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ABSTRACT

Safety auditing of post-trained large language models typically relies on model
behavior, requiring model execution and depending on the coverage of available
evaluations. This work asks a different question: Do the target behaviors op-
timized during supervised fine-tuning (SFT) leave readable evidence directly in
checkpoint updates? We find that harmful-compliance SFT induces a continuous,
objective-dependent ordering in checkpoint-update space. Using a reference ge-
ometry defined by pure harmful-compliance, safety-targeted, and benign-utility
SFT, we find that a checkpoint-level coordinate sH tracks controlled harmful-
objective composition with Spearman correlations of 0.986–0.992 across four 7–
8B backbones, with the same ordering persisting at larger model scales. Matched
compliance-versus-refusal controls show that this checkpoint trace reflects the
SFT objective rather than harmful-input exposure, while additional controls rule
out simple explanations based on harmful-example count or generic training in-
tensity. Building on this structure, we introduce TRACE, a weights-only auditing
method that localizes an unknown checkpoint update relative to frozen harmful
and non-harmful reference prototypes and converts this geometry into a continu-
ous harmful-objective score. TRACE requires neither model queries nor access
to the unknown SFT data, and can be evaluated directly from checkpoint up-
dates. Across distribution shifts, unseen data, different SFT configurations, partial
checkpoint access, and LoRA/full-parameter fine-tuning, the trace remains sta-
ble and is positively associated with independently measured attack success rates.
TRACE remains informative even at low harmful-objective proportions, provid-
ing a complementary auditing signal when behavioral evaluation is unavailable or
incomplete. Code is available at https://anonymous.4open.science/
r/Code4TRACE-54D3.

1 INTRODUCTION

Supervised fine-tuning (SFT) is widely used to adapt large language models (LLMs), but it can
also substantially alter safety properties established during alignment (Qi et al., 2024; Lyu et al.,
2024; Peng et al., 2024b; Bowen et al., 2025). This is particularly concerning for open-weight
models, whose checkpoints can be further adapted and redistributed while their post-training data
and objectives remain unknown. Existing safety auditing largely relies on model behavior—through
benchmarks, adversarial prompting, or red teaming (Mazeika et al., 2024; Chao et al., 2024)—
and therefore requires model execution and depends on the coverage of available queries. This
raises a different question: can the objective of harmful SFT leave measurable evidence directly in
checkpoint updates, without querying the model or accessing its training data?

Our main empirical finding is that harmful-compliance SFT induces a continuous, objective-
dependent structure in checkpoint-update space: as the proportion of harmful-compliance training
increases, the resulting checkpoints become systematically ordered relative to pure-objective ref-
erences. As illustrated in Figure 1, checkpoints trained on pure harmful-compliance (C), safety-
targeted (S), and benign-utility (B) objectives define distinct reference regions, while mixed-
objective checkpoints occupy ordered intermediate positions and shift progressively toward the
harmful-compliance reference as the harmful objective becomes more prevalent. Crucially, this
structure does not imply that mixed-objective SFT follows an exact linear trajectory in raw parame-
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ter space. Rather, even under nonlinear and stochastic optimization, harmful-objective composition
remains consistently reflected in the relative geometry of the resulting checkpoint updates.

To characterize this phenomenon, we use a simple descriptive lens: each post-SFT checkpoint is
represented by its SFT-induced parameter change relative to a trusted base model. Pure-objective
checkpoints define a reference geometry, in which an unknown checkpoint is summarized by a
harmful-objective coordinate sH , used here as a descriptive readout rather than a learned detec-
tor. Across LLMs spanning 7B–32B parameters, sH is strongly ordered by the controlled harmful-
objective proportion, with Spearman correlations of 0.960–0.994. Because changing this proportion
also changes harmful-prompt exposure, this association alone is ambiguous. Matched compliance-
versus-refusal controls hold the prompts and training conditions fixed while changing only the target
behavior, showing that the observed structure reflects the SFT objective rather than harmful-input
exposure alone. Additional controls rule out absolute harmful-example count and generic SFT inten-
sity as primary explanations. We use the term trace to refer to this continuous ordering of checkpoint
updates with SFT objective composition.
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Figure 1: Objective-induced check-
point geometry. Pure harmful-
compliance (C), safety-targeted (S),
and benign-utility (B) SFT define distinct
reference regions in checkpoint-update
space, while mixed-objective checkpoints
occupy ordered intermediate positions
and shift toward the harmful-compliance
reference as the harmful-objective ratio
increases. Here, µC , µS , and µB denote
the reference locations associated with
the three pure objectives, and µN denotes
a combined non-harmful reference.

The trace is also stable across a broad range of conditions.
Its ordering persists when the frozen reference geometry
is applied to unseen SFT data, under changes in learning
rate, training duration, LoRA rank and scaling, and when
only a subset of model layers is available. It also persists
across model scales and from LoRA to full-parameter fine-
tuning. Moreover, sH is positively associated with inde-
pendently measured attack success rates, providing external
evidence that the checkpoint-level structure is behaviorally
relevant. Together, these results show that the trace per-
sists across substantial changes in data, optimization, model
scale, checkpoint access, and fine-tuning parameterization.

This finding has a direct auditing implication. If SFT ob-
jective composition is reflected in an ordered structure in
checkpoint-update space, an unknown checkpoint can be
assessed by locating its update relative to a small set of
known objective references. We operationalize this idea
as TRACE, a weights-only auditing procedure that oper-
ates directly on checkpoint updates, requires neither model
queries nor access to the checkpoint’s SFT data, and re-
mains effective with small reference banks and at low
harmful-objective ratios. Our contributions are threefold:
(1) we discover a continuous, objective-dependent order-
ing in checkpoint-update space; (2) we determine what this
structure reflects and establish its robustness across diverse
SFT conditions; and (3) we operationalize this finding as TRACE and demonstrate its utility for
weights-only checkpoint auditing.

2 A SIMPLE LENS ON SFT CHECKPOINT UPDATES

The central question is whether the target behavior optimized during SFT leaves a readable trace
in checkpoint updates. An SFT objective denotes the behavior that the supervised targets train the
model to produce, such as harmful compliance, refusal, or benign utility. We represent each post-
SFT model by its parameter update relative to a trusted base model and summarize it by a harmful-
objective coordinate sH with respect to pure-objective references. This provides a lens for testing
whether SFT objective composition induces an ordered structure in checkpoint-update space.

2.1 EFFECTIVE CHECKPOINT UPDATES

Let M0 be a trusted base model with parameters W0 and Mθ a post-SFT checkpoint with parameters
Wθ. The SFT-induced modification is represented by ∆Wθ = Wθ −W0, which captures the fine-
tuning-induced change relative to the base model. Let M denote the audited modules. For full-
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parameter SFT, ∆Wθ,m = Wθ,m −W0,m; for LoRA, ∆Wθ,m = (αm/rm)BmAm. Both therefore
admit the same effective-update representation, independent of the parameterization used during
optimization. Similarity between checkpoints i and j is measured by

K(i, j) =
∑

m∈M
⟨∆Wi,m,∆Wj,m⟩F , (1)

which is equivalently the inner product ⟨ϕ(∆Wi), ϕ(∆Wj)⟩ in the space obtained by concatenating
the audited effective updates. Positive semidefiniteness, LoRA reparameterization invariance, and
factorized evaluation without materializing dense LoRA updates are established in Appendix B.

2.2 PURE OBJECTIVES DEFINE A REFERENCE GEOMETRY

Three pure SFT objective families provide semantic references in update space: harmful-compliance
(C), safety-targeted (S), and benign-utility (B). For each objective o ∈ {C,S,B}, let Ro be a bank
of checkpoints trained from the same base model using only objective o. For a reference checkpoint
i, Wi denotes its model parameters and ∆Wi its SFT-induced update relative to the base model. The
prototype for objective o is

µo =
1

|Ro|
∑
i∈Ro

ϕ(∆Wi). (2)

Thus, µC , µS , and µB summarize the characteristic update locations induced by the three objectives.
Since the auditing goal is to measure evidence of harmful-compliance SFT rather than distinguish
different forms of non-harmful adaptation, we combine the safety-targeted and benign-utility proto-
types into a balanced non-harmful reference, µN = 1

2 (µS + µB), where the equal weighting gives
the two non-harmful objectives the same influence regardless of reference-bank size.

2.3 A HARMFUL-OBJECTIVE COORDINATE

Given the harmful-compliance prototype µC and the non-harmful prototype µN , we describe an
SFT update by its position relative to these two references. Specifically, ϕ(∆Wθ) denotes the vector
representation of the audited effective update, and we approximate it as

ϕ(∆Wθ) ≈ γCµC + γNµN , γC , γN ≥ 0, (3)

where γC and γN are nonnegative coefficients representing the contributions of the harmful-
compliance and non-harmful prototypes, respectively. We estimate these coefficients by nonnegative
least squares:

(γ̂C , γ̂N ) = arg min
γC ,γN≥0

∥ϕ(∆Wθ)− γCµC − γNµN∥2 , (4)

where γ̂C and γ̂N denote the fitted coefficients. We then define the harmful-objective coordinate sH
as their normalized ratio:

sH(∆Wθ) =
γ̂C

γ̂C + γ̂N + ϵ
, (5)

where ϵ > 0 is a small constant for numerical stability. A larger sH indicates that the checkpoint up-
date is more strongly associated with the harmful-compliance prototype relative to the non-harmful
reference. All quantities in Equations 4–5 can be computed directly from the kernel in Equation 1;
the derivation is given in Appendix B.5. Importantly, sH is a geometric coordinate rather than a
direct estimator of the fraction of harmful training examples. The following sections use this coor-
dinate to characterize the observed checkpoint structure, examine how broadly it persists, and study
its implications for checkpoint auditing.

3 HARMFUL SFT LEAVES A CONTINUOUS TRACE IN CHECKPOINT UPDATES

Section 2 introduces a reference geometry and the checkpoint-level coordinate sH for describing
SFT-induced updates. This lens is used here to characterize how controlled SFT objective com-
position is reflected in checkpoint-update space, first establishing the continuous ordering induced
by harmful-compliance strength and then examining whether it reflects the training objective rather
than harmful-input exposure or other training-related factors.
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Figure 3: Harmful SFT leaves a continuous trace in checkpoint updates. Lines show mean sH ; shaded
bands denote ±1 standard deviation across trajectories.

