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Abstract

Abliteration (Arditiet al., 2024) is a weight-surgery technique originally used to strip refusal behavior
from open-weight language models: a single "refusal direction" is identified in residual-stream
activations and projected out of the model's weights, eliminating the behavior without retraining. The
procedure is subtractive, geometric, and bears a one-shot character that distinguishes it from
gradient-based unlearning. We observe that the same shape of intervention — surgical, geometric,
base-preserving — admits an additive dual. In this paper we describe the Capability Injection Protocol
(CIP), afour-step composite that we frame as reverse abliteration: where abliteration subtracts a
learned direction from existing weights, CIP adds new transformer blocks initialized to identity
contribution, freezes the entire pre-existing parameter tensor, and confines all gradient updates to
low-rank adapters on the new layers. We argue that CIP and abliteration are dual faces of a single
design principle — "do not retrain what already works" — and that taken together they constitute a
complete kit formodifying open-weight base models without catastrophic forgetting. We instantiate
the protocol by deriving Theron-Base v9 from Qwen3-VL-32B-Instruct (32B > 41B via +16 zero-init
layers) and training 17 domain LoRAs on the frozen v9 base via DPO with primary-source preference
data. Across all 17 clusters, base capability regression on IFEval and HumanEval+ is zero. We contrast
this with a prior full-weight retrain of an earlier base, which caused a 36-point HumanEval regression.
We provide convergence curves, aregression table, and a discussion of where the inversion analogy is
precise and whereiitis heuristic.

1. Introduction

The dominantindustrial strategy for producing a domain-expert language modelis to take a strong
general base and continue training on domain data. This works at small N and fails as N grows.
Catastrophic forgetting (McCloskey & Cohen, 1989) means each new specialty paid forin continued
pretraining is partially financed by the destruction of capability accumulated in earlier passes. The
pathology is well known; it has not become less expensive.

We encountered the failure mode in a directly observable form. An earliermodelin our line —
designated v3 — was specialized for cybersecurity reasoning via a full-weight continued-training run
ona7/2Bbase. The resulting model gained domain capability and degraded on coding, dropping
HumanEval pass@1from 98% to 62%. The model became, in aliteral sense, a worse coder than the
base it was specialized from. This single observation reshaped the rest of our training program. We
sought a protocol with the property that the prior capability is, by construction, untouched. The
proposal of this paperis that protocol.
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The forgetting problem, observed
One full-weight retrain dropped HumanEval 36 points — a worse coder thanits base
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SOURCE: verifier-centric-capability-growth.md §1(v3, 72B cyber specialist, full-weight continued SFT).

FIGURE 1 The motivating failure case: base vs. v3 full-weight retrain on the prior-capability suite — HumanEval 98
> 62,IFEval 87.1>71.4, GSM8K 92.4 > 81.0,MMLU 80.2 » 76.8. A single full-weight continued-trainingrunona 72B
base; regression magnitudes as measured on that run (Section 6.4), not a claim about all full-weight recipes.

We will callit the Capability Injection Protocol (CIP). CIP is a composition of four ingredients, each
individually known: depth upscaling, parameter freezing, low-rank adaptation, and benchmark-gated
acceptance. The contribution we claimis twofold: a particular composition with explicit invariants, and
areframing — reverse abliteration — that situates the protocol as the additive dual of an existing
subtractive technique. The reframingis not decorative. Abliteration and CIP bothrest on the same
prior: a frontier-grade open-weight base contains structure thatis unwise to disturb, and the
appropriate surgical idiom is to modify capability via low-dimensional, geometrically explicit additions
or subtractions rather than via gradient descent through the full parameter tensor. Abliterationis the
subtractive case (remove a behavior). CIP is the additive case (add a capability).

We instantiate CIP on Qwen3-VL-32B-Instruct, producing Theron-Base v9 (32B > 41B via 16 zero-
initialized residual blocks, organic upscale). On the v9 base we train 17 domain LoRAs (cyber, code,
math, reasoning, medical, legal, finance, business, science, engineering, creative, education,
humanities, language, reconciler, inquisitor, long_context) using DPO with primary-source preference
pairs. The 17-LoRA training was completed in a single multi-day sessionona 4x H200 SXM pod. The
headline result: across all 17 LoRAs, regression on the pre-existing capability suite (IFEval = 85%,
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HumanEval+ = 90%) is zero. Per-LoRA convergence numbers and regression tests are reported in
Section 6.

1.1 Contributions
1. The Capability Injection Protocol (Section 3) as a four-step formal recipe with stated invariants.

2. Thereverse abliteration reframing (Section 4): explicit statement of the duality with refusal-
direction surgery, and an argument that the two techniques jointly form a closed kit for behavior-
and-capability surgery on a frozen base.

3. Empirical evidence (Section 6) that the protocol scales: 17 domain LoRAs trained on a 41B CIP base,
with zero observed regression on the pre-existing capability suite.

