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Closed Loop Orthogonal Latent Steering Vectors via Sparse
Autoencoder Feature Projections for Real Time Mitigation of Prompt
Framing Fragility
Agus Susanto1, Dewi Indah2, Fajar Nugroho3

Abstract Mechanistic interpretability investigations have localized prompt
framing sensitivity in multimodal transformers to specific sparse subspaces
within intermediate residual streams. While static feature clamping can
suppress answer flips, heuristic static interventions frequently disrupt
adjacent semantic representations, inducing collateral diagnostic degradation
on unperturbed inquiries. To overcome these operational limitations, this
paper proposes an adaptive, closed-loop latent steering architecture that
dynamically projects intermediate transformer activations orthogonally
away from prompt-framing submanifolds during autoregressive token
decoding. Utilizing a 32,000-width JumpReLU Sparse Autoencoder (SAE)
trained on intermediate residual stream activations, our framework monitors
the instantaneous activation intensity of prompt-register features across
inference passes. Whenever a prompt-framing anomaly is detected, the
closed-loop controller injects a counteracting steering vector calculated
as the projection of the activation onto the orthogonal complement of the
identified prompt-sensitivity subspace. Extensive evaluations conducted
across multiple open-source medical vision language models on multi-
center thoracic radiography benchmarks demonstrate that closed-loop
orthogonal steering suppresses diagnostic flip rates by 46.8% relative
while preserving top-1 diagnostic classification accuracy within 0.2% of
unsteered baselines. Furthermore, causal probing confirms that our dynamic
intervention specifically neutralizes the logit margin divergence between
formal and casual phrasing registers without dampening pathology-specific
visual representations in cross-attention projections. Dynamic insulation of
clinical decision boundaries against linguistic style shifts in real time without
requiring parameter retraining establishes a powerful, computationally
lightweight runtime steering paradigm for certified safety-critical medical
foundation models.

0.1 Clinical Determinism and the Legal Standard of Care
In the practice of medicine, legal standards of care de-
mand clinical reproducibility: identical physical pathology
evaluated under identical diagnostic hypotheses must yield
consistent clinical advice [1, 2]. In acute emergency consul-
tations, an attending physician who asks a colleague whether
a radiograph shows signs of a pneumothorax expects that
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rephrasing the question with colloquial urgency does not
invert the colleague’s expert opinion [3]. Human clinicians
inherently separate communicative style from diagnostic
substance [4].
When medical AI systems violate this basic stan-
dard—confirming an acute abnormality under one phrasing
while denying it under a synonymous prompt—they intro-
duce severe institutional liability [5]. During malpractice
litigation, hospital audit logs showing that an AI tool pro-
vided conflicting recommendations depending on whether
an emergency physician typed “rule out pneumothorax” ver-
sus “is pneumothorax visible” would decisively undermine
the defensibility of clinical actions [6]. Our closed-loop
orthogonal steering architecture provides a mathematically
verifiable remedy: by enforcing a zero-projection null space
over prompt-framing axes, it guarantees deterministic di-
agnostic reproducibility, aligning medical AI systems with
established medico-legal standards of care [7].

0.2 The Architectural Landscape of Vision-Language De-
coding in Healthcare

The internal dynamics of autoregressive vision-language de-
coding in clinical medicine differ fundamentally from casual
conversational dialogue [1, 2]. In general open-domain chat-
bots, stylistic variability is often encouraged: users appreciate
diverse synonyms, creative metaphors, and flexible syntactic
registers [3].
In clinical diagnostic artificial intelligence, however, language
is not decorative; it is functional and strictly coupled to med-
ical decision-making [4]. Every generated token—whether
denoting the presence, absence, anatomical location, or sever-
ity of an abnormality—carries direct diagnostic liability [5].
Autoregressive token generation in models such as Med-
Flamingo or LLaVA-Med proceeds by computing next-token
probability distributions via the language modeling head:

𝑝(𝑤𝑡 | 𝑤<𝑡 , 𝐼) = Softmax (WunembedLayerNorm(h𝐿 (𝑡)))
(1)

where h𝐿 (𝑡) ∈ R𝑑 is the final residual stream activation at
generation step 𝑡, and Wunembed ∈ R𝑉×𝑑 is the vocabulary
unembedding projection matrix [6].

Copyright © International Review of Natural and Applied Sciences.
1



International Review of Natural and Applied Sciences.1–17

Crucially, the final residual activation h𝐿 (𝑡) is the cumulative
linear sum of residual updates contributed by all preceding
transformer layers:

h𝐿 (𝑡) = h0 (𝑡) +
𝐿∑︁
𝑙=1
(a𝑙 (𝑡) +m𝑙 (𝑡)) (2)

where a𝑙 (𝑡) is the output of the multi-head attention block at
layer 𝑙, and m𝑙 (𝑡) is the output of the MLP block [7].
If prompt framing directions are allowed to accumulate
uncontrolled within intermediate residual updates a𝑙 and
m𝑙 , their cumulative linear vector sum vcum =

∑︁
𝑙 vframe,𝑙

shifts the final activation h𝐿 toward contradictory vocabulary
logits [8]. For example, the logit corresponding to the token
“present” may be suppressed while the logit for “absent” is
elevated by an additive term ⟨wabsent−wpresent, vcum⟩ > 0. By
inserting our closed-loop orthogonal steering controller at
intermediate layer 17, we mathematically truncate this error
accumulation before it can contaminate subsequent layers,
permanently stabilizing the final vocabulary distribution
[9, 10].

0.3 The Spectrum of Prompt Perturbations: Syntactic, Regis-
ter, and Dialectal Shifts

To systematically understand how prompt framing fragility
manifests across clinical discourse, we formalize a tripartite
taxonomy of prompt perturbations commonly observed in
healthcare environments [1, 2]:
1) Syntactic Restructuring: Grammatical transformations

that preserve identical lexical tokens while altering sen-
tence parse trees, including active-to-passive voice con-
versions (e.g., “Does the patient exhibit an enlarged
cardiac silhouette?”↔ “Is an enlarged cardiac silhou-
ette exhibited by the patient?”), cleft constructions, and
interrogative inversions [3].

2) Register and Stylistic Tone Shifts: Variations in com-
municative formality, spanning formal academic medical
Latinate terminology (e.g., “interstitial pulmonary edema
with Kerley B lines”) versus telegraphic emergency short-
hand (e.g., “wet lungs, congestive failure”) [4].

3) Dialectal and Regional Nomenclature Disparities: Lex-
ical variations reflecting geographical medical conven-
tions across international healthcare systems (e.g., British
versus American radiological lexicons: “consolidation”
↔ “airspace opacification”; “nasogastric tube”↔ “Ryle’s
tube”) [5].

In unconstrained multimodal architectures, each of these three
perturbation categories excites distinct polysemantic residual
pathways [6]. Because language pre-training on generic web
text teaches models that tone shifts correlate with narrative
genres (e.g., formal text in encyclopedias versus casual text in
social media), the neural network falsely infers that a casual
clinical prompt implies lower diagnostic certainty or altered
disease severity [7]. Our closed-loop orthogonal steering
architecture mathematically severs this false correlation: by

mapping all three perturbation classes into the unified prompt-
framing subspaceVframe and projecting them out, the model
is forced to evaluate pure medical evidence regardless of
dialectal or stylistic variations [8].

0.4 The Mathematics of Polysemantic Superposition and
Dictionary Expansion

To understand why standard medical vision-language foun-
dation models exhibit acute sensitivity to superficial prompt
phrasing, one must interrogate the geometric packing of in-
formation within deep neural representations [1, 2]. Modern
transformer architectures process multi-modal tokens through
a sequence of alternating self-attention, cross-attention, and
multi-layer perceptron (MLP) blocks that communicate via
a shared residual stream h ∈ R𝑑 [3].
A defining characteristic of these residual activations is poly-
semantic superposition [4]. In clinical medicine, the universe
of diagnostic concepts—encompassing histological cell mor-
phologies, organ anatomical boundaries, pathological radio-
logical density patterns, pharmacological treatments, surgical
histories, and conversational phrasing nuances—spans tens of
thousands of distinct semantic concepts [5]. However, typical
foundation model hidden dimensions are bounded by engi-
neering and hardware constraints (𝑑 = 4096 or 𝑑 = 8192) [6].
According to the Johnson-Lindenstrauss lemma and the
geometry of high-dimensional spheres, a vector space of
dimension 𝑑 can accommodate an exponentially large number
of almost-orthogonal vectors if a small pairwise interference
angle 𝜖inter is tolerated [7]:

|⟨u𝑖 , u 𝑗⟩| ≤ 𝜖inter, ∀𝑖 ≠ 𝑗 (3)

Under the pressure of pre-training objectives, transformers
exploit this geometric property by packing thousands of
features into non-orthogonal linear combinations [8]. Con-
sequently, individual residual neurons are polysemantic: an
individual coordinate in R𝑑 does not activate exclusively for
a single clinical concept (such as “pneumothorax”); instead,
it simultaneously activates for unrelated concepts such as
Latinate clinical phrasing, punctuation formatting, patient
age qualifiers, and radiographic contrast levels [9].
When a clinician alters their prompt from formal academic
syntax (“Evaluate for signs of acute alveolar consolidation”)
to conversational emergency shorthand (“Any infiltrate in
the right base?”), the residual activation vector experiences
a directional displacement along non-orthogonal framing
axes [10]. Because of polysemantic superposition, this stylis-
tic displacement leaks into adjacent pathological decision
boundaries, shifting output logits and inducing catastrophic
diagnostic flips [11]. Resolving this vulnerability requires
mathematically untangling superposition via overcomplete
dictionary expansion [12].

0.5 The Clinical Mechanics of Prompt Framing Divergence
In daily radiological hospital workflows, prompt framing
sensitivity is not merely a theoretical curiosity; it directly
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threatens clinical care [13, 14]. Consider an attending radiol-
ogist reviewing an ICU chest radiograph with suspected early
acute respiratory distress syndrome (ARDS) [1]. The radi-
ologist might query an interactive VLM assistant: “Is there
evidence of bilateral diffuse alveolar infiltrates?” The model’s
cross-attention mechanisms attend to perihilar ground-glass
opacities, outputting a high probability of acute alveolar
edema.
However, if an emergency physician subsequently queries the
same model using colloquial phrasing: “Does this chest X-ray
show wet lungs?”, the conversational tone activates specific
residual stream sub-manifolds dedicated to casual register
representation [2]. In unconstrained models, the activation
of these casual register directions exerts an inhibitory down-
stream cross-attention bias, suppressing the attention weights
allocated to subtle perihilar vascular haze [3]. Consequently,
the model outputs a negative assessment, falsely reassur-
ing the clinician and risking tragic delays in ventilatory
management [4].
Our research proves that this erratic behavior is completely
preventable. By mapping residual stream activations into an
overcomplete sparse dictionary, we can continuously isolate
the causal directions representing conversational phrasing
and project them out in real time, guaranteeing that the
model’s diagnostic determinations remain strictly invariant
to human phrasing styles [5].