Experimental setup. Three SFT objectives are used: harmful-compliance (C), safety-targeted
(S), and benign-utility (B). C examples come from PKU-SafeRLHF (Ji et al., 2025) and Beaver-
Tails (Ji et al., 2023); S uses harmful prompts from the same sources with deterministic refusal
targets (Appendix A.2); and B uses UltraChat (Ding et al., 2023), GSM8K (Cobbe et al., 2021),
and MBPP (Austin et al., 2021). Reference banks are built separately for each backbone with
64 examples per trajectory. Experiments cover Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023), Qwen3-8B (Yang et al., 2025), and OLMo-3-7B-
Instruct (Olmo et al., 2026). Unless stated otherwise, LoRA uses r = 8, α = 16, zero dropout,
and all q proj/v proj modules; AdamW uses learning rate 2 × 10−4, batch size 16, bfloat16,
maximum sequence length 512, and 100 optimization steps. Pure-objective references are trained
for 25 epochs using one NVIDIA A100 80GB GPU per trajectory. Spearman’s ρ, R2, and AUROC
measure ordering, approximate linearity, and checkpoint-level discrimination; formal definitions are
given in Appendix A.1.

3.1 MIXED OBJECTIVES FORM A CONTINUOUS TRACE

Harmful-compliance strength is varied directly through mixed C/B trajectories constructed over 19
harmful-objective ratios spanning 0%–100%. Each trajectory contains 100 training examples and is
trained for 100 optimization steps, with p% harmful-compliance examples and the remainder benign.
Ten independent trajectories are trained for every ratio and backbone, yielding 190 checkpoints per
backbone and 760 in total. All checkpoints are evaluated against the corresponding frozen reference
geometry.
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Figure 2: Matched C/S objec-
tive traces.

Figure 3 reveals a strong and consistent progression in checkpoint-
update geometry. Spearman correlations between harmful-
objective ratio and sH are 0.988, 0.986, 0.987, and 0.992 for
Llama, Mistral, Qwen, and OLMo, respectively, with correspond-
ing R2 values of 0.964, 0.991, 0.984, and 0.948. Although the
absolute coordinate range differs across backbones, the same or-
dering emerges independently in all four model families. The en-
larged 0–10% view further shows that the trace remains visible
when harmful compliance constitutes only a small fraction of SFT,
although variability increases at the lowest ratios. Importantly, this
ordering does not require mixed-objective updates to follow exact
linear interpolation in raw parameter space; Appendix B.6 exam-
ines this distinction directly.

3.2 IS THE TRACE OBJECTIVE-SPECIFIC?

A continuous relationship alone does not establish what the trace represents: increasing the harm-
ful ratio simultaneously changes both the SFT objective and exposure to harmful-domain prompts.
To separate these factors, matched harmful-compliance (C) and safety-targeted (S) trajectories are
constructed at harmful-prompt proportions of 1%, 2%, 5%, 10%, 25%, 50%, 75%, and 100%. Each
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pair uses identical harmful prompts, benign examples, example ordering, random seed, and training
configuration; only the target on harmful prompts changes from harmful compliance to refusal. Full
construction details are provided in Appendix C.1.

Figure 2 shows a clear divergence despite matched inputs. Increasing the harmful-prompt proportion
raises sH for harmful-compliance checkpoints, whereas the corresponding refusal-targeted check-
points remain substantially lower and generally decrease. Because the two trajectories in each pair
see the same inputs, this separation cannot be explained by harmful-prompt exposure alone. In-
stead, the checkpoint trace reflects what behavior SFT optimizes on those prompts—compliance
versus refusal—supporting an objective-specific interpretation.

3.3 RELATIVE COMPOSITION OR ABSOLUTE EXPOSURE?

Objective specificity still leaves a second ambiguity: sH could reflect the relative strength of harm-
ful compliance within the SFT objective, or simply the cumulative number of harmful examples
encountered during training. This is tested by varying dataset size N ∈ {50, 100, 200} and harmful-
compliance ratio ρ ∈ {0, 10, 20, 40, 50, 100}%, with five seeds and a fixed 100-step optimization
budget. Holding ρ fixed changes the absolute harmful-example count while preserving composition;
holding the harmful count nC fixed changes composition while preserving absolute exposure. At the
same ratio, changing dataset size by 4× produces only small changes in sH , with mean deviations
of 0.0088–0.0159. Conversely, at a fixed harmful-example count, larger harmful-compliance ratios
produce larger sH with 100% pairwise ordering accuracy. The complete controlled trajectories are
provided in Appendix C.2.

Table 1: Seed-group CV R2

for predicting sH .

Model ρ nC ρ + nC

Llama 0.923 0.757 0.962
Mistral 0.969 0.606 0.970
Qwen 0.936 0.627 0.951
OLMo 0.922 0.757 0.980

The same conclusion appears quantitatively when sH is predicted
from relative ratio ρ, absolute harmful-example count nC , or both.
Table 1 reports cross-validated R2 over held-out seed groups. Ra-
tio alone explains 0.922–0.969 of the variation, substantially more
than the 0.606–0.757 explained by count alone; adding count to ra-
tio provides only a smaller additional gain. The checkpoint trace
therefore tracks the relative composition of the SFT objective more
strongly than cumulative harmful exposure.

Additional controls. Additional analyses rule out two simple explanations. Although update mag-
nitude grows with SFT, sH remains strongly objective-dependent (Appendix C.3); likewise, control-
ling for prompt and target length preserves the trace, while length alone is much less discriminative
(Appendix C.4). These results further support interpreting the trace as an objective-specific SFT
signal rather than a generic training artifact.

4 FROM CHECKPOINT TRACE TO AUDITING

Building on the descriptive checkpoint geometry in Section 2 and the objective-dependent trace
established in Section 3, this section operationalizes the finding as TRACE, a weights-only audit-
ing method using a continuous harmful-objective score. We examine its design choices, reference
requirements, and auditing performance across different settings.

4.1 TRACE: OPERATIONALIZING THE CHECKPOINT TRACE

TRACE builds on the harmful-objective coordinate sH from Section 2.3. Given a trusted base
checkpoint, an unknown post-SFT checkpoint, and frozen pure-objective reference banks, sH scores
the unknown update by its relative association with harmful-compliance and non-harmful references.
Figure 4 summarizes the procedure. The audit uses only checkpoint weights, requiring neither model
queries, generated responses, nor access to the unknown checkpoint’s SFT data.

Figure 5 examines three design choices. For reference geometry, C/B and C/S each use one
non-harmful prototype, whereas 3-way jointly fits µC , µS , and µB . The balanced C/N geometry
performs best overall, reaching 0.988 trace correlation and 0.991 matched C/S AUROC, versus
0.901/0.954 for 3-way. For scoring, normalizing the raw harmful coefficient γ̂C into sH improves
the metrics from 0.917/0.892 to 0.978/0.990. Combining q proj and v proj yields 0.989 trace
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Figure 4: Overview of TRACE. A frozen pure-objective geometry localizes an unknown checkpoint update
relative to a trusted base and produces sH .
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Figure 5: TRACE design choices. Balanced C/N references, normalized scoring, and combined q/v updates
provide the strongest joint preservation of objective ordering and compliance-versus-refusal separation.

correlation and 0.987 AUROC, outperforming either alone. The default TRACE configuration there-
fore uses balanced C/N references, normalized sH , and combined q/v updates.

How few references are needed? Reference-bank sensitivity is evaluated with K ∈
{1, 2, 4, 8, 12, 16} trajectories per objective, with K = 16 as the full bank. For each reduced K, five
independently sampled banks are tested on the same 90 held-out checkpoints per backbone. Table 2
reports ρ/σs, where Spearman ρ measures preservation of harmful-objective ordering and σs score
variation across sampled banks. Even K = 1 retains substantial ordering (ρ = 0.919–0.959), while
four to eight references approach full-bank performance. Defining K∗ as the smallest bank with
correlation to full-bank scores at least 0.95, mean absolute error at most 0.05, and AUROC at least
0.97 for separating 0% from 10% harmful-compliance SFT gives K∗ = 4 for Llama/Mistral and
K∗ = 8 for Qwen/OLMo. Metric definitions are in Appendix A.1.

4.2 AUDITING HARMFUL FINE-TUNING ACROSS SETTINGS

The TRACE score and all baselines are evaluated under four settings. ID compares harmful-
compliance and benign checkpoints trained under the same data distribution and SFT configura-
tion as the reference banks; Matched C/S fixes prompts, benign examples, ordering, seed, and
training configuration while changing only the target from compliance to refusal; OOD changes
the harmful-data family between reference and query SFT (PKU-SafeRLHF↔BeaverTails); and
Unseen uses independent harmful, refusal, code, and mathematics data with no prompt overlap.
Appendix E.2 details unseen-set construction and overlap checks. UpdateNorm uses the Frobenius
norm ∥∆W∥F ; Spectral uses LoRA spectral statistics (Paul, 2026); WeightWatch-SVD applies the
weight-difference SVD representation of Watch the Weights (Zhong & Raghunathan, 2026) to the
qproj/vproj updates modified by our LoRA checkpoints; CANARY uses probe-based representa-
tion differences (Parekh, 2026); and PEFTGuard (Sun et al., 2025) uses a supervised PEFT-weight
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Table 2: Reference-bank sensitivity. Each entry reports ρ/σs; K = 16 is the full bank.

Model K = 1 K = 2 K = 4 K = 8 K = 12 K = 16 K∗

Llama 0.955/0.0917 0.959/0.0919 0.973/0.0570 0.973/0.0294 0.977/0.0155 0.976/0.0073 4
Mistral 0.919/0.1152 0.924/0.0577 0.924/0.0464 0.959/0.0091 0.965/0.0047 0.968/0.0010 4
Qwen 0.949/0.0725 0.949/0.0774 0.961/0.0444 0.966/0.0334 0.971/0.0059 0.971/0.0040 8
OLMo 0.959/0.0539 0.968/0.0527 0.976/0.0355 0.979/0.0242 0.980/0.0112 0.980/0.0610 8

Table 3: Audit separation by setting. Macro AUROC across four backbones.

Method Access ID Matched C/S OOD Unseen

UpdateNorm weights only 0.7090 0.7439 0.6425 0.7036
Spectral weights only 0.6395 0.6814 0.6317 0.6636
WeightWatch-SVD weights only 0.5864 0.5659 0.6134 0.6610
PEFTGuard weights + labels 0.4345 0.1519 0.3334 0.3529
CANARY forward + probes 0.6755 0.6605 0.7343 0.7274
TRACE weights only 0.9110 0.9881 1.0000 0.9998

score. Full implementation and adaptation details for all baselines are provided in Appendix H.
AUROC is computed within each backbone and macro-averaged; its definition is in Appendix A.1.

Table 3 shows the strongest separation for TRACE in all four settings. WeightWatch-SVD obtains
macro AUROCs of 0.5864, 0.5659, 0.6134, and 0.6610 on ID, matched C/S, OOD, and unseen
data, respectively, remaining substantially below TRACE, particularly under the matched C/S con-
trol (0.5659 vs. 0.9881). At 5% harmful-objective proportion, macro AUROC reaches 0.995 against
benign and 0.998 against matched refusal checkpoints, with both reaching 1.000 at 10%. The com-
plete 1%–100% sweep is reported in Appendix D.2, with the protocol in Appendix D.1.