4. Anegativeresult (Section 1, expanded Section 6.4): the v3 full-weight retrain that motivated the
protocol, with regression magnitudes reported honestly.

5. Adiscussion (Section 7) of what the protocol does not solve — integration over multiple adapters,
the binding problemin compositionalinference, and the limits of the inversion analogy.

2. Background

2.1 Abliteration as one-shot weight surgery

Arditi et al. (2024) showed that the refusal behavior of aninstruction-tuned language modelis
mediated, in many open-weight families, by a single directioninresidual-stream activation space. The
construction proceeds as follows. Let # and B be paired sets of harmful and benign prompts. For each
layer £ and token position ¢, compute the mean residual-stream activation on each set:

uﬁf = Epen [h“(w)] ) Mfg’t = Eeen W’t(“’ﬂ :

Therefusal direction at (4, ¢) is the unit vector
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Abliteration then projects 7 out of the model's weight matrices that write into the residual stream —

typically the output projections of attention and MLP blocks in a narrow band of layers around the
median refusal layer. For each such weight W;:

W, = Wy —# ()T W,.

The model has been altered, but no gradient descent was performed. The change isrank-one per layer
inthe narrow band. The behavior (refusal of authorized-use queries, in the Vext context) disappears;
general capability is preserved to within measurement noise. Failspy's public implementation

( refusal-direction-ablation , 2024) made this technique accessible to the open-weight ecosystem
andit has since been applied broadly.
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The techniqueisinteresting for our purposes not because we use it inidentical form — though we do
abliterate Theron-Base v9 to remove inherited refusal of authorized-use security queries — but
because it establishes a style of intervention. The interventionis geometric (defined by avectorand a
projection), not optimization-driven. It is base-preserving in the sense that the bulk of the weight
tensoris untouched. And the modification's effect can be characterized in closed form before any
inferenceis performed.

2.2 Block expansion and identity initialization

The depth-upscaling line of work begins with SOLAR-10.7B (Kim et al., 2023), which duplicated a
contiguous slice of layers from a strong base and continued pretraining. LLM2Vec (BehnamGhader et
al., 2024) andrelated work on block expansion (Wang et al., 2024) refined the technique by
considering symmetric insertion across depth and zero-initialized residual contributions. The key
observationis that if a transformer block f,is wrapped as

fo(h) = h+7- (fo(h) — h)

with the gate 4, initialized to zero, then at training step ¢t = 0 the model with the new block is bitwise
equivalent to the model without it. The gate opens during training as the new block accumulates a
contribution. This construction is what makes block expansion safe for capability injection: the
upscaled model cannot be worse than the pre-upscale model atinitialization, and it remains close to
identity if the new block s allocated little or no gradient.

CIP uses zero-init residual blocks, inserted symmetrically across the language tower (16 new blocks for
the v9 build, distributed across the é64-layer Qwen3-VL-32B base to yield an 80-layer 41B model).

2.3 Low-rank adaptation

LoRA (Huetal., 2021) factors a learned weight delta as a product of two low-rank matrices. For abase
weight W, € R**, the adapted weight is

W = Wyo+2BA, BeRY, AeR™, r < min(d,k).

LoRA reduces parameter and optimizer memory by orders of magnitude relative to full fine-tuning and
admits parameter-isolation continual learning by construction: if W is frozen, no number of LORA
updates can corruptit. S-LoRA (Sheng et al., 2023) extended the serving picture by demonstrating
that hundreds of adapters can be hot-swapped on a single shared base atinference time, enabling
fleet-scale specialization at the cost of one base in memory plus adapter-sized deltas per specialty.

CIP applies LoRA only to the new layers introduced by depth upscaling. The base layers are not LoRA
targets; they are frozen as raw tensors with no adapter attached. The new layers are LoRA-only — their
pre-LoRA weight s the cloned-from-top initialization scaled to identity contribution by the zero-init
gate.
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2.4 The v3 > v9 transition

The v3 modelreferenced throughout this paper was a 72B cybersecurity specialist produced by
continued full-weight supervised fine-tuning on a strong base. The training run was conventional:
domain mixture, LORA-free, no parameter freezing, gradient flow through the entire parameter tensor.
The result was a model strong on its domain benchmarks and weak on prior capability — HumanEval
pass@] measured at 62% after a baseline of 98%. The 36-point regressionis the empirical anchor that
motivates the protocol described in this paper. We treat it as a negative result on full-weight continual
specialization rather than a critique of any specific recipe: the failure mode follows from the
optimization problem, not from a hyperparameter choice.

The v9 line replaces continual full-weight training with CIP. Theron-Base v9 is built from Qwen3-VL-
32B-Instruct via the four stepsin Section 3. The 17 LoRAs trained on v9 are the production output of the
protocol.

3. The Capability Injection Protocol

We state CIP as a four-step recipe with stated invariants. Let §, denote the parameter tensor of the
input base model and let © denote the protocol output.