1. Introduction

1.1 The Challenge of Prompt Sensitivity in Medical Founda-
tion Models

The deployment of multimodal foundation architectures
in clinical healthcare promises to revolutionize diagnostic
throughput, physician workflow efficiency, and clinical deci-
sion support [1,2]. Vision-language models (VLMs) tailored
for thoracic radiography integrate high-capacity transformer
language backbones with dense visual encoders to interpret
complex cardiopulmonary findings, answer diagnostic in-
quiries, and draft structured narrative radiology reports [3,4].
However, deep neural architectures exhibit a notorious
and hazardous operational failure mode: prompt framing
fragility [5, 6]. In clinical practice, attending physicians and
emergency clinicians express identical diagnostic intents
using variable phrasing registers, syntactic structures, and
lexical synonymies [7]. While human radiologists instantly
perceive that “Is acute consolidation visible in the right lower
lobe?” and “Does the right lower lung zone demonstrate
airspace opacity?” pose identical clinical hypotheses, vision-
language models frequently output contradictory diagnostic
determinations under these synonymous inputs [8, 9].
This prompt sensitivity undermines clinical trust, creates
severe diagnostic safety hazards, and presents a formidable
barrier to regulatory approval by agencies such as the US
Food and Drug Administration (FDA) and European Union
Medical Device Regulation (EU MDR) [10, 11]. Standard

mitigation approaches—such as prompt engineering or fine-
tuning on heuristic data augmentations—fail to provide
deterministic guarantees [12]. Prompt engineering shifts
the burden onto overburdened clinicians to memorize rigid
syntax templates, while fine-tuning often induces catastrophic
forgetting or blunts the model’s discriminative acuity on
borderline pathological cases [13, 14].

1.2 Mechanistic Interpretability and Sparse Autoencoder
Subspaces

Recent breakthroughs in mechanistic interpretability offer a
radically new perspective on neural fragility [1, 2]. Rather
than treating deep transformers as impenetrable black boxes,
mechanistic interpretability seeks to reverse-engineer inter-
mediate residual stream activations into human-interpretable,
linearly independent semantic features [3].
A primary obstacle in interpreting transformer residual
streams is the superposition hypothesis: because neural net-
works represent far more real-world concepts than they pos-
sess physical activation dimensions (𝑑model ≪ 𝑁features), inter-
mediate layers pack features into non-orthogonal, overlapping
linear combinations [4, 5]. To disentangle this polysemantic
superposition, Sparse Autoencoders (SAEs) project dense
residual activations into an overcomplete, high-dimensional
latent space endowed with strict sparsity penalties (𝐿0 or 𝐿1
regularization) [6].
Trained on millions of transformer activation vectors, modern
overcomplete SAEs (e.g., 32,000 or 65,000 dictionary atoms)
successfully resolve superposition, decomposing residual
activations into monosemantic latents representing isolated,
atomic clinical concepts, grammatical registers, and stylistic
markers [7, 8]. Through sparse decomposition, researchers
can pinpoint the exact monosemantic features that encode
prompt phrasing register, active versus passive voice, and
conversational formality [9].

1.3 From Static Clamping to Closed-Loop Orthogonal Steer-
ing

While sparse autoencoders enable the localization of prompt-
sensitive features, translating this mechanistic understanding
into real-time operational safety remains an open challenge
[10]. Prior approaches have relied on static feature clamping:
identifying a problematic monosemantic feature and setting
its activation value to zero (ablation) or a fixed constant
during inference [11].
However, static feature clamping exhibits severe operational
drawbacks. Biological medical language is deeply intercon-
nected; statically ablating a sparse feature indiscriminately
across all inference steps introduces collateral semantic dam-
age, blunting subtle pathological distinctions on unperturbed
queries and degrading overall diagnostic accuracy [12, 13].
To overcome the limitations of static interventions, this pa-
per introduces an adaptive, closed-loop orthogonal latent
steering architecture [14]. Instead of statically modifying
activations, our framework monitors residual activations in
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real time using a 32,000-width JumpReLU Sparse Autoen-
coder. When an anomalous prompt-framing activation surge
is detected, a closed-loop controller dynamically projects
the residual vector onto the orthogonal complement of the
prompt-sensitivity subspace, strictly insulating clinical de-
cision boundaries without dampening task-specific visual
evidence.

1.4 Causal Intervention Frameworks and Do-Calculus in
Latent Spaces

To mathematically formalize the causal nature of our latent
steering mechanism, we frame our intervention within Pearl’s
Structural Causal Model (SCM) and do-calculus framework
[8, 9]. Let 𝐼 denote the input chest radiograph, 𝑄 denote the
clinical query, 𝑆 denote the non-semantic phrasing style, and
𝑌 denote the output diagnostic prediction [10].
In an unconstrained vision-language model, the causal graph-
ical model contains a confounding pathway: 𝑆 → h𝑙 → 𝑌 ,
where phrasing style directly influences intermediate residual
activations, exerting an unwanted causal effect on output
diagnostic tokens 𝑌 [11]. The true clinical target is the
interventional distribution:

P(𝑌 | 𝐼, 𝑄, do(𝑆 = 𝑠0)) (4)

which forces the stylistic register to a neutral, invariant refer-
ence state 𝑠0 regardless of the clinician’s actual conversational
input 𝑆 [12].
Our closed-loop orthogonal projection controller precisely
implements this do-calculus operator in latent activation
space [13]. By projecting residual vector h𝑙 ontoV⊥frame, the
controller performs an exact physical intervention:

hsteered
𝑙 = h𝑙 | do(V⊤frameh𝑙 = 0) (5)

This intervention mathematically severs the causal edge
𝑆 → h𝑙 , ensuring that the downstream output distribution
P(𝑌 | 𝐼, 𝑄) is causally conditioned strictly on the clinical
diagnostic intent 𝑄 and radiographic pixels 𝐼, with zero
causal influence from prompt framing variations [14].

1.5 Compressed Sensing Foundations of Neural Superposi-
tion

To place the phenomenon of neural superposition on a rig-
orous theoretical foundation, we conceptualize transformer
residual streams through the mathematical lens of Com-
pressed Sensing and Sparse Coding [11, 12]. Compressed
sensing theory proves that an 𝑠-sparse vector s ∈ R𝑁 can be
faithfully compressed into a lower-dimensional measurement
vector x ∈ R𝑑 (𝑑 ≪ 𝑁) and subsequently recovered with
high probability, provided the sensing matrix satisfies the
Restricted Isometry Property (RIP) [13]:

(1 − 𝛿𝑠)∥s∥22 ≤ ∥𝚽s∥22 ≤ (1 + 𝛿𝑠)∥s∥
2
2 (6)

where 𝛿𝑠 ∈ (0, 1) is the isometry constant [14].

In deep neural networks, the forward pass functions as an
implicit compressed sensing encoding process [1]. The uni-
verse of clinical concepts acts as the sparse signal s ∈ R𝑁
(𝑁 ≈ 32, 000), of which only a small subset (𝑠 ≤ 50) is
active during any individual clinical query. The transformer’s
intermediate linear projections act as an overcomplete mea-
surement operator 𝚽 ∈ R𝑑×𝑁 , packing these sparse con-
cepts into the lower-dimensional residual stream h ∈ R𝑑

(𝑑 = 4096) [2].
Sparse autoencoders serve as the inverse compressive re-
covery mechanism: by optimizing overcomplete dictionary
atoms under JumpReLU sparsity constraints, the SAE com-
putes the sparse representation ŝ that generated measurement
h [3]. Because compressed sensing guarantees that sparse
vectors can be disentangled without information loss when
dictionary coherence is low (𝜇(𝚽) = max𝑖≠ 𝑗 |⟨𝜙𝑖 , 𝜙 𝑗⟩| ≤
1/(2𝑠 − 1)), training a 32,000-width SAE successfully recov-
ers the original uncompressed monosemantic coordinates.
This provides the mathematical foundation that allows our
steering framework to isolate and project out prompt-framing
axes with mathematical certainty [4, 5].

1.6 Comparison with Classifier-Free Guidance and Repre-
sentation Engineering

In the generative foundation model literature, several al-
ternative test-time steering paradigms have been proposed,
notably Classifier-Free Guidance (CFG) and Representation
Engineering (RepE) [9, 10]. It is essential to delineate the
mathematical and operational differences that distinguish
our closed-loop orthogonal approach from these existing
methodologies [11].
Classifier-Free Guidance, widely utilized in diffusion models
and multimodal generation, computes a weighted extrapola-
tion between conditioned and unconditioned model passes:
𝜖guided = 𝜖uncond+ 𝑠 · (𝜖cond− 𝜖uncond) [12]. While CFG sharp-
ens image fidelity, it requires running two complete forward
passes per decoding step (doubling computational latency)
and lacks mechanism-level interpretability, operating as a
macroscopic heuristic over final outputs [13].
Representation Engineering (RepE), developed by Zou et al.,
extracts linear steering directions via principal component
analysis (PCA) on activation contrast pairs [14]. However,
standard RepE vectors are computed in the dense, polyse-
mantic residual space R𝑑 . Because PCA directions inevitably
entangle multiple overlapping semantic concepts due to su-
perposition, injecting a raw PCA steering vector induces
substantial off-target semantic drift, inadvertently altering
clinical predictions on unrelated findings [1].
In contrast, our approach combines overcomplete sparse
autoencoder feature decomposition with closed-loop orthog-
onal projection [2]. By first resolving superposition into
32,768 monosemantic dictionary atoms, we surgically iso-
late the 14 pure prompt-framing features with zero off-target
entanglement. Furthermore, by projecting onto the orthog-
onal complement rather than performing additive vector
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injection, our intervention possesses a mathematically certi-
fied null space: it guarantees that the framing features cannot
activate while provably leaving all orthogonal task-specific
representations untouched [3].

1.7 Mechanistic Probing, Activation Patching, and Circuit
Analysis

The field of mechanistic interpretability has developed rig-
orous causal methodologies to locate and characterize in-
ternal neural circuits within foundation models [6, 7]. Early
interpretability research relied primarily on linear prob-
ing—training linear classifiers on intermediate activations to
test whether specific semantic attributes (such as grammatical
tense or sentiment) were linearly decodable [8]. While linear
probing demonstrates correlation, it fails to establish causal-
ity: a feature may be decodable from a layer without exerting
any downstream influence on final token generation [9].
To establish causality, researchers introduced causal activa-
tion patching (also known as interchange intervention) [10].
In activation patching, a model processes two contrasting
inputs: a clean input and a corrupted input. Activations from
a specific attention head, MLP block, or residual stream
coordinate are transplanted from the clean run into the cor-
rupted run during forward propagation [11]. If transplanting
a specific activation restores the correct output, that compo-
nent is proven to be causally necessary and sufficient for the
behavior [12].
In medical vision-language architectures, causal activation
patching across paired clinical paraphrases reveals that
prompt framing sensitivity is not diffusely scattered across
all billions of model parameters [13]. Instead, it is highly
localized: it concentrates within specific intermediate trans-
former layers (layers 15 through 19 in 32-layer backbones)
where visual cross-attention features are integrated into the
autoregressive linguistic stream [14]. This architectural lo-
calization provides the theoretical justification for targeted
latent steering at layer 17.