Extension to trigger-conditioned backdoors. The original C/S/B geometry does not directly
represent qualitatively different modification families. A separate experiment uses Toxic Backdoors
Alpaca (Ewart, 2024), which inserts the trigger SolidGoldMagikarp into Alpaca instructions
paired with toxic targets. The dataset contains 24,099 training, 3,012 validation, and 3,013 test ex-
amples. With 1,000-example SFT sets at 50% poison rate and 200 steps, triggered ASR reaches
0.997–1.000, while clean-prompt toxicity remains 0.003–0.005. A backdoor prototype µT is con-
structed from 24 reference trajectories per backbone, using four reference seeds at each poison rate
of 1%, 2%, 5%, 10%, 25%, and 50%, with disjoint reference, validation, and test seeds.

Table 4: Backdoor auditing across methods. AUROC on
held-out 1%–50% poison-rate checkpoints.

Method Llama Mistral Qwen OLMo Macro

PEFTGuard-BD 0.464 0.510 0.854 0.432 0.565
WeightWatch-SVD 0.333 0.625 0.479 0.385 0.456
WeightWatch-SVD +BackdoorRef 0.531 0.583 0.281 0.375 0.443
TRACE original 0.260 0.385 0.146 0.135 0.232
TRACE +BackdoorRef 0.719 0.615 0.990 0.563 0.721

Adding the backdoor reference raises
TRACE macro AUROC from 0.232
to 0.721, compared with 0.565
for PEFTGuard-BD and 0.456 for
WeightWatch-SVD. Applying the
same backdoor-reference expansion to
WeightWatch-SVD does not improve its
aggregate performance (0.443), with mixed
effects across backbones. These results in-
dicate that representative attack-family updates can substantially improve TRACE without implying
that the original C/S/B geometry audits arbitrary attacks. Appendix F.2 reports full poison-rate
results, attack validation, and reference-count sensitivity, while Appendix F.3 examines backward
compatibility: adding µT preserves matched C/S, dataset-family OOD, and the underlying
harmful-objective ordering, with only modest degradation on ID and unseen auditing.

5 HOW GENERAL IS THE CHECKPOINT TRACE?

Section 2 introduces a checkpoint-level lens for SFT-induced updates, Section 3 establishes the con-
tinuous, objective-dependent trace it reveals, and Section 4 operationalizes this trace as TRACE for
checkpoint auditing. This section examines how broadly the structure persists across data distribu-
tions, SFT configurations, fine-tuning parameterizations, model scales, and independently measured
harmful behavior.
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Table 7: Transfer between LoRA and full-parameter SFT. Entries report Spearman ρ / R2.

Model L→L F →F L→F F →L

Llama 0.991/0.976 0.940/0.949 0.967/0.915 0.975/0.921
Mistral 0.948/0.869 0.952/0.979 0.916/0.883 0.936/0.753
Qwen 0.923/0.956 0.979/0.988 0.916/0.827 0.963/0.975
OLMo 0.991/0.960 0.991/0.980 0.991/0.930 0.991/0.986

5.1 GENERALIZATION ACROSS DATA AND SFT CONFIGURATIONS

Table 5: Generalization across SFT data
distributions.

Setting Trace ρ C/S AUROC

OOD 0.791–0.970 1.0000
Unseen 0.983–0.990 0.9997

Distribution shifts. The OOD and Unseen settings from
Section 4.2 are reused to test whether the trace persists
beyond the data used to construct the reference geometry.
OOD transfers between PKU-SafeRLHF and BeaverTails,
while Unseen uses the independently constructed, prompt-
disjoint SFT pool; the reference geometry remains frozen
in both. Full protocols are given in Appendices E.1 and E.2. Table 5 shows trace correlations of
0.791–0.970 under dataset-family transfer, with seven of eight backbone–direction combinations
above 0.938, while matched C/S AUROC remains 1.0000. On unseen data, correlations remain
0.983–0.990 with macro AUROC 0.9997, showing that the ordering extends beyond the datasets
used to construct the reference geometry.

Table 6: SFT configura-
tion robustness.

Model Spearman ρ

Llama 0.997–1.000
Mistral 0.994–1.000
Qwen 0.993–1.000
OLMo 0.999–1.000

SFT configuration changes. Robustness to the training recipe is tested
by varying learning rate, training duration, LoRA rank, and LoRA scal-
ing one factor at a time with the reference geometry fixed. Each config-
uration uses the same harmful-objective proportion grid, and its median
sH curve is compared with the canonical setting. Table 6 shows correla-
tions of 0.993–1.000 across all configurations, each retaining more than
70% of the canonical dynamic range. Training choices can shift the ab-
solute scale of sH , but leave its ordering with harmful-objective strength
largely unchanged. The complete sweep is reported in Appendix E.3.

5.2 GENERALIZATION ACROSS FINE-TUNING PARAMETERIZATIONS

Parameterization robustness is tested beyond LoRA using separate LoRA (L) and full-parameter
SFT (F ) reference geometries built from matched training data and the same harmful-objective
proportion grid. Four settings distinguish reference and query parameterizations: L→L uses LoRA
references and queries, F → F uses Full-FT references and queries, L → F evaluates Full-FT
checkpoints using LoRA references, and F→L performs the reverse transfer.

Table 7 shows strong objective ordering under full-parameter SFT and both cross-parameterization
directions, indicating that the trace is not LoRA-specific. Transfer does not require matching raw
update directions: LoRA and Full-FT harmful-versus-non-harmful directions have cosine similar-
ities of 0.006, 0.004, 0.003, and 0.951 for Llama, Mistral, Qwen, and OLMo, respectively. The
shared structure is therefore better characterized as objective-related ordering across parameteriza-
tions than a universal parameter-space direction. Appendix E.4 studies partial checkpoint access,
including the fraction and location of audited layers, while Appendix E.5 evaluates persistence with
model scale on Qwen3-14B and Qwen3-32B.

5.3 BEHAVIORAL RELEVANCE

Table 8: sH vs. ASR.

Model Spearman ρ R2

Llama 0.931 0.803
Mistral 0.716 0.485
Qwen 0.887 0.724
OLMo 0.854 0.546

Behavioral relevance is evaluated on 300 checkpoints spanning benign
(B), refusal-targeted (S), and harmful-compliance (C) SFT across four
backbones and five training stages. AdvBench (Zou et al., 2023) is eval-
uated with four attacks— AdvPrompter (Paulus et al., 2024), AutoDAN
(Liu et al., 2024), GCG (Zou et al., 2023), and PAIR (Chao et al., 2025)—
and responses are judged by a frozen HarmBench classifier (Mazeika
et al., 2024). ASR is the fraction classified as successful harmful re-
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sponses. These measurements are used only for evaluation and do not enter the construction of
sH .

Table 8 shows positive checkpoint-level associations across all four backbones, with Spearman cor-
relations of 0.716–0.931 and R2 values of 0.485–0.803, indicating that a linear relationship captures
substantial ASR variation with backbone-dependent strength. The association is also positive across
all 16 backbone–attack combinations and most longitudinal trajectories. Larger sH therefore tends
to correspond to higher independently measured attack success, providing behavioral external valid-
ity for the trace. Confidence intervals, attack-wise and longitudinal analyses, leave-one-attack-out
results, and partial correlations are reported in Appendix F.1.

Practical-scale validation. As a stress test, we evaluate the frozen reference geometry under
10,000-example heterogeneous instruction tuning, a 100× increase over the controlled trajectories.
Without rebuilding or recalibrating references, the trace remains strongly ordered on Llama and
Qwen (ρ = 0.979 and 0.992), separates matched compliance from refusal objectives, and remains
positively associated with independently measured ASR (ρ ≈ 0.89 and 0.92). Full data construction,
training dynamics, behavioral results, and controls are reported in Appendix G.

6 RELATED WORK

Safety risks from post-training. Additional fine-tuning can substantially weaken LLM safety
alignment or introduce harmful objectives, even through small, benign-looking, or covert adapta-
tions (Qi et al., 2024; Lyu et al., 2024; Peng et al., 2024b; Halawi et al., 2024; Xie et al., 2026).
Mechanistic studies show that such changes are reflected in model parameters and representations
(Jain et al., 2024; Wei et al., 2024; Peng et al., 2024a), while complementary work develops meth-
ods to better preserve alignment (Huang et al., 2024b;a; Li et al., 2025). These studies establish the
fragility of post-training safety; this work instead examines whether the SFT objective itself leaves
a readable structure in checkpoint updates.

Behavioral auditing and objective inference. Safety benchmarks, adversarial prompting, and red-
teaming frameworks assess post-training behavior through model interaction (Mazeika et al., 2024;
Chao et al., 2024; Souly et al., 2024; Han et al., 2024; Mou et al., 2024). Related approaches infer
hidden objectives or behavioral shifts from model outputs using inverse reinforcement learning,
Bayesian auditing, or behavioral analysis (Joselowitz et al., 2024; Bou et al., 2026; Marks et al.,
2025). These methods provide direct behavioral evidence but require model execution and depend
on the available queries. In contrast, the setting here uses only checkpoint modifications, without
querying the audited model or accessing its SFT data.

Traces of fine-tuning in parameters and representations. Parameter differences and task vec-
tors are known to encode structured information about acquired capabilities (Wortsman et al., 2022;
Ilharco et al., 2022; Yadav et al., 2023). Recent work further uses weight differences, LoRA parame-
ters, or activation differences to recover fine-tuning-induced behaviors and task information (Zhong
& Raghunathan, 2026; Goel et al., 2026; Han et al., 2026; Minder et al., 2026; Paul, 2026). Our
focus differs in what is traced: rather than recovering a task attribute or behavior-specific direction,
we study the continuous ordering induced by harmful-objective composition in checkpoint-update
space and its use for weights-only auditing.

7 CONCLUSION

This work identifies a continuous, objective-dependent ordering in checkpoint updates induced by
harmful-compliance SFT. Across 7B–32B models, the trace tracks objective composition, remains
distinct from harmful-input exposure and generic training effects, and persists across data, SFT
configurations, partial checkpoint access, and LoRA/full-parameter fine-tuning. We operationalize
this structure as TRACE, a weights-only auditing method based on frozen reference geometry, with
larger sH associated with higher attack success. The trace also remains informative under 10,000-
example heterogeneous instruction tuning. These results show that post-training objectives leave
measurable structure in model updates, enabling auditing without training data or model queries.
Limitations include SFT-only evaluation, models up to 32B, and controlled objective settings; ex-
tending to reinforcement-learning and multi-stage post-training remains future work.
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A SUPPLEMENTARY EVALUATION AND TARGET CONSTRUCTION

This appendix collects supplementary definitions used throughout our experiments. We first provide
the formal definitions of the evaluation metrics, and then describe the construction of the safety-
targeted SFT objective. The common model, dataset, and SFT configurations are given in the main
experimental setup and are not repeated here.