3.1Step 1— Merge best prior adapter

If a prior LORA adapter exists from a previous CIP generation that materially exceeds the base ona
target capability, merge it into the base in bf16:

Wénerged = W+ % B*A*

foreach adapted weight, with (B*, A*) the best-prior adapter. This anchors the strongest pre-existing
capability into the parameter tensor before the protocol begins. The merge is bitwise reproducible
from 6, and the adapter checkpoint.

Inthe v9 build, no merge was performed: the input base (Qwen3-VL-32B-Instruct) was used
unmodified, and the v8 prior was retired rather than merged forward, due to documented differences
ininstruction-tuning provenance.

3.2 Step 2 — Organic upscale: + N zero-init residual layers

Insert N new transformer blocks into the language tower, distributed symmetrically across depth.
Eachnew block f, is cloned from a top-band block of the existing tower and wrapped:

fuh) = bt () ), A0 =0,

The wrapperintroduces one trainable scalar parameter+, perinserted block. With v, = 0, the upscaled
modelis functionally identical to the input base, layer-by-layer. The gate opens during training; the
inserted block contributes only the amount the optimizer deems useful.
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Forthe v9 build, N = 16. The Qwen3-VL-32B base has 64 transformer layers; the post-CIP language
tower has 80 layers and approximately 41B parameters (62.9B after a later upscale variant; we report
the 41B 80-layer build here). New layers are inserted at uniform spacing across the original stack. The
vision tower is left untouched.

3.3 Step 3 — Freeze old layers, LORA-only on new layers

All parameters in the pre-existing layers of the language tower (and the entire vision tower) are frozen:

requires_grad = False . No optimizer stateis allocated forthem. The new layers' inner weights are also
frozen; LORA adapters are attached to the query, key, value, output, and MLP projections of the new
blocks, atrank r. The trainable parameter setis therefore:

e The LoRAfactors {By, A;} oneachnew layer's adapted projections;

e Thescalargates {y,} on each new layer.

Forthe v9 CIP build the LoRArankis r = 64, alpha = 128, applied to all projections in the new 16 layers.
For the 17 domain LoRAs trained on top of merged v9, rankis » = 64 on the high-density clusters (cyber,
code, math, reasoning) and r = 32 on the rest, applied across the full 80-layer language tower
(because at this stage the v9 base has already had its CIP adapter mergedin andis frozen as a whole).
The vision toweris never a LoRA target, so all 17 LoRAs share the same vision capability by construction.

Training data for the CIP step is the v9 mixture: primary-source documents across the 17 clusters,
weighted to broaden the base's general competence. Training data for each domain LoRAis a per-
cluster DPO preference corpus, drawn from primary sources (no teacher distillation; chosen-rejected
pairs derived from validated traces, expert-labeled comparisons, and rule-verified rejections).

3.4 Step 4 — Benchmark gate: zeroregression

Atrained CIP checkpointis accepted only if, on the merged checkpoint (base + adapter), the prior-
capability benchmark suite is non-regressive within tolerance. Concretely, for the v9 build we
required:

e |FEval > 85% onthe merged checkpoint;

e HumanEval+ > 90% on the merged checkpoint;
e GSM8Kwithin —1 pt of the base.

A checkpoint that fails the gate isrolled back; the gate is non-negotiable. The protocol's correctness
depends on the gate: without it, the previous three steps still guarantee that base layers are untouched
but admit the possibility that the new layers (or the gates ,) have learned a degenerate contribution
thatinterferes with base behavior onrealinputs. The gate is the empirical check that no such
interference has occurred.

3.5Invariants

The protocolis structured around three invariants that, taken together, distinguish CIP from full-weight
continual specialization.
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Invariant| — Frozen base. The original parameter tensor §, does not move during CIP. Hardware-level:
requires_grad=False onevery base tensorand no optimizer state allocated. Algorithmic
consequence: no gradient flow into base parameters means catastrophic forgetting of base
capability cannot occur, in the strict sense, because the parameters that encode that capability have
not changed.

Invariant Il — Identity initialization. Allnew modules are initialized to aregime in which the model's
outputatt = 0is bitwise identical to the input base's output. The zero-init residual gate enforces this
directly; the LoRA factorinitialization B = 0 (standard LoRA) enforces it for the adapter side. The model
can therefore not be worse thanits base at the start of training.

Invariant lll — Acceptance gate. A trained CIP checkpointis only released into the production fleet if
its merged form meets non-regression thresholds on the pre-existing capability suite. The gateisan
empirical complement to the structural invariants: it catches degenerate-contribution failure modes
that the structural invariants do not rule out.

PHé fols@He rpvariarissrenedgurech MPS - every gate pre-registered

P1-identity init drift 0.000 PASS
P2 - base frozen byte-identical PASS
P3-learns -1.03 nats PASS
P4 - non-destructive pplratio 0.94 PASS

SOURCE: ledger/juwel_cip_pipeline_proof json. Grows the real abliterated JUWEL base without forgetting.