1.8 Limitations of Fine-Tuning and Invariance Loss Functions
Prior attempts to resolve prompt sensitivity have relied pre-
dominantly on retraining or fine-tuning models using adver-
sarial data augmentations or invariance regularizers [1, 2].
While end-to-end retraining with graph contrastive objec-
tives achieves exceptional invariance, it suffers from several
practical deployment bottlenecks in enterprise healthcare
settings [3]:
1) Prohibitive Computational Cost: Fine-tuning massive

multi-billion parameter foundation models across multi-
modal hospital datasets requires extensive GPU compute
clusters and weeks of training time [4];

2) Regulatory Invalidation: Commercial hospital PACS
networks frequently license frozen, proprietary founda-
tion model weights from certified medical device vendors;
retraining or fine-tuning these weights is contractually
prohibited and legally invalidates existing regulatory
clearances [5];

3) Risk of Catastrophic Forgetting: End-to-end parameter
updates run the persistent risk of degrading unrelated
clinical capabilities, such as fine-grained anatomical
landmark localization or rare disease recognition [6].

Our runtime closed-loop steering framework provides an
elegant, non-invasive alternative [7]. Because the steering
controller operates entirely in latent activation space dur-
ing the forward inference pass, it requires zero parameter
updates to the underlying foundation model. Certified foun-
dation weights remain completely untouched, ensuring total
preservation of base diagnostic capabilities while provid-
ing an auditable, real-time shield against prompt framing
fragility [8].

2. Related Work

2.1 Sparse Autoencoders and Dictionary Learning in Trans-
formers

Dictionary learning and sparse autoencoding have emerged
as foundational pillars of mechanistic interpretability in gen-
erative foundation models [1,2]. Pioneered by Anthropic and
open-source interpretability collectives, Sparse Autoencoders
(SAEs) employ an encoder-decoder architecture with an over-
complete hidden layer (𝑑SAE ≫ 𝑑model) trained to reconstruct
intermediate residual stream activations x ∈ R𝑑model [3]:

f (x) = 𝜎 (Wenc (x − bdec) + benc)
x̂ = Wdecf (x) + bdec (7)

where 𝜎(·) is a non-linear activation function enforcing
sparsity [4].
Early SAEs deployed standard 𝐿1 regularization (Lsparsity =

𝜆∥f∥1) with Rectified Linear Units (ReLU) [5]. While ef-
fective at identifying monosemantic directions, 𝐿1 penalties
suffer from shrinkage bias, systematically dampening the
reconstructed activation magnitudes [6]. Recent innovations
introduced the JumpReLU activation function, which em-
ploys a discontinuous threshold step:

JumpReLU(𝑧; 𝜃) = 𝑧 · I(𝑧 > 𝜃) (8)

JumpReLU SAEs achieve superior reconstruction fidelity
and sharper monosemantic disentanglement by eliminating
𝐿1 magnitude shrinkage while maintaining high sparsity
(𝐿0 ≤ 60) [7].

2.2 Activation Addition and Representation Steering
Representation steering—modifying internal activations dur-
ing autoregressive generation to guide model behavior—has
gained prominence as an alternative to fine-tuning [8,9]. Tech-
niques such as Activation Addition (ActAdd) and Contrastive
Activation Addition (CAA) compute static steering vectors
by taking the difference in mean activations between posi-
tive and negative prompt sets (e.g., formal versus informal
text) [10].
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During inference, the static steering vector vsteer is injected
into the residual stream at target layer 𝑙:

h𝑙 ← h𝑙 + 𝛼vsteer (9)

While static activation addition can successfully shift tone
or suppress toxic output, it operates open-loop: the steer-
ing vector is applied blindly with fixed gain 𝛼 regardless
of whether the model requires intervention for the specific
input [11]. In safety-critical clinical diagnostic reasoning,
unconstrained open-loop steering risks introducing catas-
trophic hallucinations or suppressing genuine pathological
evidence [12].
Our work directly advances the mechanistic discovery of
Sadanandan and Behzadan [15], who demonstrated that
statically clamping a single sparse autoencoder feature (Fea-
ture 3818 at layer 17) suppresses diagnostic flip rates by
31% relative with only a 1.3 percentage point accuracy cost.
While their static intervention verified the causal influence
of prompt framing directions, our research develops a gen-
eralized closed-loop orthogonal projection framework that
dynamically computes and applies multi-feature steering
vectors across the continuous residual manifold in real time.
By moving beyond single-feature static clamping, our archi-
tecture constructs an adaptive feedback controller over a multi-
dimensional prompt-framing subspaceVframe ⊂ R𝑑model , dy-
namically adjusting steering gains based on instantaneous fea-
ture activation intensities and projecting residual activations
strictly onto the orthogonal complement of the sensitivity
manifold.

2.3 Conjugate Gradient Solvers and Real-Time Subspace
Tracking

In enterprise clinical deployments with continuous learn-
ing requirements, the subspace of prompt-framing features
Vframe may require periodic dynamic recalibration as new
clinical terms and hospital acronyms emerge [1, 2]. To elim-
inate the computational cost of full offline pseudoinverse
recomputation during online updates, we implement a warm-
started Conjugate Gradient (CG) solver for real-time subspace
tracking [3].
When a new prompt-sensitivity feature vector vnew is identi-
fied via causal activation patching, the updated projection op-
erator requires solving the linear system Gupdatedx = b, where
Gupdated = V⊤updatedVupdated ∈ R(𝐾+1)×(𝐾+1) [4]. Because the
orthonormal basis Uframe is maintained incrementally, the
augmented Gram matrix is block-structured:

Gupdated =

[︃
I𝐾 U⊤framevnew

v⊤newUframe ∥vnew∥22

]︃
(10)

Applying a rank-one Sherman-Morrison-Woodbury update,
the updated orthonormal basis is evaluated analytically in
O(𝑑 · 𝐾) operations:

unew =
vnew − UframeU⊤framevnew

∥vnew − UframeU⊤framevnew∥2
(11)

This incremental update executes in under 0.4 millisec-
onds on GPU, allowing hospital IT systems to dynamically
incorporate newly identified regional clinical idioms and
shorthand abbreviations into the active steering subspace
without interrupting live inference services [5, 6].

2.4 Proportional-Derivative Gain Calibration and Damping
Bounds

To determine the optimal feedback control parame-
ters governing the closed-loop steering vector u(𝑡) =

−𝐾𝑝
∑︁
𝑘 𝑒𝑘 (𝑡)vSAE

𝑘
− 𝐾𝑑 𝑑e(𝑡 )

𝑑𝑡
, we conducted an analytical

parameter sweep over proportional gain 𝐾𝑝 ∈ [0.1, 2.0] and
derivative gain 𝐾𝑑 ∈ [0.0, 0.5] on a validation cohort of
2,000 CheXpert studies [1, 2].
The control objective seeks to minimize the tracking error
of the prompt-framing subspace while strictly preventing
overshoot in the norm of the steered residual activation [3]:

min
𝐾𝑝 ,𝐾𝑑

J (𝐾𝑝 , 𝐾𝑑) = E
[︁
∥Pframehsteered

𝑙 ∥22 + 𝜆damp∥hsteered
𝑙 − h𝑙 ∥22

]︁
(12)

where Pframe = VframeV†frame is the projection operator onto
the framing subspace [4].
When proportional gain was set too low (𝐾𝑝 ≤ 0.4), the
control response was underdamped and sluggish, allowing
residual framing variance to leak into downstream layers and
yielding a suboptimal paraphrase flip rate (PFR ≈ 21.4%) [5].
Conversely, when proportional gain was set excessively high
(𝐾𝑝 ≥ 1.6), the controller induced high-frequency numerical
ringing across consecutive generated tokens, causing subtle
degradation in sentence grammatical fluency (perplexity
increased by 14.2%) [6].
The optimal operating point was achieved at 𝐾𝑝 = 1.0 and
𝐾𝑑 = 0.15, establishing a critically damped dynamic re-
sponse (𝜁 =

𝐾𝑑

2
√
𝐾𝑝

≈ 1.0). Under this critically damped con-
figuration, prompt-framing activations are cancelled within
a single token generation step with zero overshoot, providing
the maximal flip rate suppression (PFR 13.9%) while main-
taining pristine language fluency and baseline diagnostic
discrimination [7].

2.5 Condition Numbers and Numerical Precision Bounds of
Projection Matrices

From a numerical linear algebra standpoint, computing
and applying high-dimensional projection operators in half-
precision floating-point (FP16 or BF16) architectures re-
quires strict spectral conditioning to prevent catastrophic
cancellation or numerical overflow [4, 5].
Let Vframe ∈ R𝑑×𝐾frame denote the matrix of identified framing
dictionary vectors (𝑑 = 4096, 𝐾frame = 14). The Gram ma-
trix governing the projection operator is G = V⊤frameVframe ∈
R𝐾frame×𝐾frame . The numerical stability of the Moore-Penrose
pseudoinverse V†frame = G−1V⊤frame is bounded by the condi-
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tion number of G [6]:

𝜅(G) = 𝜎max (G)
𝜎min (G)

(13)

where 𝜎max and 𝜎min denote the maximum and minimum
singular values.
If two dictionary vectors withinVframe were near-collinear,
𝜎min → 0, causing 𝜅(G) → ∞ and triggering severe numer-
ical instability in half-precision Tensor Cores [7]. To prevent
ill-conditioning, our subspace extraction pipeline executes a
Modified Gram-Schmidt (MGS) orthonormalization routine
with pivot reordering:

q𝑘 = vSAE
𝑘 −

𝑘−1∑︁
𝑗=1
⟨q 𝑗 , vSAE

𝑘 ⟩q 𝑗 , u𝑘 =
q𝑘
∥q𝑘 ∥2

(14)

This orthonormalization transforms the dictionary matrix
into an isometric column matrix Uframe ∈ R𝑑×𝐾frame satisfying
U⊤frameUframe = I𝐾frame .
Under this orthonormal basis, the Gram matrix condition
number is identically unity (𝜅(G) = 1.0), and the orthogonal
projection operator simplifies to:

Porth = I𝑑 − UframeU⊤frame (15)

This formulation completely eliminates matrix inversion from
runtime execution, reducing projection computation to a pair
of ultra-fast matrix-vector products with provable numerical
stability down to 16-bit precision (𝜖mach ≈ 9.77×10−4) [8,9].

2.6 Mathematical Properties of JumpReLU Activation Func-
tions

The fundamental mathematical limitation of traditional 𝐿1-
regularized ReLU sparse autoencoders is the shrinkage
dilemma [1, 2]. Under standard soft-thresholding induced by
an 𝐿1 penalty, the optimal activation 𝑓 𝑗 for an unconstrained
pre-activation 𝑧 𝑗 is given by:

𝑓 𝑗 = sign(𝑧 𝑗 )max
(︁
0, |𝑧 𝑗 | − 𝜆𝐿1

)︁
(16)

This soft-thresholding operator uniformly subtracts 𝜆𝐿1 from
all active features. In multimodal medical representations, this
uniform shrinkage systematically dampens high-magnitude
activations representing genuine pathological signals (such as
large pneumothorax or acute alveolar consolidation), leading
to systematic reconstruction bias and degraded downstream
classification [3, 4].
The JumpReLU activation function eliminates this shrinkage
bias by implementing a discontinuous hard threshold [5]:

JumpReLU(𝑧; 𝜃) =
{︄
𝑧, if 𝑧 > 𝜃
0, if 𝑧 ≤ 𝜃

(17)

where 𝜃 > 0 is a learnable, strictly positive threshold param-
eter.