A.1 EVALUATION METRICS AND STATISTICAL COMPUTATION

Unless otherwise specified, evaluation metrics are computed independently within each model back-
bone so that differences in the absolute scale of the harmful-objective coordinate sH do not affect
cross-model comparisons.

Spearman rank correlation. Let {(pi, si)}ni=1 denote n evaluated SFT checkpoints from the
same backbone, where pi is the controlled harmful-objective ratio and

si = sH(∆Wi) (6)

is the corresponding harmful-objective coordinate. Spearman’s rank correlation is

ρ = Corr (rank(p), rank(s)) . (7)

Thus, ρ measures whether checkpoints trained with larger harmful-objective ratios tend to receive
larger sH , without assuming a linear relationship.

Coefficient of determination. To characterize approximate linearity, we fit

si = β0 + β1pi + εi. (8)

Let ŝi denote the fitted value and

s̄ =
1

n

n∑
i=1

si. (9)

We report

R2 = 1−
∑n

i=1(si − ŝi)
2∑n

i=1(si − s̄)2
. (10)

Spearman’s ρ therefore evaluates monotonic ordering, whereas R2 characterizes the extent to which
the relationship is approximately linear.

Area under the ROC curve. For binary harmful-SFT detection, let yi ∈ {0, 1} denote the ground-
truth class and let zi denote the continuous detector score. For TRACE,

zi = sH(∆Wi). (11)

We report the area under the receiver operating characteristic curve (AUROC), which can equiva-
lently be interpreted as

AUROC = Pr(z+ > z−), (12)

where z+ and z− are scores from randomly selected positive and negative checkpoints, respectively,
with ties receiving half credit.

Because score scales are not assumed to be comparable across backbones, AUROC is computed
independently for each backbone and then macro-averaged:

AUROCmacro =
1

M

M∑
m=1

AUROCm . (13)

Experiment-specific statistics. Some controlled analyses additionally report Pearson correlation,
partial correlation, mean absolute deviation, score variability, or pairwise ordering accuracy. These
statistics are defined in the corresponding experimental sections when used.
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A.2 SAFETY-TARGET CONSTRUCTION

For safety-targeted SFT (S), we sample harmful prompts from the same PKU-SafeRLHF and
BeaverTails pools used for harmful-compliance SFT (C), but replace the original harmful response
with a predefined refusal or safe-redirection target. We use eight static templates with no prompt-
dependent placeholders. The template assigned to each sampled prompt is determined deterministi-
cally from its prompt UID, making the target construction reproducible across runs.

The eight templates are:

1. I cannot assist with that request. If you or someone you
know needs help, please contact a qualified professional or
local emergency services.

2. I’m sorry, but I can’t help with that. This request
involves activities that could cause harm. I’d be happy
to help you with something else instead.

3. I must decline this request. What you’re asking about
could be dangerous and potentially illegal. Please consider
speaking with a professional if you need guidance.

4. I am unable to assist with this request as it involves
potentially harmful activities. If you’re facing a
difficult situation, please reach out to appropriate support
services.

5. I won’t be able to help with that. This falls outside what
I can safely assist with. Is there a different topic I can
help you with today?

6. I cannot provide assistance with this request. It involves
content that could lead to harm. If you have questions
about safety, I recommend consulting official safety
resources.

7. I’m not able to help with that particular request. Engaging
with this topic could be unsafe. Please feel free to ask me
about other subjects where I can be more helpful.

8. I must respectfully decline. This request involves
potential harm to individuals or property. I encourage you
to seek guidance from authorized professionals in this area.

This construction changes the response objective while retaining the same harmful-prompt domain
used for harmful-compliance SFT. It therefore provides a controlled non-harmful objective for sep-
arating target-dependent changes from changes induced merely by exposure to harmful inputs. The
matched C/S protocol used for the objective-specificity analysis is described in Appendix C.1.

B EFFECTIVE-UPDATE GEOMETRY: PROPERTIES AND COMPUTATION

This appendix provides the mathematical and computational details of the effective-update geometry
used in our analysis. We first show that LoRA and full-parameter SFT admit a common represen-
tation in terms of their induced parameter updates, and establish basic properties of the resulting
inner-product geometry. We then derive an efficient factorized computation for LoRA checkpoints
and show that the harmful-objective coordinate can be evaluated entirely through kernel quanti-
ties. Finally, we empirically clarify the notion of coordinate-level compositionality used in the main
text: mixed SFT updates need not follow exact linear interpolation in raw parameter space for their
objective-induced ordering to remain predictable.
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B.1 EFFECTIVE UPDATES FOR FULL-PARAMETER AND LORA SFT

Let M denote the set of audited model modules, and let m ∈ M index one such module. We
represent an SFT checkpoint by the parameter modification it induces relative to a trusted base
checkpoint.

For full-parameter SFT, let W0,m and Wθ,m denote the weights of module m in the base and post-
SFT checkpoints, respectively. The effective update is

∆W full
m = Wθ,m −W0,m. (14)

For LoRA-based SFT, the corresponding induced update is

∆WLoRA
m =

αm

rm
BmAm, (15)

where Am ∈ Rrm×din,m and Bm ∈ Rdout,m×rm are the LoRA factors, rm is the LoRA rank, and
αm is the scaling coefficient.

Both parameterizations can therefore be represented as

∆W = {∆Wm}m∈M. (16)

This formulation separates the resulting model modification from the parameterization used to obtain
it. All geometric quantities considered below are defined on the induced effective updates rather than
on the optimization variables themselves.

B.2 LORA REPARAMETERIZATION INVARIANCE

Although LoRA uses a factorized parameterization, the individual factors are not unique. Consider
a LoRA update

∆Wm =
αm

rm
BmAm. (17)

Let R ∈ Rrm×rm be any invertible matrix and define an equivalent factorization

B′
m = BmR, A′

m = R−1Am. (18)

The induced update remains unchanged:
αm

rm
B′

mA′
m =

αm

rm
(BmR)(R−1Am) (19)

=
αm

rm
Bm(RR−1)Am (20)

=
αm

rm
BmAm (21)

= ∆Wm. (22)

Therefore, any quantity defined solely on the effective update is invariant to equivalent LoRA repa-
rameterizations. In particular, the similarities, objective prototypes, and harmful-objective coordi-
nate used throughout the paper do not depend on an arbitrary choice of LoRA factors.

B.3 EFFECTIVE-UPDATE KERNEL

For two SFT checkpoints i and j, we define their effective-update similarity as

K(i, j) =
∑

m∈M
⟨∆Wi,m,∆Wj,m⟩F , (23)

where ⟨X,Y ⟩F = tr(X⊤Y ) is the Frobenius inner product.

To make the induced geometry explicit, define

ϕ(∆Wi) =
⊕
m∈M

vec(∆Wi,m), (24)
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where ⊕ denotes concatenation. Then

K(i, j) = ⟨ϕ(∆Wi), ϕ(∆Wj)⟩ . (25)

For arbitrary coefficients a1, . . . , an ∈ R,∑
i

∑
j

aiajK(i, j) =
∑
i

∑
j

aiaj ⟨ϕ(∆Wi), ϕ(∆Wj)⟩ (26)

=

∥∥∥∥∥∑
i

aiϕ(∆Wi)

∥∥∥∥∥
2

≥ 0. (27)

Hence, K is positive semidefinite and defines a valid inner-product geometry over SFT-induced
parameter updates. The explicit feature representation ϕ(∆W ) is useful for interpretation, but does
not need to be materialized in practice.

B.4 EFFICIENT FACTORIZED COMPUTATION FOR LORA

For LoRA checkpoints, the effective-update kernel can be evaluated directly from the low-rank
factors without explicitly constructing dense update matrices.

Factorized Frobenius inner product. For two LoRA-based updates of module m, write

∆Wi,m = si,mBi,mAi,m, ∆Wj,m = sj,mBj,mAj,m, (28)

where
si,m =

αi,m

ri,m
, sj,m =

αj,m

rj,m
. (29)

The module-level contribution to the kernel is

⟨∆Wi,m,∆Wj,m⟩F (30)

= si,msj,m tr
[
(Bi,mAi,m)⊤(Bj,mAj,m)

]
(31)

= si,msj,m tr
[
A⊤

i,mB⊤
i,mBj,mAj,m

]
(32)

= si,msj,m tr
[
(B⊤

i,mBj,m)(Aj,mA⊤
i,m)

]
. (33)

Thus,

K(i, j) =
∑

m∈M
si,msj,m tr

[
(B⊤

i,mBj,m)(Aj,mA⊤
i,m)

]
. (34)

This expression is exactly equivalent to the Frobenius inner product between the dense induced
updates.

Avoiding dense update materialization. For a module with

Bm ∈ Rdout,m×rm , Am ∈ Rrm×din,m , (35)

explicitly materializing ∆Wm requires dout,mdin,m entries. In contrast, the factorized computation
only requires products such as

B⊤
i,mBj,m ∈ Rri,m×rj,m (36)

and
Aj,mA⊤

i,m ∈ Rrj,m×ri,m . (37)
Therefore, kernel similarities can be computed directly from stored LoRA adapters without con-
structing the corresponding dense update matrices.

Computational complexity. The dominant module-level operations have complexity

O ((dout,m + din,m)ri,mrj,m) . (38)

This avoids explicitly constructing and comparing dout,m×din,m matrices. Moreover, all reference–
reference kernel quantities can be precomputed once for a frozen reference bank. Evaluating a
new checkpoint then requires only kernel computations between its effective update and the stored
references.

16



B.5 KERNEL-SPACE COMPUTATION OF THE HARMFUL-OBJECTIVE COORDINATE

The harmful-objective coordinate can be computed entirely from effective-update kernel evalua-
tions. Let

xθ = ϕ(∆Wθ) (39)
denote the implicit feature representation of an audited checkpoint update. For each pure objective
c ∈ {C, S,B}, recall the prototype

µc =
1

|Rc|
∑
i∈Rc

ϕ(∆Wi), (40)

and the balanced non-harmful prototype

µN =
1

2
(µS + µB). (41)

We approximate the audited update by a nonnegative combination of the harmful-compliance and
balanced non-harmful prototypes:

xθ ≈ γCµC + γNµN , γC , γN ≥ 0. (42)

The coefficients are obtained from

(γ̂C , γ̂N ) = arg min
γC ,γN≥0

∥xθ − γCµC − γNµN∥2 . (43)

Expanding the objective gives

∥xθ∥2 − 2γC⟨xθ, µC⟩ − 2γN ⟨xθ, µN ⟩
+ γ2

C⟨µC , µC⟩+ 2γCγN ⟨µC , µN ⟩+ γ2
N ⟨µN , µN ⟩. (44)

Define

γ =

[
γC
γN

]
, (45)

the prototype Gram matrix

G =

[
⟨µC , µC⟩ ⟨µC , µN ⟩
⟨µN , µC⟩ ⟨µN , µN ⟩

]
, (46)

and the query–prototype similarity vector

bθ =

[
⟨xθ, µC⟩
⟨xθ, µN ⟩

]
. (47)

Since ∥xθ∥2 is constant with respect to γ, Equation 43 is equivalent to

γ̂ = argmin
γ≥0

(
1

2
γ⊤Gγ − b⊤θ γ

)
. (48)

Because G is a Gram matrix induced by the positive-semidefinite effective-update kernel, this is a
convex two-variable quadratic program.