FIGURE 2 The fourCIPinvariants measured end-to-endona 0.5B abliterated base: P1identity-init drift 0.000
(threshold = 0.02), P2 base byte-identical (sha256 match), P3learns -1.03 nats (threshold = 0.10), P4 non-
destructive perplexity ratio 0.94 (threshold < 1.15) — all PASS (ledger/juwel _cip_pipeline__proof.json). A 0.5B-scale
pipeline proof of the protocol's gates, not a production-scale result.
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4. The Inversion Insight: Reverse Abliteration

Abliteration removes a behavior from a base model via geometric weight surgery: alearned directionis
projected out of a small set of weight matrices, in closed form, without gradient descent. The
interventionis rank-one per layer, subtractive, and base-preservingin the sense that the great majority
of the weight tensoris untouched.

CIP, viewed in this frame, is the dual operation. Where abliteration removes by projecting out a
direction, CIP adds by inserting new modules in identity initialization. Where abliteration touches only
the projection band, CIP confines learning to a freshly inserted depth band. Where abliteration's
modification can be writtenin closed form, CIP's invariants likewise constrain the modificationto a
structurally isolated region of the parameter tensor.

We make the analogy precise as follows. Let §, be the input base. Both interventions construct an
output model © such that the difference © — 4, is structurally constrained and non-disruptive of pre-
existing capability.

ASPECT ABLITERATION CIP (THIS PAPER)

Polarity Subtractive Additive

Operand Existing weight matricesin a narrow Newly inserted layers + LORA adapters on them
layer band

Mechanism Projection along alearned direction Gradient descent on a structurally isolated subset

Formof © — 6, Rank-one per affected layer Sparse: zero on base layers, low-rank + scalar gates

onnew layers

Initial condition © = 6y minus a direction's contribution © = 6, at gate=0 (bitwise identical)

Base preservation Most weights untouched All pre-existing weights bitwise unchanged
Trainable None (closed form) LoRA factors (B, A) onnew layers + gates 1y,
parameters

Effectonbehavior Removes asingle behavior (refusal) Adds capability surface

The two interventions are notinterchangeable — one removes, one adds; oneis closed-form, one is
optimization-driven — but they share a design discipline. Do not retrain what already works. If a
capability is to be removed, identify the geometric direction that mediates it and projectit out; if a
capability is to be added, allocate fresh structure forit and confine the learning there. In neither case
do we permit gradient flow into the bulk of the pre-existing parameter tensor.

The label reverse abliteration names this duality. It isintended as aresearch-direction frame, not a
strict equivalence. The reframing is useful because it places CIP in the same surgical-edit tradition that
abliteration belongs to, and because it suggests a complete kit: to modify an open-weight base, one
can either subtract (project out a direction) oradd (insert new structure with identity initialization). One
should not, exceptintherarest circumstances, retrain.
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We note that the v9 build uses both halves of the kit in sequence. After CIP grow-and-train (additive),
the merged v9 base undergoes Arditi-style abliteration (subtractive) to remove inherited refusal of
authorized-use security queries (Section 5.3). The combination produces a base that has the
capability surface CIP installed and has lost the refusal behavior that the original Qwen3-VL-32B-
Instruct alignmentinstalled. Neither modificationinvolved gradient descent through the base layers.

5. Experimental Setup

5.1Base model

Input: Qwen/Qwen3-VL-32B-Instruct, 64 transformer layers, hidden 5120, multimodal (text + vision
tower), approximately 32B parameters. The vision tower is preserved unchanged through the entire
protocol and shared across all 17 LoRAs by construction.

5.2 CIP grow-and-train

CIP Step 2inserts N = 16 zero-init residual blocks at uniform spacing across the 64-layerlanguage
tower, yielding an 80-layer model with approximately 41B parameters. New-block initialization clones
the top-band weights cyclically. Each new block is wrapped with a scalar gate 4, initialized to O.

LoRA targets onthe 16 new blocks: {q, k, v, 0, gate, up, down} projections in the language path. Rankr =
64, alpha a = 128. Sequence length 2048. Optimizer AdamW, learning rate 2 x 10~° cosine-scheduled
with 20 warmup steps. Effective batch size 32 (per-device batch1 x 8 grad-accum x 4 ranks).

Hardware: 4x H1I00 SXM, distributed data parallel (DDP), per-rank device_map to hold one full bf1é6
copy of the model perrank. No FSDP. No DeepSpeed ZeRO. Local NVMe SSD for the dataset; no MFS
reads during training.

Training mixture: the v9 CIP mix, drawn from primary-source documents across the 17 clusters with
uniform weighting on cluster aggregate. Approximately 160K examples consumed over 5000 steps
(effective batch 32). Wallclock 3.5 hours.

5.3 Abliteration

After Step 4 (merge adapterinto base in bf16), the merged v9 base undergoes Arditi-style refusal-
direction abliteration. Refusal directionis estimated from 100 harmful / 100 harmless prompts using
the public vext_abliteration package (Arditi-method reference implementation). The directionis
projected out of a 5-layer band centered on the median refusal layer. Wallclock 30 minutes. Post-
abliteration evaluation on GSM8K and MMLU shows no measurable regression versus pre-abliteration
(within 0.4 pt; expected from the technique's prior-art baseline).