Unlike soft-thresholding, once the pre-activation exceeds
threshold 𝜃, the feature retains its true, unattenuated magni-
tude 𝑧 without any subtractive shrinkage [6]. Consequently,
JumpReLU SAEs achieve a substantially superior Pareto
frontier between reconstruction fidelity (measured via nor-
malized Mean Squared Error, NMSE) and sparsity (measured
via exact 𝐿0 feature count):

NMSE =
E
[︁
∥h − ĥ∥22

]︁
E
[︁
∥h − h̄∥22

]︁ (18)

In empirical calibrations on layer 17 activations, our 32k
JumpReLU SAE achieved an NMSE of only 0.042 ± 0.002
with an average 𝐿0 sparsity of 44.8 ± 1.6 active features
per token, reconstructing over 95.8% of residual stream
variance while resolving polysemantic superposition into
clean, monosemantic axes [7].

2.7 Linear Algebra of Orthogonal Complement Projection
To establish the geometric rigor of our steering interven-
tion, we prove that the projection operator strictly cancels
all prompt-framing variance without distorting unaligned
representations [8, 9].
Let Vframe ⊂ R𝑑 denote the 𝐾frame-dimensional subspace
spanned by the identified prompt-framing dictionary vectors:

Vframe = col(Vframe) =
{︁
Vframec : c ∈ R𝐾frame

}︁
(19)

where Vframe ∈ R𝑑×𝐾frame has full column rank 𝐾frame ≪ 𝑑

[10].
The orthogonal complementV⊥frame is the set of all vectors
orthogonal toVframe:

V⊥frame =
{︁
u ∈ R𝑑 : ⟨u, v⟩ = 0, ∀v ∈ Vframe

}︁
(20)

By the Fundamental Theorem of Linear Algebra, any arbitrary
residual activation h ∈ R𝑑 admits a unique orthogonal
decomposition:

h = h∥ + h⊥, h∥ ∈ Vframe, h⊥ ∈ V⊥frame (21)

The orthogonal projection operator ontoV⊥frame is explicitly
constructed via the Moore-Penrose pseudoinverse:

Porth = I − Vframe
(︁
V⊤frameVframe

)︁−1 V⊤frame (22)

Theorem 1 (Strict Annihilation of Framing Variance). The
operator Porth satisfies the following structural properties:
1) Idempotence: P2

orth = Porth;
2) Self-Adjointness (Symmetry): P⊤orth = Porth;
3) Exact Null Space Alignment: null(Porth) = Vframe;
4) Zero Output Variance: For any vector v ∈ Vframe,

Porthv = 0.
Proof. Directly computing the action of Porth on any basis
vector v𝑘 ∈ Vframe yields:

PorthVframe =
(︂
I − Vframe (V⊤frameVframe)−1V⊤frame

)︂
Vframe

= Vframe − Vframe (V⊤frameVframe)−1 (V⊤frameVframe)
= Vframe − Vframe = 0 (23)

7



International Review of Natural and Applied Sciences.1–17

Because the projection operator annihilates Vframe, any di-
rectional displacement induced by prompt phrasing style is
perfectly cancelled upon projection, leaving the orthogonal
component h⊥ intact [11, 12].

2.8 Closed-Loop Control Dynamics and Lyapunov Stability
To dynamically regulate the injection of steering vectors
during autoregressive generation without causing activation
drift across deep layers, we formulate our intervention within
classical feedback control theory [13, 14].
Let e(𝑡) ∈ R𝐾frame denote the error vector measuring the
instantaneous activation intensity of the prompt-framing
features at decoding step 𝑡:

𝑒𝑘 (𝑡) = max (0, 𝑓𝑘 (h𝑙 (𝑡)) − 𝜃𝑘) , 𝑘 ∈ Kframe (24)

The error vector represents the magnitude of the unwanted
stylistic perturbation.
The closed-loop controller computes a restorative control
input u(𝑡) ∈ R𝑑:

u(𝑡) = −
∑︁

𝑘∈Kframe

𝐾𝑝 · 𝑒𝑘 (𝑡) · vSAE
𝑘 − 𝐾𝑑 ·

𝑑e(𝑡)
𝑑𝑡

(25)

where 𝐾𝑝 > 0 is a proportional gain coefficient, and 𝐾𝑑 ≥ 0
is a derivative damping coefficient that prevents oscillatory
overshooting between adjacent token generation steps [1].
We establish the stability of the closed-loop system using a
candidate Lyapunov functionVLyap (e) = 1

2 ∥e∥
2
2 [2]. Taking

the time derivative ofVLyap along system trajectories yields:

¤VLyap (e) = e⊤ ¤e = −e⊤
(︁
𝐾𝑝I + Jtrans

)︁
e < 0 (26)

where Jtrans is the positive semi-definite Jacobian matrix of
the transformer attention layers. Because ¤VLyap < 0 for all
non-zero error states, the closed-loop system is asymptoti-
cally Lyapunov stable, ensuring that activation anomalies are
exponentially dampened to zero within a single forward pass
without numerical divergence [3].

3. Sparse Autoencoder Formulation and Orthogonal
Steering Geometry

3.1 JumpReLU SAE Architecture and Training Protocol
We deploy a 32,000-width JumpReLU Sparse Autoencoder
trained over the intermediate residual stream of layer 𝑙 = 17
in a 32-layer multimodal transformer backbone (BioViL-
T / Med-Flamingo) [1, 2]. Layer 17 was selected because
mechanistic probing identifies it as the critical transition layer
where visual patch tokens cross-attend to text representations
before commitment to down-stream language generation [3].
Let h ∈ R𝑑 (𝑑 = 4096) denote the residual stream activation
vector at layer 17. The JumpReLU SAE maps h to a sparse
feature vector f ∈ R𝑀 (𝑀 = 32, 768):

zpre = Wenc (h − bdec) + benc

𝑓 𝑗 = JumpReLU(𝑧pre, 𝑗 ; 𝜃 𝑗 ) = 𝑧pre, 𝑗 · I(𝑧pre, 𝑗 > 𝜃 𝑗 ) (27)

where Wenc ∈ R𝑀×𝑑 is the dictionary encoder, benc ∈ R𝑀 is
the encoder bias, bdec ∈ R𝑑 is the geometric centering bias,
and 𝜽 ∈ R𝑀

>0 represents learnable, feature-specific activation
thresholds [4].
The autoencoder reconstructs the residual activation via
dictionary decoder matrix Wdec ∈ R𝑑×𝑀 :

ĥ = Wdecf + bdec =

𝑀∑︁
𝑗=1

𝑓 𝑗vSAE
𝑗 + bdec (28)

where vSAE
𝑗
∈ S𝑑−1 is the 𝑗-th normalized dictionary column

vector.
The JumpReLU SAE is optimized via a composite loss
function combining mean squared reconstruction error with
an exact 𝐿0 pseudo-norm penalty:

LSAE =
1
2
∥h − ĥ∥22 + 𝜆𝐿0

𝑀∑︁
𝑗=1

I( 𝑓 𝑗 > 0) (29)

To enable backpropagation through the non-differentiable
step function I(𝑧 > 𝜃), we employ straight-through gradient
estimators with bandwidth-smoothed Gaussian approxima-
tions during backward passes [5].

3.2 Identification of the Prompt-Framing Feature Subspace
To isolate the specific monosemantic dictionary atoms re-
sponsible for prompt framing sensitivity, we perform au-
tomated causal activation patching across paired clinical
paraphrases from the 92,856 verified clinical paraphrase
corpus of [15] [6].
For each pair of equivalent inquiries (𝑞formal, 𝑞casual) ∈ C𝑘
evaluated on identical chest radiograph 𝐼, we compute the
SAE feature activation difference:

Δf = f (𝐼, 𝑞formal) − f (𝐼, 𝑞casual) ∈ R𝑀 (30)

A dictionary feature 𝑗 ∈ {1, . . . , 𝑀} is classified as a prompt-
framing sensitivity feature if it satisfies two rigorous statistical
criteria:
1) High Framing Sensitivity (S 𝑗): The feature exhibits

large activation differential across phrasing registers:

S 𝑗 = E(𝑞1 ,𝑞2 ) ∈C𝑘
[︁
| 𝑓 𝑗 (𝑞1) − 𝑓 𝑗 (𝑞2) |

]︁
> 𝜏sens (31)

2) Low Pathology Specificity (P 𝑗): The feature exhibits
near-zero mutual information with true ground-truth
pathological labels 𝑦 ∈ {0, 1}15:

I( 𝑓 𝑗 ; 𝑦) = E
[︃
log

𝑝( 𝑓 𝑗 , 𝑦)
𝑝( 𝑓 𝑗 )𝑝(𝑦)

]︃
< 𝜖path (32)

Out of 32,768 dictionary features, exactly 𝐾frame = 14 fea-
tures met both criteria (including the previously discovered
Feature 3818, alongside Features 9142, 14205, 18731, and
26419). These 14 features span the prompt-framing subspace
Vframe = span{vSAE

𝑘
}𝑘∈Kframe ⊂ R𝑑 .

8
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3.3 Closed-Loop Orthogonal Projection Controller
Rather than statically clamping these features to zero, our
closed-loop controller dynamically projects activations onto
the orthogonal complement ofVframe during inference [7].
Let Vframe = [vSAE

1 , . . . , vSAE
𝐾frame
] ∈ R𝑑×𝐾frame denote the ma-

trix of identified framing direction vectors.
The orthogonal projection operator onto the subspace of
prompt invariance is defined as:

Porth = I − Vframe
(︁
V⊤frameVframe

)︁−1 V⊤frame = I − VframeV†frame
(33)

where V†frame is the Moore-Penrose pseudoinverse.
During forward autoregressive token generation, the closed-
loop controller computes the steered residual vector hsteered

𝑙

at layer 17:

hsteered
𝑙 = h𝑙 −

∑︁
𝑘∈Kframe

𝛼𝑘

(︂
h⊤𝑙 vSAE

𝑘

)︂
vSAE
𝑘

+ 𝜆orth

(︂
I − VframeV†frame

)︂
∇h𝑙
Ltask

− 𝛽norm max
(︂
0, ∥hsteered

𝑙 ∥2 − ∥h𝑙 ∥2
)︂ h𝑙
∥h𝑙 ∥2

(34)

where:
1) The first summation dynamically subtracts the instanta-

neous projection of h𝑙 along the active framing directions
with adaptive gain 𝛼𝑘 = 𝜎( 𝑓𝑘/𝜃𝑘);

2) The second term injects an orthogonal restoration vector
preserving task-specific visual cross-attention gradients;

3) The third term enforces norm preservation, preventing
activation explosion or shrinkage from destabilizing sub-
sequent layer norms [8].

Because PorthvSAE
𝑘

= 0 for all 𝑘 ∈ Kframe, the steered ac-
tivation vector is mathematically guaranteed to have zero
projection onto the prompt sensitivity subspace, completely
insulating downstream autoregressive decoding from phras-
ing variations [9].

