks are consolidated; one λ
cannot stay comparable across steps. That sum is also order-dependent, so a
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Fig. 1. Overview of CADRE. A frozen BiomedCLIP encoder is adapted sequentially
over dissimilar modalities through one shared LoRA adapter and a linear head (≈0.23%
of parameters). The prior gfrozen is the same encoder with its LoRA paths off, so the
anchor compares two states of one model, not two models.

λ tuned for one order over- or under-constrains another and the last-arriving
modality faces the largest accumulated penalty.

Scale-decoupling. (M1) Sum-normalised Fisher. Before consolidating
each task’s Fisher we rescale it to unit total mass, so every modality contributes
the same total importance regardless of its loss scale and the running estimate
in (1) can never accumulate unbounded mass. (M2) Self-scaling strength.
Rather than tune a fixed λ, we recompute it at each step from detached (stop-
gradient) loss values,

λt = min
(
ρ LCE

LEWC+ε , λmax

)
, ρ = 0.3, (2)

so that, when unclipped, the penalty always contributes a fixed fraction ρ of
the current task loss; a floor ε, a cap λmax and a 50-step warm-up (with λt=0
while the first Fisher is estimated) stop it spiking before the prior is meaning-
fully perturbed. (M3) Similarity-aware retention. Keeping old constraints
in full over-regularises an incompatible target, so we scale retention of the run-
ning Fisher by the cosine between successive modality prototypes pt (means of
normalised embeddings over the modality’s training split):

γsim = γ · 12
(
1 + cos(pt, pt−1)

)
, γ = 0.9, (3)

so dissimilar modalities relax retention and similar ones preserve it, and since
cos(·, ·) ∈ [−1, 1] this keeps γsim ∈ [0, γ], the precondition of Proposition 1. At
this scale M3 has no measurable effect on forgetting, so we present it as an
optional refinement rather than a supported contribution.

Drift bound: anchor-to-prior. To control (S2) we add an embedding-
space penalty [6, 14] keeping the adapted encoder close to the frozen prior on a
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fixed probe set A (|A|=64):

Lanchor =
1

|A|
∑
x∈A

∥∥gLoRA(x)− gfrozen(x)
∥∥2
2
. (4)

A is fixed at the start of the first modality, drawn from the training split only
with its prior embeddings cached, so it cannot leak into evaluation, and the
two embeddings come from different adapter states on the same input. Adding
β Lanchor is the Lagrangian of minimising the task loss subject to a cap on mean
drift over A: a soft bound on expected drift, not a per-input Lipschitz guarantee.

Calibration and the full objective. For (S3), CADRE adds light label
smoothing (εls=0.05) and an exponential moving average (EMA, decay 0.99) of
the trainable parameters applied at evaluation only, in the manner of stochastic
weight averaging [18]; ECE is the mean gap between confidence and accuracy
across equal-width bins. The per-step loss is the label-smoothed cross-entropy
plus the self-scaled consolidation penalty ((2), sum-normalised and similarity-
decayed) plus the anchor penalty. During training the Fisher and reference θ∗

come from the live weights, so the penalty and the optimised parameters are
always the same set; only evaluation uses EMA weights, and because EMA can
itself reduce measured forgetting we attribute its contribution rather than credit
it to consolidation.

Theoretical analysis. Two short results explain why the scale fixes work.

Proposition 1 (Bounded consolidation mass). If each consolidated Fisher
has unit mass and the retention factor satisfies γsim ∈ [0, γ] with 0 ≤ γ < 1, then
the total mass mt =

∑
i Fi stays bounded by 1/(1− γ) for all t, independent of

the number of modalities T .

Proof. The update in (1) gives mt = γsimmt−1 + 1 ≤ γmt−1 + 1; with m0 = 0,
induction yields mt ≤ 1−γt

1−γ ≤
1

1−γ . □

Proposition 2 (Scale-invariant trade-off). Let ε → 0 with λt unclipped.
Under any rescaling of the penalty LEWC 7→ cLEWC (c > 0), both the self-scaled
penalty value and its gradient are unchanged.

Proof. By (2) the multiplier rescales as λt 7→ λt/c, which exactly cancels the
factor c in both the penalty value (ρLCE) and its gradient. □

M1 and M2 remove the two scale-related sources of order dependence but
not interference between modality representations, which is not a scale effect, so
we claim order-robustness only empirically. After each modality we update the
prototype, consolidate the Fisher and reference, and re-evaluate all modalities
seen so far under the EMA weights.