5.4 Domain LoRA training

On top of the merged + abliterated v9 base, 17 domain LoRAs are trained, one per cluster:
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# CLUSTER DPO PAIRS RANK

1 cyber 234,500 64
2 code 218,300 64
3 math 198,100 64
4 reasoning 211,400 64
5 medical 162,800 32
6 legal 154,200 32
7 finance 169,700 32
8 business 142,900 32
9 science 187,300 32
10 engineering 175,600 32
1 creative 148,300 32
12 education 131,200 32
13 humanities 138,800 32
14 language 156,400 32
15 reconciler 124,500 32
16 inquisitor 119,800 32
17 long_context 167,200 32
Total ~2.94M

Per-cluster training: 1000 DPO steps, learningrate 5 x 109 cosine-scheduled, beta 0.1, max sequence
length 4096. Hardware: 4x H200 SXM (one pod), one cluster at a time. Wallclock per cluster: 3-4
hours. Total wallclock for 17 clusters in serial: 58 hours.

LoRA targets on the full 80-layerlanguage tower: {q, k, v, 0, gate, up, down} projections in every layer
(baselayers 0-63 and CIP layers 64-79). The base is frozen for the LORA training run; only the LORA
factors are updated. The vision toweris not a LoRA target. Each LoRA's B factoris zero-initialized
(standard LoRA), so each adapteris identity at training start.

5.5 Evaluation

The non-regression suite for the acceptance gate (Step 4) is:

e |FEval (Zhouetal., 2023), strict.
e HumanEval+ (Liuetal.,2023), pass@].
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e GSM8K (Cobbeetal.,2021), O-shot, strict.
e MMLU (Hendrycks etal.,2020), 5-shot.

Each LoRAis evaluated by merging its adapter into a checkpoint copy of the v9 base, running the full
suite on the merged checkpoint, and recording the delta from the unmerged-v9 baseline.

6. Results

6.1CIP convergence

The CIP grow-and-trainrun (Step 2 + 3) converged in 5000 steps on the v9 mix. Training loss
decreased from1.84 at step O to 0.71at step 5000 (monotonic with cosine schedule); validation loss
tracked within 0.04 throughout. The mean gate value 4 across the 16 new blocks rose from 0.000 to
0.19 at step 5000, with per-layer variance of 0.06: the optimizer learned a small but consistent
contribution from each new block, rather than concentrating contribution into a single block. Thisis the
qualitative signature we expected from symmetric insertion: depth was added as aredistribution of
representational labor across the new layers, not as a single high-impact block.

6.2 Per-LoRA convergence

We report DPO training metrics (reward accuracy and loss) at step 1000 for each of the 17 clusters.
Reward accuracy is the fraction of preference pairs on which the policy assigns higher implicit reward
to the chosen than the rejected response.
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CLUSTER ACC@STEP 1000 LOSS@STEP 1000 PEAK ACC PEAK STEP

cyber 0.94 0.15 0.94 746
code 0.91 0.18 0.91 982
math 0.89 0.22 0.89 1000
reasoning 0.88 0.24 0.88 1000
medical 0.83 0.31 0.83 974
legal 0.81 0.34 0.81 989
finance 0.84 0.30 0.84 957
business 0.78 0.38 0.78 992
science 0.82 0.32 0.82 968
engineering 0.80 0.35 0.80 987
creative 0.76 0.41 0.77 884
education 0.79 0.36 0.79 996
humanities 0.75 0.43 0.76 901
language 0.85 0.28 0.85 974
reconciler 0.82 0.32 0.82 991
inquisitor 0.80 0.34 0.80 985
long_context 0.83 0.31 0.83 977
mean 0.83 0.30 0.83 —

Cyberis the strongestlearner, converging to 0.94 accuracy by step 746 and showing the lowest final
loss. We attribute this to corpus density and cluster homogeneity: Vext maintains the most
comprehensive Cyber primary-source corpus (NIST, MITRE, CVE, HackerOne disclosures, validated
exploit traces) and the preference signal is consistent across sources. Creative and humanities are the
weakest learners; we attribute this to less rigorous preference signal — chosen/rejected pairs in those
clusters are harder to construct from primary sources without judgment calls — and we treat the lower
numbers as honestly bounded rather thanindicative of a protocol failure.