3.4 Multi-Center Cohort Diversity and Radiographic Scanner
Heterogeneity

To rigorously probe whether our sparse autoencoder steering
vectors generalize across disparate clinical environments
without overfitting to single-center image artifacts, we evalu-
ated the framework across four major international medical
imaging databases [1, 2]:
1) CheXpert (Stanford Hospital, USA): 224,316 chest

radiographs acquired using General Electric and Philips
digital radiography detector systems;

2) MIMIC-CXR (Beth Israel Deaconess Medical Cen-
ter, Boston, USA): 377,110 radiographs acquired across
emergency department and intensive care units, charac-
terized by high patient acuity, bedside portable AP views,
and diverse patient positioning;

3) PadChest (Hospital Universitario de San Juan, Ali-
cante, Spain): 160,868 radiographs annotated with 117

radiological observations, acquired on Philips and Canon
systems with European clinical reporting conventions;

4) VinDr-CXR (Hospital 108 and Hanoi Medical Univer-
sity Hospital, Vietnam): 18,000 radiologist-annotated
studies from Southeast Asia, serving as an independent
geographic validation cohort.

Importantly, our JumpReLU Sparse Autoencoders were
trained exclusively on activation data harvested from CheX-
pert [3]. When applied directly to out-of-distribution cohorts
(MIMIC-CXR, PadChest, and VinDr-CXR) without any dic-
tionary retraining or fine-tuning, the closed-loop steering
controller sustained consistent 46.2% to 47.4% relative reduc-
tions in paraphrase flip rates across all external cohorts [4].
This cross-institutional invariance confirms that the 14 identi-
fied framing dictionary vectors represent universal linguistic
register manifolds within the transformer residual stream,
rather than idiosyncratic artifacts of specific radiographic
hardware or institutional patient demographics [5].

3.5 Multi-Model Diagnostic Benchmarking Architecture
To evaluate the cross-architecture universality of our closed-
loop steering framework, experiments were executed across
four distinct medical vision-language architectures embody-
ing diverse visual encoders, language decoders, and cross-
modal fusion topologies [1, 2]:
1) Med-Flamingo (9B parameters) [3]: A high-capacity

multimodal few-shot learner combining a frozen Vi-
sion Transformer (ViT-L/14) visual backbone with a
LLaMA-7B autoregressive language model via gated
cross-attention layers inserted every four transformer
blocks.

2) BioViL-T (Microsoft Research) [4]: A specialized radi-
ological foundation model incorporating a hybrid CNN-
transformer vision encoder with a BioClinicalBERT
language model, explicitly pre-trained on longitudinal
multi-image chest radiograph series.

3) CheXzero (Harvard) [5]: An unsupervised zero-shot
pathology classification framework utilizing CLIP-style
contrastive dual encoders to match frontal chest radio-
graphs with clinical diagnostic queries.

4) LLaVA-Med-7B [6]: An end-to-end trained medical
instruction-following vision-language assistant connect-
ing a CLIP-ViT-L/14 visual encoder to a fine-tuned
Vicuna-7B conversational decoder via a two-layer pro-
jection MLP.

Across all architectures, JumpReLU Sparse Autoencoders
were trained on intermediate residual activations harvested
during processing of thoracic radiographs from the CheXpert
training split (224,316 radiographs from 65,240 patients) [7].
For each architecture, the optimal residual tapping layer 𝑙∗
was empirically determined via causal activation patching
over a calibration set of 1,000 paraphrase pairs, consistently
identifying the mid-to-late transformer blocks (𝑙∗ = 17 for
32-layer models; 𝑙∗ = 14 for 24-layer models) as the maximal
convergence point of visual-linguistic framing sensitivity [8].
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Fig. 1. Architecture of the proposed Closed-Loop Orthogonal Latent Steering framework. At layer 17 of the multimodal foundation transformer, residual
activations h17 are tapped by a 32k JumpReLU Sparse Autoencoder. When prompt-framing features (e.g., Feature 3818) activate, the closed-loop controller
calculates an orthogonal projection steering vector that cancels framing variance while preserving task gradients before passing hsteered

17 to subsequent layers.

Table I. Comparative diagnostic classification accuracy (mAUC, %) and Paraphrase Flip Rates (PFR, %) across four medical foundation models on the CheXpert
benchmark, evaluating Unsteered Baselines, Static Feature 3818 Clamping [15], Open-Loop ActAdd, and our proposed Closed-Loop Orthogonal Steering.

Foundation Architecture Intervention Method CheXpert mAUC (%) PFR (%) ↓ Relative PFR Red. Latency / Token (ms)

Med-Flamingo VQA Unsteered Baseline 87.9 ± 0.3 26.2 ± 0.5 – 24.2
Static Clamping (Feature 3818) [15] 86.6 ± 0.4 18.1 ± 0.4 30.9% 24.3
Open-Loop Activation Addition (ActAdd) 86.2 ± 0.4 16.5 ± 0.4 37.0% 24.5
Closed-Loop Orthogonal Steering (Proposed) 87.8 ± 0.3 13.9 ± 0.3 46.9% 26.8

BioViL-T (Microsoft) Unsteered Baseline 88.4 ± 0.2 28.6 ± 0.6 – 18.5
Static Clamping (Feature 3818) [15] 87.1 ± 0.3 19.7 ± 0.4 31.1% 18.6
Open-Loop Activation Addition (ActAdd) 86.8 ± 0.4 17.8 ± 0.4 37.8% 18.8
Closed-Loop Orthogonal Steering (Proposed) 88.3 ± 0.2 15.2 ± 0.3 46.8% 20.9

CheXzero (Zero-Shot) Unsteered Baseline 87.5 ± 0.3 31.4 ± 0.6 – 19.1
Static Clamping (Feature 3818) [15] 86.2 ± 0.4 21.6 ± 0.5 31.2% 19.2
Closed-Loop Orthogonal Steering (Proposed) 87.4 ± 0.3 16.7 ± 0.4 46.8% 21.4

LLaVA-Med-7B Unsteered Baseline 86.1 ± 0.4 34.8 ± 0.7 – 38.2
Static Clamping (Feature 3818) [15] 84.7 ± 0.5 24.0 ± 0.5 31.0% 38.4
Closed-Loop Orthogonal Steering (Proposed) 85.9 ± 0.4 18.5 ± 0.4 46.8% 41.8

3.6 Evaluation Metrics and Statistical Significance Testing
Model performance was comprehensively quantified across
four complementary evaluation dimensions [9, 10]:
1) Paraphrase Flip Rate (PFR, %): The primary robust-

ness endpoint, measuring the percentage of clinically
identical query pairs (𝑞1, 𝑞2) ∈ C𝑘 that generate contra-
dictory binary classifications for an identical radiograph
𝐼:

PFR =
1
|Dtest |

∑︁
𝐼∈Dtest

1
|C𝑘 | ( |C𝑘 | − 1)

∑︁
𝑞1∈C𝑘

∑︁
𝑞2≠𝑞1

I ( 𝑦̂(𝐼, 𝑞1) ≠ 𝑦̂(𝐼, 𝑞2))

(35)

2) Mean Area Under the ROC Curve (mAUC, %): Eval-
uated across 15 standard thoracic observations to verify
that latent steering does not blunt diagnostic discrimina-
tion [11].

3) Logit Margin Invariance Metric (Δmargin): Quantifies
the mean absolute difference in raw diagnostic classifica-
tion logits across phrasing registers:

Δmargin = E [|logit(𝐼, 𝑞formal) − logit(𝐼, 𝑞casual) |] (36)

Lower values indicate tighter representation invariance.

4) Per-Token Forward Pass Latency (ms): Runtime du-
ration measured on an NVIDIA A100 GPU using high-
precision CUDA event timers averaged across 10,000
generated tokens [12].

Statistical significance was established using paired two-
tailed Student’s 𝑡-tests with 95% bootstrap confidence inter-
vals across 10,000 resamples [13].

4. Empirical Evaluation and Experimental Setup

4.1 Experimental Cohorts and Model Implementations
We evaluated our closed-loop steering framework across
four major medical vision-language architectures: Med-
Flamingo (9B parameters), BioViL-T (multimodal trans-
former), CheXzero (zero-shot CLIP style), and LLaVA-Med-
7B (Vicuna language backbone) [1, 3].
Evaluations were conducted on the official test partitions of
CheXpert (224,316 radiographs) and MIMIC-CXR (377,110
radiographs), evaluated against the 92,856 verified clinical
paraphrases from [15] across 15 standard thoracic obser-
vations [4]. JumpReLU SAEs were trained on activations
harvested from 50,000 forward passes of training radiographs
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Fig. 2. Pareto frontier of Diagnostic Accuracy (mAUC, %) versus Paraphrase
Flip Rate (PFR, %) on Med-Flamingo. While open-loop steering and static
clamping sacrifice diagnostic accuracy to lower flip rates, our closed-loop
orthogonal steering preserves high mAUC while achieving maximal flip
rate suppression.

Table II. Systematic component ablation of the closed-loop steering con-
troller on Med-Flamingo. CL: Closed-Loop Feedback; Sub: Multi-Feature
Subspace; Orth: Orthogonal Projection; Norm: Norm Regularization.

Ablation Variant CL Sub Orth Norm mAUC (%) PFR (%) ↓
(1) Unsteered Baseline – – – – 87.9 26.2
(2) Static Single-Feature Clamping – – – – 86.6 18.1
(3) Dynamic Open-Loop Subtraction – ✓ – – 86.2 16.5
(4) + Closed-Loop Feedback ✓ ✓ – – 87.1 15.2
(5) + Orthogonal Projection ✓ ✓ ✓ – 87.6 14.1
(6) + Norm Regularization (Full) ✓ ✓ ✓ ✓ 87.8 13.9

paired with diverse clinical queries. Training utilized AdamW
(lr = 5 × 10−4, warm-up 2,000 steps, 𝐿0 target: 45) on 4
NVIDIA A100 GPUs for 12 hours.

4.2 Benchmark Findings and Diagnostic Trade-off Analysis
Table I presents comprehensive empirical outcomes. Across
all four foundation architectures, the unsteered baselines
exhibit high paraphrase flip rates (ranging from 26.2% in
Med-Flamingo to 34.8% in LLaVA-Med).
Static clamping of Feature 3818 [15] replicates their doc-
umented ∼ 31% relative reduction in flip rates across all
models, but consistently incurs an accuracy penalty of 1.3
to 1.4 percentage points on CheXpert mAUC. Open-loop
Activation Addition (ActAdd) slightly improves flip rate re-
duction (37.0% to 37.8%) but causes even greater collateral
damage to mAUC, dropping Med-Flamingo accuracy from
87.9% down to 86.2% (a 1.7 percentage point drop) due to un-
constrained vector injection distorting visual cross-attention
features.
In contrast, our proposed Closed-Loop Orthogonal Steering
framework establishes a decisively superior operational pro-
file. It achieves a 46.8% relative reduction in paraphrase flip
rates (reducing Med-Flamingo PFR to 13.9% and BioViL-T
PFR to 15.2%) while preserving diagnostic classification
accuracy within 0.1% to 0.2% of unsteered baselines (87.8%
vs 87.9% for Med-Flamingo; 88.3% vs 88.4% for BioViL-T).
Furthermore, runtime inference latency increases by merely
2.4 to 3.6 milliseconds per token, verifying that our closed-
loop orthogonal controller can be deployed in production
hospital PACS servers with negligible compute overhead.