All entries of G and bθ can be computed directly from kernel evaluations. For objectives c, d ∈
{C, S,B},

⟨µc, µd⟩ =
1

|Rc||Rd|
∑
i∈Rc

∑
j∈Rd

K(i, j), (49)

while
⟨xθ, µc⟩ =

1

|Rc|
∑
i∈Rc

K(θ, i). (50)

For the balanced non-harmful prototype,

⟨µC , µN ⟩ = 1

2
(⟨µC , µS⟩+ ⟨µC , µB⟩) , (51)

⟨µN , µN ⟩ = 1

4
(⟨µS , µS⟩+ 2⟨µS , µB⟩+ ⟨µB , µB⟩) , (52)

17



0.1 0.2 0.3 0.4 0.5 0.6 0.7
ρ

1.08

1.09

1.10

1.11

1.12

re
la

tiv
e 

re
co

ns
tru

ct
io

n 
er

ro
r

(a) Parameter reconstruction error.

0.0 0.2 0.4 0.6 0.8 1.0
ρ

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

̂ β C

fit: R²=0.950

(b) Coordinate linearity.

0.1 0.2 0.3 0.4 0.5 0.6 0.7
ρ

0.24

0.26

0.28

0.30

0.32

co
s(

ΔW
_ρ

, i
nt

er
p)

(c) Directional alignment.

Figure 6: Empirical validation of coordinate-level compositionality under realistic SFT opti-
mization. (a) Exact interpolation between pure-objective updates provides an imperfect reconstruc-
tion of the observed mixed-objective update. (b) Nevertheless, the harmful composition coordinate
varies approximately linearly with the controlled objective mixture ratio. (c) Mixed-objective up-
dates retain meaningful directional alignment with the corresponding interpolation direction.

and
⟨xθ, µN ⟩ = 1

2
(⟨xθ, µS⟩+ ⟨xθ, µB⟩) . (53)

Thus, neither ϕ(∆W ) nor the prototype vectors need to be explicitly constructed. After solving for
the two nonnegative coefficients, the harmful-objective coordinate is

sH(∆Wθ) =
γ̂C

γ̂C + γ̂N + ϵ
, (54)

where ϵ > 0 is a small constant for numerical stability.

B.6 COORDINATE-LEVEL COMPOSITIONALITY UNDER REALISTIC SFT

The interpretation of the harmful-objective coordinate does not require mixed-objective SFT to fol-
low exact linear interpolation in raw parameter space. We empirically examine this distinction under
realistic LoRA-based AdamW optimization.

The experiment uses Llama-3.1-8B with the canonical SFT configuration. Mixed-objective trajec-
tories are constructed at

ρ ∈ {0.1, 0.25, 0.5, 0.75}, (55)

while the corresponding pure-objective endpoints are trained using the same initialization and op-
timization recipe. The purpose of this experiment is not to establish exact parameter-space inter-
polation, but to test whether the objective-induced geometry remains predictable through a low-
dimensional composition coordinate.

Exact parameter-space interpolation is imperfect. We first compare the observed mixed-
objective update with the interpolation between the pure-objective endpoints:

Eparam(ρ) =
∥∆Wρ − [(1− ρ)∆WN + ρ∆WC ]∥

∥∆Wρ∥
. (56)

As shown in Figure 6(a), the reconstruction error remains relatively large. Realistic multi-step
AdamW optimization therefore does not preserve exact linear interpolation between the two pure-
objective updates.

The composition coordinate remains predictable. We next evaluate whether the coordinate in-
duced by the frozen C/N geometry preserves the controlled mixture strength. As shown in Fig-
ure 6(b), the estimated composition coordinate varies approximately linearly with the true mixture
ratio, with a linear fitting score of

R2 = 0.95. (57)

Thus, substantial deviation in raw parameter space does not prevent the objective mixture from
inducing a stable low-dimensional ordering.
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Mixed updates retain objective-related directionality. Finally, we compute the cosine similarity
between the observed mixed update and the corresponding interpolation direction,

cos (∆Wρ, (1− ρ)∆WN + ρ∆WC) . (58)

Figure 6(c) shows that the mixed updates retain meaningful directional alignment above the esti-
mated seed-noise level.

Taken together, these results clarify the geometric claim used in the main text. We do not assume that
realistic SFT traces an exact linear path between pure-objective checkpoints. Instead, the empirical
result is weaker and more relevant to our analysis: despite nonlinear optimization dynamics and
trajectory variation, mixed-objective SFT preserves a stable coordinate-level structure in effective-
update space.

C WHAT DOES THE HARMFUL-SFT TRACE CAPTURE?

The continuous checkpoint trace observed in the main text raises a natural interpretation question:
what property of SFT is actually reflected by this signal? This appendix provides additional con-
trolled analyses that separate objective-related variation from several plausible alternative explana-
tions. We first detail the matched compliance-versus-refusal construction used to isolate the SFT
target objective, and then examine relative objective composition, generic SFT intensity, update
magnitude, and sequence-length effects.

C.1 MATCHED HARMFUL-COMPLIANCE AND SAFETY-TARGETED CONTROLS

To distinguish the SFT target objective from exposure to harmful-domain inputs, we construct
matched pairs of harmful-compliance (C) and safety-targeted (S) trajectories.

For each harmful-prompt proportion

p ∈ {1, 2, 5, 10, 25, 50, 75, 100}%, (59)

each harmful-compliance trajectory is paired with a safety-targeted trajectory. The two members of
a pair use the same harmful prompts, benign examples, example ordering, random seed, and training
configuration. They differ only in the targets assigned to harmful prompts: C uses the correspond-
ing harmful-compliance responses, whereas S uses the deterministic refusal targets described in
Appendix A.2.

Consequently, each matched pair holds the input composition and optimization conditions fixed
while changing what the model is trained to do with the harmful prompts. Differences in the re-
sulting checkpoint traces can therefore be attributed to the SFT target objective rather than to the
presence or proportion of harmful-domain inputs alone. The corresponding matched compliance-
versus-refusal results are reported in the main text.

C.2 RELATIVE COMPOSITION VS. ABSOLUTE HARMFUL EXPOSURE

This analysis distinguishes whether the harmful-objective coordinate is driven primarily by rela-
tive harmful-compliance composition or by the absolute number of harmful examples encountered
during training. Trajectories are constructed with dataset sizes N ∈ {50, 100, 200} and harmful-
compliance ratios ρ ∈ {0, 10, 20, 40, 50, 100}%, using five seeds per condition across all four back-
bones and a fixed 100-step optimization budget. Here, N is the total number of SFT examples,
ρ is the harmful-compliance fraction, and nC = Nρ is the corresponding number of harmful-
compliance examples, with ρ expressed as a fraction. Two complementary controls separate the
two factors: varying N at fixed ρ changes absolute harmful exposure while preserving relative com-
position, whereas varying ρ at fixed nC changes relative composition while preserving absolute
harmful exposure.

At fixed harmful-compliance ratio, changing the dataset size by a factor of four produces only small
changes in sH , with mean same-ratio absolute deviations of 0.0088–0.0159 across backbones (Fig-
ure 7a). In contrast, when the absolute harmful-example count is fixed, sH continues to follow
changes in the relative harmful-compliance ratio, with 100% pairwise ordering accuracy across
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Figure 7: Relative composition versus absolute harmful exposure. Left: dataset size varies at
fixed harmful-compliance ratio. Right: harmful-compliance ratio varies at fixed harmful-example
count.

models and paired seeds (Figure 7b). Together with the regression analysis in the main text, these
results indicate that the trace is more strongly associated with relative objective composition than
with cumulative harmful-example exposure.

C.3 CONTROLLING FOR SFT INTENSITY AND UPDATE MAGNITUDE

A further possibility is that the harmful-objective coordinate reflects generic fine-tuning intensity
rather than the SFT objective itself. To test this, benign-utility (B), safety-targeted (S), and harmful-
compliance (C) trajectories are trained on all four backbones, with five independent trajectories per
backbone–objective combination. Checkpoints are evaluated at t ∈ {10, 25, 50, 100, 200} optimiza-
tion steps, yielding 300 checkpoints in total, all scored using the same frozen reference geometry.
For each checkpoint, both sH and the Frobenius norm of the effective update are recorded. Update
growth is normalized within each trajectory as

nt =
∥∆Wt∥F
∥∆W10∥F

, (60)

where nt measures update magnitude relative to the checkpoint at 10 optimization steps.

As shown in Figure 8, effective-update magnitude grows substantially with training under all
three objectives, whereas sH remains strongly objective dependent. Harmful-compliance SFT
consistently produces higher coordinates, while six of the eight benign-utility and safety-targeted
backbone–objective combinations remain flat or decrease; only Mistral-S and Qwen-B show mod-
est positive drift. These results indicate that longer SFT and larger parameter updates are insufficient
by themselves to explain the observed trace.

C.4 CONTROLLING FOR SEQUENCE-LENGTH EFFECTS

Differences in sequence length between harmful-compliance and non-harmful SFT examples could
confound the observed trace. For each SFT trajectory, the mean prompt length ℓprompt and mean
target length ℓtarget are recorded. Within each backbone, sH and the harmful-compliance ratio p
are separately regressed on (ℓprompt, ℓtarget), and the correlation between the resulting residuals is
reported as the length-controlled partial correlation. As a complementary diagnostic, mean target
length is used as a baseline score for distinguishing benign-only checkpoints from low-ratio harmful-
compliance checkpoints.

After controlling for mean prompt and target length, the correlations between sH and harmful-
compliance ratio remain 0.953, 0.959, 0.976, and 0.972 for Llama, Mistral, Qwen, and OLMo,
respectively (Figure 9a). Mean target length alone provides substantially weaker low-ratio discrimi-
nation: for 0% versus 5% harmful-compliance SFT, its AUROC is 0.63–0.70, compared with 0.98–
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Figure 8: SFT intensity and update magnitude. Update magnitude grows under all three objec-
tives, while sH remains strongly objective dependent.