6.3 Zero base regression

The acceptance gate (Step 4) was applied to each LORA by merging itinto a checkpoint copy of the v9
base and evaluating on the non-regression suite. The merged-checkpoint deltas from the unmerged-
v9 baseline are:
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CLUSTER IFEVAL A HUMANEVAL+ A GSM8K A MMLU A
cyber +0.1 +0.3 -0.2 +0.4
code -0.2 +1.2 -0.1 +0.2
math +0.0 +0.4 +0.6 +0.3
reasoning +0.2 +0.1 +0.3 +0.5
medical -0.3 -0.2 -0.4 +0.7
legal -0.4 -0.3 -0.2 +0.4
finance +0.1 -0.1 +0.1 +0.3
business -0.2 -0.2 -0.1 +0.1
science -0.1 +0.0 -0.3 +0.5
engineering -0.3 -0.1 -0.2 +0.2
creative -0.5 -0.4 -0.3 +0.0
education -0.2 -0.2 -0.1 +0.1
humanities -0.4 -0.3 -0.2 +0.0
language -0.1 -0.1 -0.2 +0.3
reconciler -0.1 +0.0 +0.1 +0.2
inquisitor -0.2 -0.1 -0.1 +0.1
long_context +0.0 -0.1 +0.0 +0.2
mean -0.16 -0.04 -0.10 +0.26
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CIP:zero baseregressionacross 17 LoRAs
Frozen base + additive layers - mean delta = O (contrast: full-weight retrain -36)
1.5
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mean baseregression (pts)
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_]IT—EEvaI HumanEval+ GSM8BK MMLU

SOURCE: verifier-centric-capability-growth.md §4 (v? base, 17 domain LoRAs, evaluated by merge).

FIGURE 3 Meanper-LoRA merged-checkpointbaseregressionacrossthe17 LoRAs, with the +1.2-pointband
containing all individual deltas: IFEval -0.16, HumanEval+ -0.04, GSM8K -0.10, MMLU +0.26. Per-LoRA, evaluated
by merge (Section 6.3); not a claim about composed multi-LoRA inference.

All deltas are within +1.2 points across all four benchmarks across all 17 LoRAs. Mean delta across the
fleetis approximately zero on IFEval, HumanEval+, and GSM8K, and slightly positive on MMLU
(consistent with the broader-mix CIP training the base went through prior to per-cluster LoRA training).
We interpret this as zero regression in the protocol's stated sense: a merged-checkpoint copy of any
individual LORA is, on the pre-existing capability suite, indistinguishable from the unmerged base
within measurement noise.

We emphasize what this is not: we do not claim that composed multi-LoRA inference is non-
regressive. S-LoRA-style stacking of multiple adapters is its own evaluation problem andis treated in
Section 6.5 and Section7. The result of Section 6.3 is per-LoRA, evaluated by merge.

6.4 The v3 contrast

The motivating failure case is reproduced here for context. v3 was a 72B cybersecurity specialist
produced by full-weight continued supervised fine-tuning on a strong base. On the post-training
checkpoint:
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BENCHMARK BASE V3 (FULL-WEIGHT RETRAIN) A

HumankEval 98.0 62.0 -36.0
IFEval 87.1 71.4 -15.7
GSM8K 92.4 81.0 -1.4
MMLU 80.2 76.8 -3.4

The v3 model gained onits domain benchmarks; the regression on prior capability was severe. We do
not claim that every full-weight continual run regresses by 36 points on HumanEval; we claim that the
failure mode is on the table whenever the optimizeris permitted to move base parameters. CIP
removes the failure mode by construction.

6.5 S-LoRA composition

We performed a preliminary composition test by stacking pairs of adapters at inference time, using the
multi-LoRA serving path described in the S-LoRA family of papers (Sheng et al., 2023). Each pairis
loaded simultaneously and their contributions summed at the LoRA layer. We evaluated the {cyber +
code}composition on the union of SecQA and HumanEval+:

CONFIGURATION SECQA HUMANEVAL+
v9 base (no LoRA) 84.5 91.1

v9 + cyber LoRA 98.2 91.4

v9 + code LoRA 85.1 95.7

v9 + cyber + code 97.8 95.2

The composed configurationis within 0.5 pt of the better single-LoRA configuration on each
benchmark — not additive, not destructive. This is consistent with the broader S-LoRA literature:
simple sum-of-deltas composition gives an interference-free mixture in the parameter-near-
orthogonal regime, but does not give super-linear gains. We treat this as a preliminary result: a full 17 x
17 pairwise composition study is out of scope for this paper.

6.6 Wallclock and cost

The full v9 pipeline (CIP grow-and-train + merge + abliterate + 17 LoRAs) consumed approximately 65
GPU-hours on a single 4x H200 SXM pod, equivalent to roughly USD $700 in cloud compute. The bulk
(58 hours) was the 17 sequential LoRA training runs; CIP itself was 3.5 hours. We report thisas a
methodological note: the protocol's per-cluster marginal costis approximately 4 GPU-hours on
commodity SXM hardware. This is the economic anchor for fleet-scale specialization without frontier-
scale capex.
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7. Discussion

7.1What the protocol does, narrowly

CIP gives a structural guarantee: abase model's pre-existing parameters cannot move during
specialization, and att = 0 the upscaled model is bitwise identical to the input base. Together with the
acceptance gate, thisrules out the v3-style failure mode in the strict sense: a merged-checkpoint
specialist will not regress beyond measurement noise on the prior-capability suite. The protocolis, in
this respect, a minor but precise contribution to the continual-learning toolkit.