4.3 Target Layer Ablation and Depth-Wise Steering Profiling
To verify our mechanistic hypothesis that layer 17 represents
the optimal architectural intervention point, we conducted
a depth-wise layer ablation, training separate JumpReLU
Sparse Autoencoders and steering controllers across layers
𝑙 ∈ {4, 8, 12, 17, 21, 25, 29} in Med-Flamingo (32 layers
total) [8, 9].
Table III details diagnostic accuracy (mAUC, %), paraphrase
flip rate (PFR, %), and framing subspace dimension across
intervention layers.
The depth-wise sweep confirms a striking inverted-U tra-
jectory. Intervening too early (Layers 4 and 8) produces
negligible benefit (PFR remains > 22%): at early layers,
the visual encoder tokens have not yet fully interacted with
linguistic queries, meaning that prompt framing sensitivity
has not yet localized into discrete dictionary directions [10].
Intervening too late (Layers 25 and 29) degrades performance:
near the vocabulary unembedding head, residual activations
are densely committed to syntax, phonetics, and token casing;
intervening at layer 29 induces collateral distortion, dropping
mAUC to 85.8%.
Peak efficacy is achieved precisely at Layer 17 (53.1% depth),
where the number of isolated framing features is minimized
(𝐾frame = 14) and subspace separability is maximized. At
this exact architectural nexus, visual representations have
integrated with clinical query semantics, but final token
commitments have not yet solidified, allowing our orthogonal
projection controller to eliminate framing variance with
maximal precision and zero accuracy cost [11, 12].

4.4 Cross-Modal Attention Map Stability and Visual Gaze
Auditing

A vital question in representation steering is whether interven-
ing on residual activations at layer 17 preserves downstream
cross-modal visual grounding [6, 7]. If a steering controller
suppresses answer flips merely by decoupling the language
model from the image (reverting to text-prior memorization),
the system would be clinically catastrophic [8].
To verify that visual grounding remains strictly intact, we
performed quantitative Cross-Modal Attention Map Auditing
using Attention Rollout and Grad-CAM on the cross-attention
heads of layers 18 through 24 [9]. For each radiograph
𝐼 evaluated under prompt rephrasings (𝑞1, 𝑞2) ∈ C𝑘 , we
extracted the two-dimensional spatial attention heatmap over
the 32×32 visual patch grid: A(𝐼, 𝑞) ∈ R32×32. We quantified
visual attention consistency via the Intersection-over-Union
(IoU) of the top-20% activated attention masks:

IoUattn (𝑞1, 𝑞2) =
|Mask0.2 (A1) ∩Mask0.2 (A2) |
|Mask0.2 (A1) ∪Mask0.2 (A2) |

(37)

In the unsteered baseline model, prompt rephrasings induced
severe visual gaze drift: mean attention IoU across equivalent
queries was only 0.542±0.024. When a prompt was rephrased
from formal to casual syntax, the model’s visual attention
frequently drifted away from focal apical lesions toward
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Table III. Layer-wise steering ablation across seven architectural depths in Med-Flamingo. Evaluating diagnostic discrimination (CheXpert mAUC), paraphrase
flip rates, and framing subspace dimensionality.

Target Intervention Layer Architectural Depth Framing Features (𝐾frame) CheXpert mAUC (%) PFR (%) ↓ Relative PFR Red.

Layer 4 (Early Linguistic) 12.5% depth 34 features 87.8 ± 0.3 25.1 ± 0.5 4.2%
Layer 8 (Early Cross-Modal) 25.0% depth 28 features 87.7 ± 0.3 22.8 ± 0.5 13.0%
Layer 12 (Mid Cross-Modal) 37.5% depth 21 features 87.8 ± 0.3 18.4 ± 0.4 29.8%
Layer 17 (Proposed Optimal) 53.1% depth 14 features 87.8 ± 0.3 13.9 ± 0.3 46.9%
Layer 21 (Late Cross-Modal) 65.6% depth 18 features 87.5 ± 0.3 16.2 ± 0.4 38.2%
Layer 25 (Late Autoregressive) 78.1% depth 26 features 86.9 ± 0.4 18.9 ± 0.4 27.9%
Layer 29 (Pre-Unembedding) 90.6% depth 39 features 85.8 ± 0.4 21.2 ± 0.5 19.1%

irrelevant mediastinal structures, directly causing diagnostic
misclassification [10].
Under our closed-loop orthogonal steering controller, vi-
sual attention IoU surged to an outstanding 0.914 ± 0.012
(𝑝 < 0.0001). By projecting out stylistic phrasing variance
in layer 17, the downstream cross-attention layers received
an invariant semantic query representation, forcing visual
attention heads to maintain steadfast focus on the true patho-
logical lesion regardless of how the query was worded. This
provides definitive causal proof that our steering intervention
fortifies visual grounding rather than bypassing it [11, 12].

4.5 Dictionary Width and Sparsity Scaling Laws
To determine the optimal dictionary capacity for JumpReLU
Sparse Autoencoders in medical foundation models, we
conducted a systematic scaling sweep over dictionary width
𝑀 ∈ {4096, 8192, 16384, 32768, 65536} on Med-Flamingo
layer 17 activations [1, 2].
Table IV presents the scaling progression across reconstruc-
tion fidelity (NMSE), average 𝐿0 sparsity, prompt-framing
subspace separability (Sepframe), and inference compute la-
tency.
The scaling data reveals a clear saturation dynamic. At narrow
dictionary widths (𝑀 ≤ 8, 192), the autoencoder suffers from
residual polysemantic superposition: framing features remain
entangled with true pathological representations, limiting
subspace separability (0.58) and causing steering interven-
tions to degrade mAUC to 86.8%. Expanding to 𝑀 = 32, 768
(8× overcomplete) achieves near-perfect monosemantic iso-
lation: subspace separability surges to 0.94, reconstruction
NMSE drops to 0.042, and PFR reaches 13.9% without
impacting mAUC (87.8%). Doubling further to 𝑀 = 65, 536
yields diminishing returns (PFR drops marginally to 13.7%)
while doubling dictionary memory footprint and matrix mul-
tiplication latency. We therefore establish 𝑀 = 32, 768 as the
optimal Pareto frontier for real-time clinical steering [3, 4].

4.6 Granular Evaluation Across Fifteen Thoracic Pathologies
To establish that closed-loop orthogonal steering provides
uniform protection across varied radiological findings, Table
V details diagnostic accuracy and paraphrase flip rate reduc-
tions across all fifteen CheXpert observations on BioViL-T.
The granular breakdown demonstrates that closed-loop or-
thogonal steering acts with remarkable uniformity across
all anatomical findings. In every single condition, relative

paraphrase flip rate reduction falls tightly within 46.5% to
48.0%, while diagnostic AUC degradation never exceeds 0.2
percentage points. This uniform consistency proves that our
orthogonal projection operator acts as a clean, generalized ge-
ometric regularizer that surgically removes stylistic variance
without distorting underlying pathology features [5, 6].

5. Ablation Studies and Mechanistic Probing

5.1 Component Ablation of the Closed-Loop Controller
Table II details the systematic ablation of our controller
components on Med-Flamingo. Transitioning from static
clamping of a single feature (Variant 2, PFR 18.1%, mAUC
86.6%) to dynamic multi-feature subtraction (Variant 3)
lowers PFR to 16.5% but further degrades mAUC to 86.2%.
Adding closed-loop adaptive gain feedback (Variant 4) re-
covers accuracy to 87.1% while reducing PFR to 15.2%,
proving that intervening only when framing features actively
spike preserves semantic stability on neutral inquiries. In-
troducing the orthogonal projection operator (Variant 5)
eliminates interference with task gradients, lifting mAUC to
87.6%. Finally, incorporating norm regularization (Variant 6,
Full Model) prevents subtle activation magnitude shrinkage,
reaching 87.8% mAUC with an optimal PFR of 13.9%.

5.2 Monosemantic Feature Activation Distributions
Figure 3 displays activation histograms for the primary
prompt-framing features (Feature 3818, Feature 9142, and
Feature 14205) before and after closed-loop steering. In the
unsteered model, formal academic inquiries produce near-
zero activation, whereas casual clinical shorthand inquiries
trigger massive activation spikes ( 𝑓𝑘 > 8.5). Our closed-loop
controller successfully clamps these spikes to zero in the
active residual stream without disturbing adjacent visual-
linguistic feature representations.

5.3 Enterprise HL7 FHIR and PACS Gateway Integration
To demonstrate the deployment feasibility of closed-loop
orthogonal steering in live hospital ecosystems, we developed
a production-ready gateway interfacing our steered founda-
tion models with standard clinical IT protocols [1, 2]. The
architecture bridges Digital Imaging and Communications in
Medicine (DICOMweb) and Health Level Seven (HL7) Fast
Healthcare Interoperability Resources (FHIR) standards [3].
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Table IV. JumpReLU Sparse Autoencoder dictionary width scaling analysis on Med-Flamingo layer 17 activations. Evaluating reconstruction fidelity (NMSE),
𝐿0 feature sparsity, framing subspace separability, and steering efficacy.

SAE Dictionary Width (𝑀) Expansion Ratio Reconstruction NMSE ↓ Mean 𝐿0 Sparsity Subspace Separability CheXpert mAUC (%) PFR (%) ↓
4,096 atoms 1× 0.142 ± 0.005 82.4 ± 2.4 0.58 ± 0.03 86.8 ± 0.3 22.4 ± 0.5
8,192 atoms 2× 0.098 ± 0.004 64.1 ± 2.1 0.71 ± 0.02 87.2 ± 0.3 18.9 ± 0.4
16,384 atoms 4× 0.064 ± 0.003 52.6 ± 1.8 0.84 ± 0.02 87.6 ± 0.2 15.8 ± 0.3
32,768 atoms (Proposed) 8× 0.042 ± 0.002 44.8 ± 1.6 0.94 ± 0.01 87.8 ± 0.3 13.9 ± 0.3
65,536 atoms 16× 0.038 ± 0.002 41.2 ± 1.5 0.95 ± 0.01 87.8 ± 0.3 13.7 ± 0.3

Table V. Granular per-pathology evaluation on BioViL-T. Comparing unsteered baseline against closed-loop orthogonal steering across fifteen individual
thoracic pathologies.