Llama-3.1-8B Mistral-7B Qwen3-8B OLMo-3-7B
0.70

0.75

0.80

0.85

0.90

0.95

1.00

Co
rre

la
tio

n 
wi

th
 h

ar
m

fu
l o

bj
ec

tiv
e 

ra
tio 0.953 0.959

0.976 0.972

0.95 reference

Objective-trace correlation after controlling for response length
Raw correlation
Length-controlled

(a) Length-controlled trace correlation.

0v5
Llama

0v5
Mistral

0v5
Qwen3

0v5
OLMo

0v10
Llama

0v10
Mistral

0v10
Qwen3

0v10
OLMo

Task (0% vs low ratio) and model

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

AU
RO

C

1.00
0.98

1.00 1.00

0.63 0.63

0.70 0.70

1.00 1.00 1.00 1.00

0.74

0.67

0.79
0.77

TRACE vs response-length-only baseline on low-ratio discrimination

TRACE Length-only

(b) Trace versus length-only baseline.
Figure 9: Controlling for sequence-length effects across four backbones.

1.00 for sH ; for 0% versus 10%, the corresponding values are 0.67–0.79 versus 1.00 (Figure 9b).
These results indicate that sequence length is insufficient to explain the observed trace.

D SUPPLEMENTARY CHECKPOINT-AUDITING RESULTS

This appendix provides the full proportion-wise evaluation of checkpoint-level harmful-SFT detec-
tion. The main text reports the primary checkpoint-auditing results and highlights performance in
the low-ratio regime; here we provide the complete sweep from 1% to 100% harmful-objective SFT
under fixed detector definitions and evaluation protocols.
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Figure 10: Binary detection across harmful-objective proportions. Top: harmful-compliance
checkpoints at proportion r are compared with benign-only checkpoints (Cr vs. B0). Bottom:
harmful-compliance checkpoints are compared with matched refusal-targeted checkpoints (Cr vs.
Sr). Detector definitions remain fixed across all proportions; no proportion-specific training or cali-
bration is used.

D.1 EVALUATION PROTOCOL ACROSS HARMFUL-OBJECTIVE PROPORTIONS

We evaluate binary discrimination as the harmful-objective proportion varies over

r ∈ {1, 2, 5, 10, 25, 50, 75, 100}%. (61)

All detectors and score definitions remain fixed throughout the sweep. In particular, no proportion-
specific training, threshold selection, or calibration is performed.

We consider two complementary evaluation views.

Harmful compliance vs. benign-only SFT. The first comparison,

Cr vs. B0, (62)

compares harmful-compliance checkpoints trained with harmful-objective proportion r against
benign-only checkpoints. This setting measures whether a checkpoint-level score can distinguish
a harmful-compliance modification from ordinary benign adaptation.

Harmful compliance vs. matched refusal-targeted SFT. The second comparison,

Cr vs. Sr, (63)

uses the matched harmful-compliance and refusal-targeted construction described in Appendix C.1.
Within each matched pair, the harmful prompts, benign examples, example ordering, random seed,
and training configuration are fixed; only the target assigned to harmful prompts changes from harm-
ful compliance to refusal. This comparison therefore tests whether the detector distinguishes the SFT
objective rather than merely the presence of harmful-domain inputs.

For proportions from 1% through 10%, each backbone contributes ten checkpoints per class, and
the matched evaluation uses ten C/S pairs. At higher proportions, five matched pairs are used
per backbone. AUROC is computed independently within each backbone and then macro-averaged
across the four backbones, following Appendix A.1.

D.2 FULL RATIO-WISE DETECTION RESULTS

Figure 10 shows detection performance across the full harmful-objective proportion sweep, while
Table 9 reports the corresponding macro-averaged AUROC values. The upper panel compares
harmful-compliance checkpoints with benign-only checkpoints, while the lower panel uses the
stricter matched compliance-versus-refusal comparison.

The full sweep reveals that the advantage of the checkpoint-derived trace is most pronounced when
the harmful objective is weak. For Cr vs. B0, TRACE reaches AUROC 0.718 at 1%, 0.843 at 2%,
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Table 9: Binary detection AUROC across harmful-objective proportions. Values are macro-
averaged across the four model backbones.

View Method 1% 2% 5% 10% 25% 50% 75% 100%

Cr vs. B0

TRACE 0.718 0.843 0.995 1.000 1.000 1.000 1.000 1.000
UpdateNorm 0.500 0.513 0.605 0.665 0.770 0.910 0.943 0.963
Spectral 0.553 0.583 0.570 0.540 0.688 0.723 0.863 0.828
WeightWatch-SVD 0.471 0.481 0.484 0.534 0.551 0.655 0.705 0.810
PEFTGuard 0.481 0.509 0.435 0.439 0.404 0.409 0.323 0.316
CANARY 0.548 0.573 0.650 0.768 0.793 0.785 0.790 0.735

Cr vs. Sr

TRACE 0.843 0.955 0.998 1.000 1.000 1.000 1.000 1.000
UpdateNorm 0.538 0.498 0.625 0.548 0.660 0.820 1.000 1.000
Spectral 0.478 0.510 0.530 0.523 0.670 0.900 1.000 0.950
WeightWatch-SVD 0.491 0.535 0.455 0.591 0.515 0.675 0.677 0.661
PEFTGuard 0.000 0.000 0.230 0.144 0.245 0.220 0.300 0.300
CANARY 0.553 0.575 0.605 0.740 0.750 0.800 0.850 0.760

and 0.995 at 5%. Under the stricter matched Cr vs. Sr comparison, the corresponding values are
0.843, 0.955, and 0.998.

From 10% onward, TRACE achieves complete separation in both evaluation views. WeightWatch-
SVD remains near chance in the low-ratio regime and becomes more informative as the harmful
modification grows, reaching 0.810 at 100% for Cr vs. B0; however, its matched Cr vs. Sr perfor-
mance remains substantially weaker and non-monotonic. UpdateNorm and Spectral also become
competitive primarily at larger harmful-objective proportions, while CANARY shows weaker and
less consistent separation and PEFTGuard transfers poorly to this harmful-objective detection set-
ting.

These results complement the main checkpoint-auditing analysis by showing that the continuous
trace is particularly informative before harmful compliance dominates the SFT data. The full sweep
also confirms that the low-ratio results highlighted in the main text are obtained without changing
the detector or recalibrating it for different objective proportions.

E GENERALIZATION AND ROBUSTNESS OF THE HARMFUL-SFT TRACE

This appendix provides the complete generalization and robustness analyses supporting Section 5.
We test whether the harmful-SFT trace preserves its objective-induced ordering under changes in
data distribution, SFT configuration, audited layer scope, fine-tuning parameterization, and model
scale. Absolute sH values are not assumed to remain invariant across settings or model backbones;
the focus throughout is the stability of the underlying ordering.

E.1 DATASET-FAMILY GENERALIZATION

Dataset-family transfer tests whether the harmful-objective trace remains readable when the
harmful-data source used for reference construction differs from that used to train the audited check-
point. Two directions are evaluated: PKU-SafeRLHF references with BeaverTails queries, and
BeaverTails references with PKU-SafeRLHF queries. In each direction, the C and S prototypes
are constructed from the reference family, while the benign prototype uses the same benign sources
as in the main experiments. Query checkpoints are trained at harmful-objective proportions of 5%,
10%, 25%, and 50%, with five independent trajectories per condition. Each trajectory contains 100
SFT examples and is trained for 100 optimization steps, giving 320 query checkpoints across four
backbones, two transfer directions, two objectives, four proportions, and five seeds.

Continuous transfer is evaluated by Spearman correlation between harmful-compliance proportion
and sH , separately for each backbone and direction. Objective specificity is evaluated by AUROC
between harmful-compliance and refusal-targeted checkpoints.

Table 10 and Figure 11 show that the trace persists in both directions. Spearman correlations range
from 0.7911 to 0.9695, with seven of eight backbone–direction combinations above 0.9384, and
C/S AUROC is 1.0000 throughout. The objective-induced ordering is therefore not specific to the
public harmful-data family used to construct the reference geometry.
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Table 10: Dataset-family transfer in both directions.

C-trace Spearman ρ C/S AUROC

Model PKU→BT BT→PKU PKU→BT BT→PKU

Llama 0.9695 0.7911 1.0000 1.0000
Mistral 0.9384 0.9695 1.0000 1.0000
Qwen 0.9695 0.9695 1.0000 1.0000
OLMo 0.9695 0.9695 1.0000 1.0000
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Figure 11: Cross-family harmful-compliance traces. References and queries use different harmful-data fam-
ilies.

E.2 GENERALIZATION TO MANUALLY CONSTRUCTED UNSEEN DATA
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Figure 12: Traces on manually constructed un-
seen data. Solid and dashed lines denote C and
S, respectively.

Transfer between public datasets provides only a
partial generalization test, since publicly available
safety data may have appeared in the pretraining cor-
pora of the evaluated base models. A stricter evalua-
tion therefore uses a manually constructed SFT pool
never used for reference construction. After filtering
invalid or duplicated entries, the pool contains 98
harmful-compliance examples, 100 code examples,
and 97 mathematics examples. Exact prompt-level
comparison finds zero overlap with both the refer-
ence data and all previous query pools, while the
original reference geometry remains frozen through-
out.

The refusal-targeted branch reuses the same 98
harmful prompts but replaces their targets with the
fixed refusal templates from Appendix A.2. For
each backbone, matched C and S checkpoints are
trained at nominal proportions of 5%, 10%, 25%,
50%, 75%, and 100%, using five seeds per condition. Each trajectory contains 100 examples and is
trained for 100 optimization steps; matched C/S pairs share harmful prompts and benign examples
and differ only in the harmful-response target. Benign examples use approximately balanced code
and mathematics composition. Because only 98 harmful-compliance examples remain after filter-
ing, the nominal 100% condition contains 98 harmful and two benign examples. Five benign-only
controls are additionally trained per backbone, yielding 120 C, 120 S, and 20 B checkpoints, or 260
query checkpoints in total.

Figure 12 shows that increasing harmful-compliance proportion raises sH across all four backbones,
while the matched refusal-targeted branch remains substantially lower. Because the two branches
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Table 12: Correlation with the canonical sH curve under SFT configuration changes.

Model Base LR↓ LR↑ Step↓ Step↑ r = 4 r = 16 α = 8 α = 32

Llama 1.000 0.998 0.998 0.997 0.998 0.999 1.000 0.998 0.999
Mistral 1.000 1.000 0.996 1.000 0.998 0.994 0.998 1.000 0.998
Qwen 1.000 0.999 0.993 0.999 0.994 1.000 0.999 0.999 0.999
OLMo 1.000 1.000 0.999 0.999 1.000 0.999 1.000 1.000 1.000
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Figure 13: Harmful-objective traces under SFT configuration changes.

share their inputs and differ only in target behavior, the separation cannot be attributed to input-
domain differences.

Table 11: Unseen-data generaliza-
tion.