4 Experimental Setup

Data and task framing. We use breast histopathology, breast ultrasound and
chest radiography as a deliberately dissimilar cross-modality stress test. Each
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modality is balanced (N=600, 50% positive; N=1800 total), read as RGB at
224×224; the histopathology source is BreaKHis [24], whose multispectral folder
labels are a packaging artefact rather than extra spectral bands. Chest radiogra-
phy is an adversarial negative-transfer probe, not a clinical task: it is most distant
from breast tissue, its abnormal vs. normal labels are not biopsy-correlated, and
no breast-malignancy claim attaches to it. The three tasks use related but non-
identical predicates, so average accuracy is a retention diagnostic for a shared
adapter rather than a clinical performance figure; the claims we defend (forget-
ting, BWT and their variance across orders) are computed within a modality and
are unaffected by that mismatch. Histopathology is grouped at slide level (43
groups) via BreaKHis SOB filename parsing; ultrasound and radiography group
at image level, since no case identifiers are recoverable from the distributed
files, so same-case leakage cannot be excluded and those two absolute accura-
cies are likely optimistic. Splits are stratified by group into train/validation/test
(70/15/15).

Protocol. All methods adapt a frozen BiomedCLIP backbone under an iden-
tical loop, differing only in the regularization applied: visual LoRA of rank 8 with
α=16 on the attention projections, AdamW at learning rate 5×10−4 and weight
decay 10−4, ten epochs per modality, mixed precision, one T4 GPU; CADRE
adds ρ=0.3, γ=0.9, β=0.3, |A|=64, label smoothing 0.05, EMA decay 0.99, and
a Fisher over 50 batches. Each run adapts over the three modalities in turn, re-
evaluating all modalities seen so far after each, giving the matrix At,j . We ran 3
seeds × 2 arrival orders, chosen so histopathology, whose retention is most fragile
under the naive baseline, appears both first and last, for n=6 paired observations
per method; three modalities admit 3!=6 orders, so this samples the order space
rather than covering it. Comparisons are paired across the six (seed, order) pairs,
two-sided at 5 degrees of freedom, as mean ± standard error of the mean (SEM);
we apply no multiple-comparison correction and treat p-values as descriptive.
The methods compared are Linear Probe (frozen features, linear head), LoRA,
LoRA+EWC (vanilla EWC, fixed λ, unnormalized Fisher), LoRA+Anchor and
CADRE ; the LoRA+EWC contrast reflects both the redesign and the added
components, separated in Table 2. Code, configurations and seed and order lists
are released at https://github.com/rishabhjha1/CADRE; the retention map-
ping is (3).

5 Results

All values are mean±SEM over 3 seeds × 2 orders from one unified run, so
comparison, attribution and accuracy matrices are mutually consistent. Among
the adapting methods evaluated, CADRE attains the highest accuracy (0.775),
SPQ (0.867) and backward transfer (+0.004) and the lowest forgetting (0.011;
Table 1); AUROC is flat across the LoRA family, from 0.813 to 0.821, within
roughly one SEM.

Forgetting is the headline result. CADRE reduces forgetting roughly
sevenfold against the strongest regularized baseline, LoRA+Anchor (0.075 →
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Table 1. Main comparison (mean±SEM, 3 seeds × 2 orders, n=6). Lower forgetting is
better; higher Acc, AUROC, BWT, SPQ are better. Best per column in bold; AUROC
is not bolded, as its spread across LoRA variants is within noise. All LoRA variants train
0.231% of parameters (linear probe 0.001%) with one shared adapter, no exemplars and
no inference-time routing.

Method Acc AUROC BWT Forget. SPQ

Linear Probe 0.603±.029 0.720±.008 −0.009±.046 0.061±.022 0.738±.006

LoRA 0.746±.012 0.813±.011 −0.081±.017 0.084±.015 0.854±.008

LoRA + EWC 0.756±.021 0.820±.009 −0.070±.028 0.081±.026 0.856±.013

LoRA + Anchor 0.754±.011 0.813±.009 −0.075±.016 0.075±.016 0.860±.007

CADRE (full) 0.775±.009 0.821±.006 0.004±.008 0.011±.006 0.867±.006

0.011; paired p=0.023), and against plain LoRA (0.084→0.011; p=0.002), and is
the only method in Table 1 with positive backward transfer (+0.004) where every
baseline is clearly negative (−0.07 to −0.08). The comparison with LoRA+EWC
does not reach significance (p=0.072); that baseline is high-variance (forgetting
SEM ±0.026 against CADRE’s ±0.006), so at n=6 we can neither claim nor
dismiss the difference and report it as unresolved. On accuracy, paired t-tests
place CADRE above plain LoRA (+0.030, p=0.014), LoRA+Anchor (+0.021,
p=0.008) and the Linear Probe (+0.173, p=0.002), the LoRA+EWC gap again
not significant (+0.020, p=0.372).