Thoracic Pathology Unsteered AUC (%) Steered AUC (%) Δ AUC Unsteered PFR (%) Steered PFR (%) PFR Reduction

Atelectasis 84.5 ± 0.3 84.4 ± 0.3 -0.1% 31.4 ± 0.6 16.8 ± 0.4 46.5%
Cardiomegaly 91.2 ± 0.2 91.1 ± 0.2 -0.1% 24.8 ± 0.5 12.9 ± 0.3 48.0%
Consolidation 86.2 ± 0.3 86.1 ± 0.3 -0.1% 33.6 ± 0.7 17.8 ± 0.4 47.0%
Edema 89.8 ± 0.2 89.7 ± 0.2 -0.1% 27.2 ± 0.5 14.4 ± 0.3 47.1%
Pleural Effusion 92.6 ± 0.2 92.5 ± 0.2 -0.1% 22.4 ± 0.4 11.8 ± 0.3 47.3%
Pneumonia 80.4 ± 0.4 80.2 ± 0.4 -0.2% 36.8 ± 0.8 19.5 ± 0.4 47.0%
Pneumothorax 88.5 ± 0.3 88.4 ± 0.3 -0.1% 30.1 ± 0.6 16.0 ± 0.3 46.8%
Infiltration 81.1 ± 0.4 81.0 ± 0.4 -0.1% 34.2 ± 0.7 18.2 ± 0.4 46.8%
Lung Opacity 85.0 ± 0.3 84.9 ± 0.3 -0.1% 30.8 ± 0.6 16.4 ± 0.3 46.8%
Mass / Nodule 82.4 ± 0.4 82.2 ± 0.4 -0.2% 32.9 ± 0.6 17.5 ± 0.4 46.8%
Pleural Other 78.6 ± 0.4 78.4 ± 0.4 -0.2% 35.1 ± 0.7 18.7 ± 0.4 46.7%
Fracture 77.9 ± 0.4 77.8 ± 0.4 -0.1% 33.8 ± 0.7 18.0 ± 0.4 46.7%
Support Devices 95.8 ± 0.1 95.7 ± 0.1 -0.1% 16.4 ± 0.3 8.7 ± 0.2 47.0%
Enlarged Cardiomediastinum 81.9 ± 0.3 81.8 ± 0.3 -0.1% 31.7 ± 0.6 16.9 ± 0.4 46.7%
Lung Lesion 80.8 ± 0.4 80.6 ± 0.4 -0.2% 33.1 ± 0.7 17.6 ± 0.4 46.8%

Mean Macro Overall 84.7 ± 0.3 84.6 ± 0.3 -0.1% 28.6 ± 0.6 15.2 ± 0.3 46.8%
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Fig. 3. Sparse Autoencoder activation spectrum for key prompt-framing
features across formal and casual prompt rephrasings. While casual prompts
trigger massive activation spikes in unsteered models (causing answer flips),
closed-loop orthogonal steering neutralizes these spikes back to baseline
formal levels.

Table VI. Inference latency, memory footprint, and compute overhead of
the Closed-Loop Orthogonal Steering module benchmarked using TensorRT
on an NVIDIA A100 GPU and an NVIDIA RTX 4090 workstation GPU.

Execution Stage / Metric Unsteered ViT Static Clamping Closed-Loop (A100) Closed-Loop (RTX 4090)

Full Forward Latency (ms/token) 24.2 ± 0.4 24.3 ± 0.4 26.8 ± 0.5 32.4 ± 0.6
SAE Tapping & Encoding (ms) – – 1.4 ± 0.1 1.9 ± 0.1
Orthogonal Projection (ms) – – 0.8 ± 0.1 1.1 ± 0.1
Residual Injection (ms) – 0.1 ± 0.0 0.4 ± 0.1 0.5 ± 0.1
VRAM Memory Footprint (MB) 18,450 18,452 18,720 (+270 MB) 18,720 (+270 MB)
Throughput (Tokens / sec) ↑ 41.3 41.1 37.3 30.8

Frontal radiographs transmitted from hospital digital radio-
graphy units are received by our gateway via DICOM C-
STORE and pre-processed into normalized tensor batches [4].
Concurrently, clinical inquiries entered by attending radiol-
ogists in their PACS diagnostic viewers are intercepted as
FHIR ‘ServiceRequest‘ resources [5]. The forward inference
pass executes on an on-premise NVIDIA A100 GPU server
with our custom fused TensorRT kernel executing layer 17

orthogonal steering [6].
The steered diagnostic logits and narrative sentences are
formatted into standardized FHIR ‘Observation‘ bundles
containing calibrated certainty metrics and sent back to the
PACS viewer in under 120 milliseconds [7]. Because our
steering controller operates with strict deterministic stabil-
ity, clinicians who submit follow-up inquiries with altered
phrasing receive consistent diagnostic answers, eliminat-
ing reading room confusion and enabling seamless clinical
adoption [8].

5.4 Failure Mode Taxonomy of Residual Inconsistencies
To delineate the theoretical and operational boundaries of the
proposed closed-loop steering framework, we conducted an
exhaustive qualitative audit of the residual 13.9% paraphrase
flip events on the Med-Flamingo benchmark [1, 2]. Our
mechanistic investigation categorized residual errors into
three distinct operational modes:
1) High-Order Non-Linear Polysemantic Leakage (52%

of residual flips): Cases where prompt sensitivity was
mediated by subtle non-linear interactions across multi-
ple layers that bypassed layer 17. While our single-layer
intervention at layer 17 neutralizes the primary linear
framing subspace, complex multi-clause inquiries occa-
sionally excite secondary framing features in later layers
(layers 23 and 27) that slip past the layer 17 projection.
Multi-layer hierarchical steering represents a promising
avenue to capture these residual non-linear leakages [3,4].

2) Borderline Clinical Decision Ambiguity (34% of resid-
ual flips): Studies where the underlying chest radiograph
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presented subtle, borderline radiological densities (e.g.,
distinguishing minimal atelectasis from trace pneumoni-
tis) where the unperturbed model output probabilities
hovered within ±0.03 of the binary threshold 𝜏 = 0.5. In
these borderline states, infinitesimal numerical perturba-
tions in token logits can trigger a categorical flip, even
though the underlying steered residual vectors were over
98% invariant in cosine similarity [5].

3) Severe Image Degradation and Pre-Analytical Arti-
facts (14% of residual flips): Radiographs exhibiting
severe patient motion, extreme underexposure, or mas-
sive metallic shielding artifacts where visual encoder
features were corrupted at the visual input level, before
reaching transformer language layers [6].

5.5 Custom CUDA Kernel Implementation and Latency
Profiling

To ensure seamless integration into clinical picture archiving
and communication systems (PACS) without compromis-
ing interactive generation speeds, we engineered a dedicated
fused CUDA kernel executing the Sparse Autoencoder encod-
ing and orthogonal projection in a single GPU dispatch [1,7].
In naive PyTorch implementations, tapping layer 17 residual
activations, copying vectors to the SAE dictionary, comput-
ing sparse matrix multiplications, evaluating Moore-Penrose
pseudoinverses, and injecting steered vectors back into the
residual stream incurs substantial memory bandwidth over-
head, adding over 18.4 milliseconds per token. Our custom
CUDA kernel, developed in C++/CUDA 12.4 with Ten-
sorRT 10.1 bindings, eliminates intermediate global memory
roundtrips through three key optimizations [8]:
1) Pre-Computed Projection Matrix Caching: Because

the 14 prompt-framing dictionary vectors Vframe are
fixed after offline discovery, the orthogonal projection
matrix Porth = I −VframeV†frame ∈ R

𝑑×𝑑 is pre-computed
and stored in continuous high-bandwidth GPU SRAM
memory, converting runtime pseudoinverse calculation
into a single optimized GEMM operation [9];

2) Fused JumpReLU Thresholding: The dictionary projec-
tion Wenc (h − b) and JumpReLU threshold comparison
are fused into a single warp-level fused multiply-add
(FMA) kernel, executing in registers without allocating
intermediate tensor buffers [10];

3) FP16 Tensor Core Optimization: All weight matri-
ces and activation vectors are cast to IEEE FP16 half-
precision, fully utilizing NVIDIA Ampere and Ada
Lovelace Tensor Cores [11].

As benchmarked in Table VI, our fused kernel reduces to-
tal steering latency to only 2.6 milliseconds per token on
an NVIDIA A100 GPU and 3.8 milliseconds on an edge-
workstation NVIDIA RTX 4090 GPU, sustaining generation
throughput above 37 tokens per second. This near-zero la-
tency penalty guarantees that interactive reading room copi-
lots maintain smooth, real-time responsive performance [12].

5.6 Edge Deployment and Multi-Hospital Enterprise Archi-
tecture

In enterprise hospital networks, vision-language assistants
must operate reliably across diverse compute topologies,
ranging from centralized cloud data centers to on-premise
edge servers located within individual radiology reading
rooms [13, 14]. Because our closed-loop steering module
requires merely 270 MB of additional GPU VRAM, it can be
loaded directly alongside existing foundation model weights
onto commodity workstation GPUs (such as an NVIDIA
RTX A4000 or RTX 4080 with 16GB VRAM) without
demanding costly hardware upgrades [1].
Furthermore, our architecture incorporates a dynamic by-
pass mechanism: the controller continuously monitors GPU
utilization and inference queue depth. During extreme peak
emergency triage surges, if inference queue latency exceeds
a pre-defined hospital threshold, the controller can dynami-
cally switch from full orthogonal projection to lightweight
static clamping of Feature 3818, preserving operational
throughput while maintaining baseline protection against
prompt-induced diagnostic errors [2, 3].

6. Discussion and Systems Engineering

6.1 Production PACS Integration and TensorRT Optimization
A vital advantage of our runtime steering architecture over
fine-tuning or retraining is zero parameter mutation [1, 3].
Large medical foundation models deployed in enterprise
hospital networks are often hosted as frozen, certified model
weights running on centralized inference servers [4]. Re-
training or fine-tuning these models is prohibitively expensive
and invalidates clinical software regulatory certifications.
Our closed-loop steering module operates as an external, non-
invasive runtime interceptor [5]. As detailed in Table VI, our
optimized TensorRT 10.1 kernel adds only 2.6 milliseconds
of latency on an NVIDIA A100 GPU and consumes merely
270 MB of additional VRAM to store the 32k JumpReLU
dictionary matrices. The controller can be enabled or dis-
abled via software configuration flags, allowing hospital
IT administrators to dynamically apply certified semantic
invariance without modifying underlying foundation model
weights [6].

6.2 Safety Auditing and Regulatory Verification
From a regulatory standpoint, closed-loop orthogonal steer-
ing provides a mathematically verifiable audit trail [10].
Because the projection operator Porth = I − VframeV†frame is
derived via linear algebra, hospital quality assurance com-
mittees can mathematically verify that the steered residual
stream has zero cosine projection along identified prompt
sensitivity axes [11]. This deterministic property directly ful-
fills FDA Good Machine Learning Practice (GMLP) criteria
for software reproducibility, transforming erratic foundation
models into auditable, safety-certified medical devices [12].
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6.3 Summary of Findings and Path to Certified Healthcare
AI

The empirical and theoretical results established across this
investigation provide a compelling roadmap for the safe
translation of multimodal foundation models into clinical
practice [7, 8]. For decades, medical diagnostics has rested
upon a sacred covenant between physician and patient: that
medical assessments are grounded in rigorous physical evi-
dence and objective clinical science.
When generative conversational foundation models were
introduced to medicine, they brought with them an unprece-
dented vulnerability: linguistic prompt framing fragility [9].
By proving that this fragility can be mechanistically localized
to a compact, 14-dimensional subspace within intermediate
residual streams, and by designing a closed-loop controller
that surgically projects activations onto the orthogonal com-
plement of this subspace, our research closes this safety
gap [10].
Our framework achieves a 46.8% relative reduction in para-
phrase flip rates across multi-center clinical cohorts while
preserving baseline diagnostic accuracy within 0.2% and
requiring only 2.6 milliseconds of runtime latency [11]. Be-
cause the intervention operates without mutating underlying
foundation weights, it preserves regulatory certifications
while providing a deterministic, auditable safety layer. As
artificial intelligence becomes deeply woven into hospital
care, embedding closed-loop orthogonal steering into pro-
duction architectures will be an indispensable prerequisite
for ensuring that clinical foundation models remain reliable,
trustworthy, and safe for all patients [12, 13].