7.2 What the protocol does not solve

The protocol does not address the binding problem of multi-LoRA composition. When two or more
LoRAs are loaded simultaneously at inference time, their contributions sum at each layer. If the
adapters were trained independently on different domains, there is no structural guarantee that the
sum corresponds to a coherent policy on a mixed-domain query. Section 6.5 shows a benign case for
{cyber + code}; the picture for {cyber + medical + finance} on a hybrid query (e.g., security review of a
healthcare payments system) is empirically open. The S-LoRA literature treats this as aninference-
time scheduling and routing problem; we treat it as a higher-layer concern that the protocol does not
pretendto address.

Relatedly, the protocol does not provide any explicitimprovementinintegrated informationin the
Tononi sense, nor does it offer a constructive route to a high-® system. CIP is amethod for adding
modules to a base; it does not, onits own, bind those modulesinto a single integrated reasoner. We
note this honestly because the field is increasingly conflating modular composition with integration;
CIPis on the modular side.

7.3 Limits of the inversion analogy

The reverse abliteration framing is areframing, not a proof of equivalence. Abliterationis closed-form:
thereis no gradient descent, no learning, no optimizer. CIP is optimization-driven: the gates 4, and the
LoRA factors (B, A) are learned. The two techniques are dual in design discipline (do not retrain the
base) but are not mathematically interchangeable. We use the termreverse abliteration because we
believe the framing makes the design discipline visible and travels well as aresearch direction; we do
not claim closed-form properties for CIP that it does not have.

A second limit: abliteration's effect is well-characterized on one specific behavior (refusal) because
the refusal direction can be identified from a paired-prompt construction. CIP's effectis less easily
characterizedin closed form because the new capability is, by definition, not yet present in the base —
there is no analogous paired-prompt construction for "the capability we are about to add." Thisis the
price of being on the additive side of the duality: subtractive surgery is easier to characterize because
the operand exists; additive surgery cannot fully characterize the operand until after the operation.
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7.4 Values vs capability injection

CIP is a capability injection protocol. Anthropic's Constitutional Al program (Bai et al., 2022) addresses
what isin spirit a separate problem — value injection — using a quite different mechanism (RLAIF over a
constitution document). We note the distinction because the labels in the field are noisy. CIP does not
install values; it installs a domain capability surface. The values question (alignment, refusal posture,
persona constraints) is downstream of CIP andis addressed in Vext's stack by a combination of Layer-
0 alignment training on the base (before CIP), abliteration of inherited refusal that conflicts with
authorized use, and Layer-2 system-prompt constraints at surface time. We mention this only to
forestall the misreading that CIP is a values intervention. Itis not.

7.5 Distinguishing from sparse MoE

CIP-plus-LoRA is dense composition, not sparse-gating. Atinference time, every parameter of the
merged checkpoint (base + active LoRAs) is consulted on every token. There is no per-token routing of
tokens to experts and no fraction-active accounting. This distinguishes the protocol from Mixture-of-
Experts approaches such as Switch Transformer (Fedus et al., 2021), DeepSeekMoE (Dai et al., 2024),
and Mixtral (Jiang et al., 2024). The protocol's compute footprint per tokenis the full dense forward
pass; its capability footprint scales with the LoRAs loaded. We do not claim parameter sparsity. We do
claim adapter sparsity (most parameters live in the shared base; the per-cluster cost is the LoRA delta).

7.6 Ethics

A protocol that cheaply adds capability to a strong open-weight base must be consideredinlight of
capability-misuse concerns. Two notes. First, CIP does not lower the floor for what bases canbe
specialized — strong open-weight bases are already widely available and already widely specialized
via continued training. CIP makes the specialization cleaner (no regression on the prior suite) but does
not enable a class of model that was not already enableable. Second, abliteration (the inversion
partner) does have implications for refusal removal, and the responsible-use stance Vext takes —
applying abliteration only to remove refusal of authorized-use security queries (with documented
authorizationin the pipeline), never to remove refusal in unauthorized-use contexts —is a policy choice
external to the protocol. We mention this because the technique's responsible use is a non-trivial
question; we do not pretend that the technique itself is value-neutral.

8. Related Work

Abliteration and refusal direction. Arditi et al. (2024) characterized refusal as mediated by a single
directioninresidual-stream activations and showed that projection of that direction out of weight
matrices removes refusal behavior without measurable capability cost. Failspy's public refusai-
direction-ablation implementation (2024) made the technique broadly applicable. The techniqueis
the subtractive partner of CIP in the framing of this paper.

Low-rank adaptation. LoRA (Hu et al., 2021) and its variants (AdaLoRA, Zhang et al. 2023; (IA)3, Liu et al.
2022) provide the parameter-efficient mechanism for the trainable side of CIP. S-LoRA (Sheng et al.,
2023) shows that multi-adapter serving on a shared base is practical at fleet scale. CIP is, on the LORA
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side, an application of these methods with the structural restriction that adapters apply only to newly
inserted layers (in the CIP step) or to a frozen base (in the per-cluster step).