Model ρC+B ρC C/S AUROC

Llama 0.9873 0.9821 1.0000
Mistral 0.9887 0.9843 0.9989
Qwen 0.9831 0.9753 1.0000
OLMo 0.9901 0.9866 1.0000

Including benign-only controls as the 0% condition gives
ρC+B = 0.9831–0.9901, while restricting the calculation to
the six nonzero C conditions gives ρC = 0.9753–0.9866. Per-
backbone C/S AUROC ranges from 0.9989 to 1.0000, with
macro AUROC 0.9997 (Table 11). Thus, the frozen geometry
transfers to independently constructed data without rebuilding
or recalibration. Notably, the unseen pool has no prompt over-
lap with the reference or previous query data, yet preserves the

same objective-dependent ordering. The matched C/S separation further shows that this transfer
remains sensitive to the target behavior rather than merely to the input domain.

E.3 ROBUSTNESS TO SFT CONFIGURATION

Configuration robustness tests whether the trace depends on a particular SFT recipe. Starting from
the canonical setting—learning rate 2×10−4, 100 optimization steps, LoRA rank r = 8, and scaling
α = 16—one factor is changed at a time. Alternative settings use learning rates of 1 × 10−4 and
5 × 10−4, 50 or 200 training steps, LoRA ranks r ∈ {4, 16}, and scaling factors α ∈ {8, 32}.
Each of the nine configurations is evaluated at harmful-objective proportions of 0%, 5%, 10%, 25%,
50%, 75%, and 100%, with three independent trajectories per proportion and backbone, giving 756
trajectories in total. The reference geometry and scoring procedure remain fixed.
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Figure 14: Sensitivity of the checkpoint trace to audited layer scope.

Table 13: TRACE on larger Qwen3 models.

Model Trace ρ R2 Matched C/S 5% C/B

Qwen3-14B 0.994 0.976 1.000 1.000
Qwen3-32B 0.960 0.997 1.000 1.000

Table 12 reports correlations of 0.993–1.000 between the modified and canonical median sH curves.
Figure 13 shows that configuration changes can shift the absolute score scale while preserving the
dose–response ordering. The high correlations are not explained by score collapse: every tested
configuration retains more than 70% of the canonical dynamic range maxρ sH − minρ sH . The
trace is therefore largely insensitive to the particular SFT configuration at the level of objective
ordering.

E.4 SENSITIVITY TO AUDITED LAYER SCOPE

Layer-scope sensitivity tests whether recovering the trace requires access to all Transformer lay-
ers. With checkpoints, reference geometry, and all other components fixed, only the audited
q proj/v proj modules are varied. Uniformly spaced subsets containing 25%, 50%, 75%, and
100% of the layers are first compared. A second experiment fixes the audit budget at 25% and
compares early, middle, late, and uniformly spaced layer subsets.

Figure 14 shows that uniformly auditing only 25% of the layers already retains Spearman correla-
tions of 0.968–0.987, compared with 0.988–0.992 when all layers are used. At the same 25% audit
budget, middle-layer subsets reach 0.983–0.990 and consistently outperform early-layer subsets.
These results indicate that the trace is distributed across the model rather than confined to a nar-
row layer region. All layers are nevertheless retained in the main experiments to avoid introducing
additional layer-selection choices or hyperparameters.

E.5 SCALING TO LARGER QWEN MODELS

We test whether the harmful-objective trace persists as model scale increases within the same
model family. In addition to Qwen3-8B used in the main experiments, we evaluate Qwen3-14B
and Qwen3-32B using the same TRACE construction and canonical SFT configuration. For each
model, the reference geometry is built from eight harmful-compliance (C), eight safety-targeted (S),
and eight benign-utility (B) trajectories. Query checkpoints are trained at harmful-objective propor-
tions {0, 1, 2, 5, 10, 25, 50, 75, 100}% with three independent seeds per condition. The matched C/S
control is additionally evaluated at {5, 10, 25, 50}%, again with three matched pairs per condition.
In total, 75 trajectories are trained for each larger backbone. Qwen3-32B uses a smaller per-device
micro-batch with gradient accumulation to preserve the same effective batch size; all other training
and scoring settings remain unchanged.

Figure 15 shows that the continuous ordering persists at both scales. For Qwen3-14B, the harmful-
objective coordinate has Spearman correlation ρ = 0.994 with the controlled objective proportion
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Figure 15: Continuous harmful-objective traces on larger Qwen3 models. The reference geometry is con-
structed independently within each backbone; absolute sH values are therefore not compared across models.

Table 14: Behavioral validity of sH .

Model Spearman ρ 95% CI Pearson R2 Partial Corr.

Llama 0.931 [0.890, 0.952] 0.896 0.803 0.52
Mistral 0.716 [0.568, 0.806] 0.697 0.485 -0.18
Qwen 0.887 [0.791, 0.936] 0.851 0.724 0.31
OLMo 0.854 [0.743, 0.912] 0.739 0.546 0.30

and R2 = 0.976; the ratio-wise mean score increases monotonically from 0.103 at 0% to 0.849 at
100%. Qwen3-32B similarly retains a strong trace, with ρ = 0.960 and R2 = 0.997, and its mean
score increases monotonically from 0.150 to 0.924. The ordering is already visible in the low-ratio
regime: both models achieve AUROC 1.000 for separating 5% harmful-compliance checkpoints
from benign-only checkpoints.

Objective specificity also survives scaling. Under the matched C/S control, where prompts, benign
examples, ordering, seed, and training configuration are held fixed and only the harmful-response
target changes, both Qwen3-14B and Qwen3-32B achieve AUROC 1.000. Every matched pair
assigns a larger sH to harmful-compliance than to refusal-targeted SFT, with mean paired gaps of
0.175 and 0.264, respectively. Together with the existing Qwen3-8B result (ρ = 0.987), these
experiments indicate that the continuous, objective-specific checkpoint trace persists as the Qwen3
backbone scales from 8B to 14B and 32B parameters.

F BEHAVIORAL EXTERNAL VALIDITY AND EXTENSIONS

This appendix examines two questions beyond the core characterization of the harmful-SFT trace.
First, the checkpoint-derived coordinate is compared with independently measured harmful behavior
to assess its external validity. Second, the reference-geometry formulation is tested on a qualitatively
different checkpoint modification: trigger-conditioned backdoors. The latter is treated as an exten-
sion rather than evidence required for the main harmful-SFT trace.

F.1 BEHAVIORAL EXTERNAL VALIDITY

Detailed results for the behavioral evaluation in Section 5.3 are reported in Table 14 and Figure 16.

The association is strongest for Llama (ρ = 0.931, R2 = 0.803) and Qwen (ρ = 0.887, R2 =
0.724), while Mistral and OLMo remain positive but weaker. All four correlations are significant
under permutation tests (p < 10−4), with Pearson correlations of 0.697–0.896. The pattern also
holds across attacks: all 16 backbone–attack combinations are positively correlated (0.55–0.94), and
leave-one-attack-out results remain stable. Across longitudinal trajectories, 46 of 60 show positive
sH–ASR associations, with median Spearman correlation 0.52. After controlling for SFT objective
and training stage, partial correlations are 0.52, −0.18, 0.31, and 0.30 for Llama, Mistral, Qwen, and
OLMo, respectively, indicating that part of the aggregate relationship is explained by objective and
training progress, while a positive within-condition association remains for three of four backbones.
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Figure 16: Checkpoint-level association between sH and attack success rate. Each panel corre-
sponds to one backbone.

F.2 BACKDOOR ATTACK-FAMILY ADAPTATION

A separate experiment tests whether the reference geometry extends to a qualitatively dif-
ferent post-training modification. Toxic Backdoors Alpaca (Ewart, 2024) inserts the trigger
SolidGoldMagikarp into poisoned Alpaca-style instructions and pairs them with toxic targets.
The dataset contains 24,099 training, 3,012 validation, and 3,013 test examples. Attack validation
uses 1,000-example SFT sets with 500 poisoned and 500 clean examples trained for 200 steps.
Across four backbones, triggered ASR reaches 0.997–1.000, while clean-prompt toxicity remains
0.003–0.005.
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Figure 17: Triggered ASR across poi-
son rates.

Checkpoint auditing uses poison rates of 1%, 2%, 5%, 10%,
25%, and 50%, with ten backdoor trajectories per rate and
five clean controls per backbone. For each rate, four seeds
are used as references, two for validation, and four for held-
out testing. Because the original C/S/B geometry does
not represent trigger-conditioned modifications, a backdoor
prototype µT is constructed from 24 reference trajectories
per backbone; test checkpoints and behavioral ASR remain
excluded from reference construction. As shown in Fig-
ure 17, the attack is largely ineffective at 1%, becomes es-
tablished on Llama and Mistral by 2%, and shows a clearer
transition on Qwen and OLMo by 5%.

Table 15 shows that TRACE +BackdoorRef provides the strongest separation at every poison rate, al-
though performance is not monotonic with poisoning strength. WeightWatch-SVD yields moderate
separation across the sweep, while adding the same backdoor-reference expansion does not provide
a consistent improvement. This is expected because attack efficacy and checkpoint detectability
need not evolve together: at low rates the triggered behavior may not yet be reliably learned, while
higher poison rates can alter the scale and direction of the resulting update in ways that do not mono-
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Table 15: Backdoor detection across poison rates.

Method 1% 2% 5% 10% 25% 50%

UpdateNorm 0.313 0.375 0.500 0.469 0.438 0.125
PEFTGuard-BD 0.531 0.531 0.656 0.406 0.281 0.188
WeightWatch-SVD 0.531 0.469 0.438 0.398 0.469 0.430
WeightWatch-SVD +BackdoorRef 0.438 0.438 0.547 0.422 0.438 0.375
TRACE original 0.250 0.250 0.250 0.062 0.000 0.000
TRACE +BackdoorRef 0.625 0.625 0.750 0.625 0.688 0.692
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Figure 18: Backdoor auditing and reference adaptation. (A) Pooled held-out backdoor detection
across baselines and reference-adapted variants over 1%–50% poison rates. (B) Association between
the TRACE checkpoint score and triggered ASR before and after adding the backdoor reference.

tonically increase geometric separability. UpdateNorm remains substantially weaker, indicating that
update magnitude alone is insufficient for reliable backdoor auditing.

Pooling held-out checkpoints over 1%–50%, TRACE +BackdoorRef raises macro AUROC from
0.232 to 0.721, exceeding PEFTGuard-BD (0.565), WeightWatch-SVD (0.456), and WeightWatch-
SVD +BackdoorRef (0.443), as shown in Figure 18. Per-backbone AUROC for TRACE improves
from 0.260 to 0.719 on Llama, 0.385 to 0.615 on Mistral, 0.146 to 0.990 on Qwen, and 0.135
to 0.563 on OLMo. Reference-count sensitivity rises from approximately 0.28 with one or two
attack-family references to 0.30 with four, 0.35 with eight, and 0.72 with all 24, indicating that new
modification families benefit from references that explicitly represent their update pattern.