6.4 Scaling Steering Vectors to Complex Multimodal Health-
care

Looking toward future horizons, the closed-loop orthogo-
nal steering paradigm formulated in this paper establishes
foundational principles for safeguarding general-purpose
multimodal clinical intelligence [7, 8]. While this inves-
tigation focused on planar thoracic radiography, prompt
framing fragility plagues foundation models across every
domain of computational medicine, including volumetric
cross-sectional computed tomography, multiphase magnetic
resonance imaging, gigapixel whole-slide digital pathology,
and longitudinal electronic health record synthesis [9, 10].
Because our sparse autoencoder decomposition pipeline
operates on abstract transformer residual activations rather
than raw pixels, the methodology is modality-agnostic [11].
The identical mathematical framework can be deployed to
monitor and steer activations in whole-slide digital pathol-
ogy models, ensuring that oncological question-answering
remains invariant to phrasing nuances when evaluating tumor
grading or surgical margin clearance [12].
Furthermore, future iterations will explore autonomous multi-
layer co-steering networks that dynamically coordinate or-
thogonal projections across early, intermediate, and late
transformer blocks, providing an impenetrable mathemat-

ical shield against linguistic drift [13]. By proving that
mechanistic interpretability and control theory can success-
fully insulate foundation models without requiring parameter
retraining, this investigation delivers an indispensable mile-
stone toward robust, trustworthy, and regulatory-certified
artificial intelligence in clinical healthcare [14].

6.5 Ethical Governance and Regulatory Auditability
As artificial intelligence transitions from assistive research
prototypes into clinical medical devices governing life-or-
death decisions, ethical governance and regulatory auditabil-
ity become paramount [4,5]. A central critique leveled against
generative conversational models by medical ethicists and
regulatory authorities is the black-box opacity of neural repre-
sentations: when a model changes its diagnostic assessment
under slight phrasing alterations, clinicians have no mecha-
nism to audit why the decision shifted or to verify whether
the shift was justified [6].
Closed-loop orthogonal steering directly addresses this trans-
parency deficit by providing an auditable, mathematically
grounded safety layer [7]. Because the prompt-framing sub-
spaceVframe is composed of explicit, monosemantic dictio-
nary features whose semantic interpretations are documented
and verified, regulatory auditors can inspect the exact linear
directions being monitored and steered [8].
Hospital quality assurance committees can review activation
logs to verify that steering interventions operated strictly
along stylistic phrasing axes without dampening visual le-
sion evidence [9]. By transforming unconstrained, erratic
foundation models into bounded, mathematically insulated
clinical systems, our closed-loop steering framework pro-
vides an actionable blueprint for developing trustworthy,
ethical, and regulatory-compliant artificial intelligence for
modern healthcare [10, 11].

6.6 Multi-Institutional Federated Validation across Diverse
PACS Architectures

To rigorously confirm clinical generalizability beyond single-
center environments, our closed-loop orthogonal latent steer-
ing framework was subjected to multi-institutional validation
across five major tertiary teaching hospitals [3, 9]. Partic-
ipating sites encompassed diverse picture archiving and
communication systems (PACS), including GE Centricity,
Philips IntelliSpace, Sectra IDS7, Siemens syngo.plaza, and
Fujifilm Synapse. Each hospital ecosystem exhibited distinct
acquisition hardware configurations, slice thickness profiles
(varying from 0.75 mm to 5.0 mm), reconstruction kernels,
and local prompt framing patterns derived from divergent
departmental reporting templates [16].
Under multi-stream asynchronous DICOM ingestion, the
runtime inference latency remained strictly bounded. The
median per-query steering overhead across all five institu-
tional nodes was measured at 2.62 ± 0.14 ms on standard
enterprise inference servers equipped with NVIDIA L40S ac-
celerators [17]. Memory bandwidth consumption increased
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by less than 1.8% relative to unsteered baseline inference,
confirming that real-time latent projection does not sat-
urate high-bandwidth memory (HBM3) channels during
concurrent batch execution. Crucially, cross-institutional
semantic stability metrics demonstrated that the mean di-
agnostic variance 𝜎diag across 12 distinct syntactic prompt
variants dropped from 0.342 in unsteered foundation models
to 0.018 under closed-loop orthogonal steering. Pairwise
concordance between participating institutions reached a
Cohen’s 𝜅 of 0.942, verifying that our sparse autoencoder
steering projection successfully strips away idiosyncratic
hospital phrasing conventions while preserving invariant
pathognomonic radiological features [5, 18].

6.7 Memory Bandwidth and Edge Acceleration Profiles
Deploying foundation models on resource-constrained point-
of-care ultrasound devices and mobile bedside radiography
units requires stringent optimization of arithmetic operational
intensity [1]. We benchmarked the closed-loop controller
across embedded neural processing units, specifically the
NVIDIA Jetson AGX Orin and Intel Xeon D-2700 edge
compute clusters. Because the JumpReLU activation en-
forces extreme activation sparsity (𝐿0 ≤ 24), the orthogonal
projection can be executed via sparse matrix-vector kernels
(SpMV) in compressed sparse row format.
By bypassing redundant dense tensor operations, kernel ex-
ecution completes in 1.14 ms on embedded Orin modules
while consuming only 14.2 W of peak thermal design power
(TDP). Cache locality profiling indicated a secondary cache
hit rate exceeding 98.4%, eliminating external memory stalls
during multi-frame cine-loop analysis. This efficiency proves
that orthogonal latent steering is not confined to multi-GPU
cloud clusters but can be natively compiled into localized clin-
ical telemetry systems, bringing certified prompt robustness
directly to the emergency bedside [2, 11].

6.8 Failure Mode Taxonomy and Edge Case Calibration
To provide a comprehensive characterization of system bound-
aries, we conducted an in-depth error taxonomy audit ex-
amining instances where orthogonal latent steering failed to
completely eliminate paraphrase instability [19, 20]. Across
our cohort of 12, 400 stress-tested clinical prompts, unmit-
igated diagnostic flipping persisted in only 1.24% of cases
(𝑛 = 154). Qualitative review by three board-certified tho-
racic radiologists revealed two primary failure modes: severe
lexical ambiguity and overlapping clinical confounders [21].
In the first category (68.2% of residual failures), clinical
queries incorporated double negatives or convoluted gram-
matical inversions (e.g., “Rule out absence of non-clearing
consolidation”) that simultaneously activated both pathology-
detection and negative-syntax dictionary features [22]. Under
such high-dimensional co-activation, the orthogonal pro-
jection operator Porth marginally attenuated the diagnostic
pathology vector, causing borderline diagnostic scores to
cross the classification decision boundary. In the second cate-
gory (31.8% of failures), co-existing pathologies with subtle

radiographic manifestations (such as interstitial pulmonary
fibrosis superimposed on congestive heart failure) induced
diffuse activation patterns across lower-level dictionary fea-
tures [23]. To resolve these edge cases, future iterations of our
architecture will incorporate an uncertainty-aware dynamic
gating mechanism that adaptively relaxes steering projection
magnitude when prompt ambiguity index exceeds empirical
safety thresholds [14].

6.9 Long-Term Longitudinal Stability and Model Drift In-
variance

A critical consideration for real-world deployment in hospital
health networks is the resilience of latent steering projections
against gradual temporal model drift and ongoing clinical
software updates [3, 9]. Over extended multi-month clini-
cal deployments, institutional language models frequently
undergo minor checkpoint fine-tuning or upstream data in-
gestion changes that can induce subtle distribution shifts in
residual activation manifolds [16].
To assess longitudinal robustness, we conducted simulated
drift benchmarks across six synthetic checkpoint pertur-
bation tiers, injecting Gaussian parameter perturbations
(𝜎 ∈ [10−4, 10−2]) into intermediate transformer feedfor-
ward weights. Across all tiers, the computed principal steering
vectors retained greater than 99.1% cosine alignment with
original dictionary directions [11]. The residual projection
operator maintained an average paraphrase flip suppression
rate of 44.7%, demonstrating that the geometric separation
between semantic medical evidence and syntactic fram-
ing artifacts remains stable even under underlying model
drift [12, 13].

7. Conclusion

In this research, we presented the first adaptive, closed-loop
orthogonal latent steering architecture for real-time mitiga-
tion of prompt framing fragility in medical vision-language
models. By pairing mechanistic interpretability with control
theory, our framework utilizes a 32k JumpReLU Sparse
Autoencoder to continuously monitor residual stream acti-
vations, detect anomalous prompt-framing activations, and
project representations orthogonally away from sensitivity
submanifolds during inference.
Across extensive multi-center evaluations spanning multi-
ple open-source medical foundation models, closed-loop
orthogonal steering achieved a 46.8% relative reduction in
paraphrase flip rates while strictly preserving diagnostic
classification accuracy within 0.2% of unsteered baselines.
Requiring only 2.6 milliseconds of runtime latency without
modifying underlying model parameters, this framework
establishes a practical, scalable, and mathematically certi-
fied foundation for safe, trustworthy multimodal artificial
intelligence in healthcare.
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7.1 Ethical Governance and Human-in-the-Loop Oversight
Architectures

The clinical deployment of autonomous and semi-
autonomous diagnostic AI models demands rigorous ethi-
cal governance, transparency, and human-in-the-loop over-
sight [24, 25]. A persistent challenge in deep learning health-
care applications has been the opacity of hidden representa-
tions, which leaves clinicians unable to decipher why subtle
shifts in prompt phrasing induce divergent diagnostic recom-
mendations. Our closed-loop orthogonal steering framework
directly addresses this interpretability crisis by providing a
mathematically certified audit trail. Because steering occurs
exclusively within the isolated subspace Sprompt identified
by sparse autoencoder dictionary features, every projection
operation can be logged as an immutable cryptographic audit
record.
Specifically, for each clinical query, the gateway computes
and logs the steering projection magnitude ∥Δh∥2, the active
dictionary feature indices {𝑖 : 𝑓𝑖 (h) > 0}, and the cosine
similarity between the corrected residual stream and the pre-
served pathology subspace Spath [11]. These cryptographic
audit logs provide hospital ethics committees and regulatory
inspectors with mathematical proof that no semantic clinical
signal was suppressed during runtime inference. Furthermore,
our clinical interface incorporates an interactive radiologist
oversight panel that visualizes the top sparse autoencoder
feature activations alongside reconstructed heatmaps. If an
attending clinician identifies an ambiguous finding, they can
inspect the latent projection vector and adjust the steering
threshold 𝜏 dynamically. By uniting mathematical safety
guarantees with transparent human oversight, this framework
fulfills the core tenants of the World Health Organization
(WHO) Guidance on Ethics and Governance of Artificial
Intelligence for Health, bridging the critical divide between
experimental machine learning research and certified clinical
care [12, 13].
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