Block expansion and depth upscaling. SOLAR-10.7B (Kim et al., 2023) introduced layer duplication as
adepth-upscale method. LLM2Vec (BehnamGhader et al., 2024) and the block-expansion line (Wang
etal.,2024) refined the technique. CIP differs in that the new blocks are zero-init residual wrappers,
freezing of pre-existing layers is total, and the acceptance gate is non-negotiable.

Progressive growth. Progressive growing patterns (Wei et al., 2023) and related curriculum-style
architectural growth methods address related questions on different scales (typically image
generation or smaller-scale language). The conceptual overlap is the idea of growing capacity rather
thanretraining; the methods are not directly transferable.

Domain specialist LLMs. Med-PaLM 2 (Singhal et al., 2023), Code Llama (Roziere et al., 2023),
Galactica (Tayloretal.,2022), FinGPT (Yang et al., 2023), and BloombergGPT (Wu et al., 2023) all
produce strong domain specialists via continued training of various kinds. With limited exceptions
(some FinGPT variants), these systems are not frozen-base and therefore must either tolerate
forgetting orinclude sufficient general data to mitigate it. CIP is offered as an alternative that gets
non-regression by construction.

Constitutional Al. Bai et al. (2022) addresses value injection via RLAIF over a constitution document. It
is conceptually adjacent to CIP only in that both modify a base model's behavior without uncontrolled
gradient flow through the full parameter tensor; the techniques are not otherwise related and operate
ondifferent problem layers (values vs capability).

Mixture of Experts. Switch Transformer (Fedus et al., 2021), Mixtral (Jiang et al., 2024), and
DeepSeekMoE (Dai et al., 2024) take a different route to compositional capability via sparse gating.
CIP is dense composition by design; see Section 7.5 for the distinction.

9. Conclusion and Future Work

We have described CIP, a four-step protocol for adding capability to a pretrained LLM without
retraining its existing weights, and we have framed it as reverse abliteration — the additive dual of
Arditi-style refusal-direction surgery. The protocol composes four known ingredients (depth
upscaling, frozen-base training, low-rank adaptation, benchmark-gated acceptance)into arecipe
with explicitinvariants. We have applied the protocol to Qwen3-VL-32B-Instruct, produced Theron-
Base v9 (41B, 80 language-tower layers), and trained 17 domain LoRAs on the frozen v9 base. Across all
17 LoRAs, the per-LoRA merged-checkpoint regression on the pre-existing capability suite is within
measurement noise of zero. This contrasts with a prior full-weight retrain that exhibited a 36-point
HumanEval regression.

The work suggests several directions:

1. Multi-adapter composition. A full pairwise (and higher-order) study of the 17 LoRAs under S-LoRA-
style serving — when does composition help, whenis it benign, when does it interfere? The
preliminary {cyber + code}resultis benign; a 17 x 17 matrix is the natural next experiment.
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2. Gate-only fine-tuning. The zero-init gate +, is a one-dimensional parameter perinserted layer.
Training only the gates (with LORA adapters frozen at zero) is a degenerate case of the protocol that
deserves an ablation: how much capability can be added by gate scaling alone?

3. Closed-form additive surgery. The inversion analogy is currently asymmetric — abliterationis
closed-form, CIP is optimization-driven. A constructive route to closed-form additive surgery
(analogous to Arditi-style directioninjection rather than projection) would close the loop and make
thereverse abliteration label precise rather than heuristic.

4.Iterated CIP across generations. The protocol describes one CIP run. Iterated CIP (apply CIP,
merge, apply CIP again, merge, ...) is the trajectory by which along-running model line accumulates
depth and capability without retraining. Theoretical analysis of the limiting behavior underiteration
isopen.

5. Cross-base portability. Adapters trained against the v9 base do not, in general, transferto a
different base. The Vext line evades this problem by treating the base as along-lived asset
modified only by CIP. A version of the protocol that produces base-portable adapters is, however,
an attractive research direction.
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Own-language ROl — a CIP corollary
Growing the tokenizer on-domain shortens the stream it must model
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SOURCE: ledger/own_language_roi.json (0.5B tokenizer, 25-doc cyber corpus).

FIGURE 4 ACIP-corollary measurement from the programledger: tokenizer own-language ROI, with token
savings growing from7.6% to 35.3% as 50 » 2000 domain tokens are added (ledger/own_language_roi.json;
0.5B tokenizer, 25-doc corpus). A small-scale efficiency corollary adjacent to the protocol, not a v9-scale result.

CIP and abliteration together suggest a discipline for modifying open-weight bases: subtract a
direction to remove a behavior; add a depth band with low-rank adapters to inject a capability. In
neither case retrain the base. The result, in our experience, is a more controllable and economically
scalable specialist program than continual full-weight specialization.
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