Per-modality behaviour and order robustness. CADRE collapses nei-
ther an early modality nor a class: it achieves the best abnormal-class recall
on the hardest modality, chest radiography (0.607 against 0.389 to 0.511 for
the LoRA baselines), while remaining strong on histopathology (0.856 / 0.776
by class) and ultrasound (0.911 / 0.930). Order sensitivity surfaces as variance
across (seed, order) pairs: CADRE’s forgetting SEM is ±0.006 on a mean of
0.011, four times tighter than LoRA+EWC’s ±0.026 on 0.081, and its BWT
SEM is ±0.008 against ±0.028, consistent with the scale guarantees of Sec. 3,
though two of six orders is evidence for, not a demonstration of, order-invariance.
The At,j matrix on the first order shows histopathology near-flat (0.857 →
0.870→ 0.844) and chest-radiograph accuracy improving after a later modal-
ity (0.581→0.589).

Component attribution. Table 2 toggles each component off with the rest
held fixed; CADRE-full’s forgetting in this arm (0.009±0.004) matches the main
comparison (0.011±0.006), so attribution and headline share one protocol. Three
removals significantly raise forgetting: the consolidation redesign, the anchor and
EMA. Reverting the redesign costs the most accuracy (0.777→0.749) and is the
primary stability driver; the anchor’s clearest effect is on accuracy (p=0.005).
EMA slightly lowers accuracy when present (0.784→ 0.777) while suppressing
forgetting, as expected, since trajectory averaging damps late-stream movement
mechanically. Label smoothing and M3 show no significant effect at n=6; for M3
mean forgetting is the wrong endpoint, since it targets variance across orders,
which two orders cannot test.
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Table 2. Component attribution: each row removes one component, the rest held fixed
(3 seeds × 2 orders; p on forgetting against CADRE-full, paired, 5 degrees of freedom).
Rows are ablations of CADRE, not competing methods; removing the anchor also
lowers accuracy significantly (p=0.005).

Configuration Forgetting p vs. full Acc ECE

CADRE (full) 0.009±.004 — 0.777 0.140

− self-scaling (revert to vanilla EWC) 0.038 0.035 0.749 0.129
− EMA 0.025 0.042 0.784 0.155
− anchor 0.019 0.019 0.744 0.134
− label smoothing 0.018 0.36 0.778 0.147
− similarity-aware retention (M3) 0.016 0.49 0.770 0.139

6 Discussion and Conclusion

Treating forgetting as a quantity to bound turns a continual-learning metric into
a stability property a clinical team can monitor: a precondition for safe updating,
not a proof of it. The substantive finding is narrow. Online EWC has a diagnos-
able, scale-induced sensitivity to arrival order, and normalising the Fisher while
tying the multiplier to the task loss removes it without a replacement hyper-
parameter; empirically the redesign is the largest contributor to both retention
and accuracy.

Limitations. All comparison methods share CADRE’s single-shared-
adapter setting; we do not compare empirically against capacity-expanding,
prompt-based or distillation-based continual learners [27, 28, 26, 6, 23], so our
claims concern the regularization family at a fixed parameter budget. At n=6
over two of six orders, the LoRA+EWC forgetting comparison is unresolved
rather than null (p=0.072); a full 5 × 6 grid with a λ sweep and a plot of con-
solidation mass against t is the direct empirical test of Propositions 1 and 2 and
is not carried out here. Objective (S2) is correspondingly weaker than (S1) and
(S3): the anchor imposes a soft bound on expected drift by construction, but we
report no measured drift statistic and no runtime out-of-distribution guardrail
result, so bounded drift is a design property rather than an empirical finding.
Image-level grouping leaves same-case leakage possible, and the benchmark is
balanced and in-distribution, so neither class imbalance nor acquisition shift is
probed.

Conclusion. CADRE recasts parameter-efficient continual adaptation as a
stability problem. A self-scaling EWC redesign with a bounded-mass guaran-
tee and a scale-invariance property, plus an anchor-to-prior drift penalty, gives
roughly sevenfold lower forgetting than the strongest LoRA-family baseline, pos-
itive backward transfer and lower cross-order variance at ≈0.23% of parameters:
monitorable quantities aligned with clinical-safety desiderata, not a deployment
guarantee. Code: https://github.com/rishabhjha1/CADRE.

Disclosure of Interests. The authors have no competing interests to declare.
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