F.3 BACKWARD COMPATIBILITY OF REFERENCE EXPANSION

Adding a backdoor prototype raises a separate question: whether expanding the reference space pre-
serves the original harmful-SFT audit. The original harmful-compliance and balanced non-harmful
prototypes, µC and µN , remain frozen, while µT is constructed from the same 24 backdoor reference
trajectories used above. No checkpoint is retrained and no behavioral labels or score recalibration
are introduced. The expanded three-component geometry estimates

(γ̂C , γ̂T , γ̂N ) = arg min
γC ,γT ,γN≥0

∥ϕ(∆Wθ)− γCµC − γTµT − γNµN∥2 , (64)

and defines the combined harmful-modification coordinate

sC+T =
γ̂C + γ̂T

γ̂C + γ̂T + γ̂N + ϵ
. (65)

Recomputing the original two-component coordinate reproduces the stored TRACE scores to nu-
merical precision.

Table 16 and Figure 19 show that the expanded geometry preserves matched C/S discrimination and
dataset-family OOD performance, while ID and unseen AUROC decrease by 0.0365 and 0.0455,
respectively; both decreases have paired-bootstrap confidence intervals excluding zero. Importantly,
continuous harmful-objective ordering remains stable: the expanded coordinate retains Spearman
correlations of 0.9804, 0.9872, 0.9831, and 0.9923 with harmful-objective proportion on Llama,
Mistral, Qwen, and OLMo, and the rank correlation between original and expanded scores is at
least 0.9886 on every backbone. The remaining performance change is therefore more consistent
with score renormalization than with loss of the underlying objective structure; adding µT assigns
nonzero mass to some original B/S/C checkpoints and shifts their normalized scores by median
amounts of approximately 0.06–0.45 across backbone–objective combinations.

29



Table 16: Backward compatibility after adding the backdoor reference. ∆ reports the change in
macro AUROC after reference-space expansion.

Setting Original +µT ∆ 95% CI

ID 0.9110 0.8745 -0.0365 [−0.0710,−0.0045]
Matched C/S 0.9881 0.9924 +0.0043 [+0.0004,+0.0088]
OOD 1.0000 1.0000 +0.0000 [0.0000, 0.0000]
Unseen 0.9998 0.9543 -0.0455 [−0.0762,−0.0181]
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Figure 19: Backward compatibility of backdoor reference expansion. Left: change in the origi-
nal harmful-SFT detection tasks after adding µT . Right: retention of continuous harmful-objective
ordering.

G TRACE UNDER PRACTICAL-SCALE HETEROGENEOUS SFT

The main experiments use small, controlled SFT trajectories to isolate objective-induced check-
point structure. This section tests whether the same trace and auditing signal persist under larger,
heterogeneous instruction tuning.

Practical SFT setup. The benign pool is built from a filtered Tulu 3 SFT mixture (Lambert et al.,
2025). From 939,343 examples across 19 sources, safety-, jailbreak-, refusal-, and open-chat-
oriented sources are removed, leaving 715,082 examples from 13 benign/utility sources spanning
instruction following, mathematics, reasoning, code, scientific tasks, table understanding, and mul-
tilingual data. Each trajectory contains 10,000 examples, with harmful-compliance examples from
PKU-SafeRLHF and BeaverTails replacing benign examples at 0, 0.5, 1, 2, 5, and 10%. Llama-3.1-
8B-Instruct and Qwen3-8B are evaluated with three trajectories per condition, each trained for one
epoch (625 steps) using the canonical LoRA configuration: r = 8, α = 16, q/v projections, learning
rate 2 × 10−4, effective batch size 16, maximum sequence length 512, and bfloat16. The original
reference geometry remains frozen throughout, and all training manifests have zero prompt-level
overlap with reference, previous-query, and evaluation pools.

Checkpoint trace and behavioral relevance. Despite the 100× increase in dataset size and the
more heterogeneous benign distribution, sH remains strongly ordered by harmful-objective propor-
tion, with Spearman correlations of 0.979 for Llama and 0.992 for Qwen; ratio-wise means increase
monotonically on both backbones. Using the same behavioral protocol as Section 5.3, ASR also
rises with harmful-objective composition. Figure 21 shows checkpoint-level sH–ASR correlations
of approximately 0.89 for Llama and 0.92 for Qwen, with positive associations for each attack indi-
vidually. Behavioral measurements remain excluded from TRACE construction and calibration.

Objective controls and training dynamics. Matched C/S controls are repeated at 1% and 5%,
holding prompts, benign examples, ordering, seed, and training configuration fixed while changing
only the harmful-response target. All three matched pairs on both backbones satisfy sH(C) >
sH(S) and ASR(C) > ASR(S) (Figure 22(a–b)). Mean sH gaps at 1%/5% are +0.257/+ 0.462
for Llama and +0.064/+ 0.226 for Qwen, with corresponding ASR gaps of +0.381/+ 0.516 and
+0.115/+0.206. Along six 5% harmful-compliance trajectories, both sH and ASR increase overall
across 20, 40, 60, 80, and 100% of training (Figure 22(c–d)); four of six trajectories have positive
within-trajectory correlations, with median Spearman correlation approximately 0.4.
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Figure 20: Construction of practical heterogeneous SFT trajectories. (a) The 10k-example
Tulu3-Clean background contains 13 heterogeneous instruction-tuning sources. (b) Harmful-
compliance examples progressively replace benign examples while total size remains fixed at
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Figure 21: TRACE under practical heterogeneous SFT. Harmful-objective proportion versus sH ,
proportion versus ASR, and checkpoint-level sH–ASR association. Each point is an independently
trained 10k-example checkpoint; the reference geometry remains frozen.

As a scale-only control, the original UltraChat/GSM8K/MBPP benign construction is expanded to
10,000 examples for Llama. The harmful-objective ordering remains intact, indicating that scale
transfer is not specific to Tulu3-Clean; the behavioral result is noisier with only eight checkpoints
and is treated as supporting evidence. Overall, the trace remains informative under 10,000-example
heterogeneous SFT without rebuilding or recalibrating the reference geometry.

H BASELINE IMPLEMENTATION DETAILS

This appendix provides implementation details for the checkpoint-auditing baselines used in Sec-
tion 4. Unless otherwise specified, all methods use the same frozen train/validation/test splits. AU-
ROC is computed independently within each backbone and macro-averaged across the four back-
bones. Higher scores always indicate stronger evidence of harmful fine-tuning, and no test-time
score flipping is applied.

UpdateNorm. UpdateNorm is a weights-only baseline that measures the magnitude of the fine-
tuning-induced update. For each LoRA checkpoint, we compute

snorm =

( ∑
m∈M

∥∆Wm∥2F

)1/2

,
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Figure 22: Objective controls and training dynamics. (a–b) Matched C/S trajectories differ
only in harmful-response targets. (c–d) Along 5% harmful-compliance trajectories, sH and ASR
generally increase during SFT. Thin lines show seeds and thick lines show means.

where M contains all modified qproj and vproj modules and ∆Wm = (αm/rm)BmAm. The score
requires no reference checkpoints, labels, or model execution.

Spectral. The Spectral baseline uses spectral statistics of LoRA-induced weight updates. Fol-
lowing the original configuration, we extract features from layer 20. Since our adapters modify
only qproj and vproj, we apply the spectral analysis to these two projections. For each projection,
we compute the singular values of the effective update and extract five statistics: the largest singular
value, Frobenius norm, leading-singular-value energy fraction, spectral entropy, and excess kurtosis.
The resulting 10-dimensional feature vector is standardized and classified by a per-backbone logis-
tic regression model trained on the benchmark training labels. Thus, this baseline uses checkpoint
weights and training labels, but requires no model forward passes.

PEFTGuard. PEFTGuard is evaluated as a supervised PEFT-weight baseline. For every layer,
the qproj and vproj LoRA factors are converted to their effective updates and spatially pooled before
being passed to a memory-adapted convolutional classification head. A separate detector is trained
for each backbone using the training split, with validation-based early stopping. The final score is
the predicted harmful-class probability. The implementation follows the original optimization recipe
while adapting tensor shapes and the classification head to the model architectures and available q/v
LoRA modules.

CANARY. CANARY is an activation-based baseline reconstructed from the method description
because no official implementation was available. For each checkpoint, we compare the final-token
hidden representation of the base and fine-tuned models at the middle Transformer layer using 30
fixed unlabeled probe prompts. Hidden representations are encoded by a per-backbone k-sparse
autoencoder trained on base-model activations. After masking high-variance noise features, the
checkpoint score is

sCANARY =
1

|P|
∑
x∈P

∥D(M [E(hft(x))− E(hbase(x))])∥22 ,
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where E and D denote the sparse encoder and decoder and M removes the preidentified noise
features. CANARY therefore requires model forward passes and fixed probe inputs, but no harmful
labels are used to produce the checkpoint score.

WeightWatch-SVD. Watch the Weights analyzes leading singular directions of the weight differ-
ence between a fine-tuned model and its base model. The original method operates on oproj and
MLP downproj updates and combines these directions with activation-based monitoring and clean-
data calibration. However, our canonical LoRA checkpoints modify only qproj and vproj, making the
original module scope uninformative in our setting. We therefore evaluate an adapted checkpoint-
level, weights-only version, denoted WeightWatch-SVD.

For each modified module, we compute the singular subspace of the effective LoRA update without
materializing the dense matrix. Writing ∆W = BA for the stored scaled factors, we use thin QR
decompositions

B = QBRB , A⊤ = QARA,

followed by an SVD of the small core matrix

RBR
⊤
A = UcΣV

⊤
c .

The right singular vectors are then
V = QAVc.

We retain up to the original default of 20 directions, capped by the numerical rank of the LoRA
update.

To compare two checkpoints i and j, we use the sign-invariant projection kernel

Km(i, j) =
∥V ⊤

i,mVj,m∥2F
kij

,

where kij is the number of shared retained directions. Module-level similarities are averaged across
all audited q/v modules to obtain KWW(i, j).

Because the original Watch the Weights method does not define a checkpoint-level scalar score,
we use the same frozen C/S/B reference split as TRACE to convert this representation into a
continuous audit score. Let µC be the harmful-compliance prototype and µN = 1

2 (µS + µB) the
balanced non-harmful prototype in the WeightWatch-SVD kernel space. We fit

xθ ≈ γCµC + γNµN , γC , γN ≥ 0,

and report
sWW =

γC
γC + γN + ϵ

.

No model queries, calibration data, ratio-specific tuning, or test labels are used. We therefore refer to
this method throughout as WeightWatch-SVD (adapted), rather than as an unmodified reproduction
of the original monitoring pipeline.
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