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1 Abstract

We study the problem of correcting a specific, identified behavioral failure in a trained model with-
out retraining from scratch and without full access to the original training distribution. Given a
competent base model fy and a small corrective dataset Dgy exhibiting the failure, the standard
remedy for avoiding collateral damage elsewhere is to regularize the update toward 6y using an
anchor set Dyy sampled from the original distribution. We highlight and formalize a complication
that this standard recipe does not address: the anchor set is not guaranteed to be failure-free.
When the failure region has nonzero mass under the original distribution, Dyy. may itself contain
instances of the very behavior being corrected, so a preservation term applied indiscriminately can
directly oppose the corrective signal. We combine parameter-space preservation (Elastic Weight
Consolidation) with output-space preservation (Knowledge Distillation) into a single objective,
characterize the repair—preservation trade-off this creates as a function of failure prevalence p and
dataset sizes, and analyze the resulting multi-step dynamics locally. The analysis shows that, under
standard local assumptions, repeated updates converge to a curvature-weighted repair displacement
determined by the preservation terms, while anchor contamination perturbs that equilibrium con-
tinuously, with the empirical estimate indicating a non-negligible contamination rate. We describe
a concrete instantiation used to repair a behavioral-cloning policy trained on the StrikeForce envi-
ronment.

2 Introduction

2.1 Problem

A model 6 that is already competent on its original task can still exhibit a specific, identifiable
failure mode on a subset of the input space. Retraining from scratch is often infeasible: the original
training set may no longer be fully available, or reacquiring it is costly relative to simply collecting
examples of the failure itself.
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2.2 Why Naive Fine-Tuning Fails

Fine-tuning 6, directly on failure examples Dy, corrects the targeted behavior but risks catastrophic
forgetting [1]: nothing in the objective discourages the update from disrupting behavior the model
already had right. The standard fix is to add a preservation term computed on an anchor set
drawn from the original distribution, whether at the parameter level (EWC) or the output level
(KD) [1, 2, 3].

2.3 The Contaminated-Anchor Complication

This standard recipe implicitly assumes the anchor set represents only desirable behavior. That
assumption is not free: if the failure region F has nonzero probability p = Puig(z € F) under
the original distribution, an anchor set sampled from that same distribution will, in expectation,
contain a p-fraction of failure examples. On those examples, the preservation term explicitly pulls
the model back toward the very behavior the corrective term is trying to remove. We refer to this
as the contaminated-anchor setting and treat it as a first-class part of the problem rather than
an edge case to be assumed away.

2.4 Our Approach

We combine EWC (parameter-space preservation, weighted by Fisher-style sensitivity) and KD
(output-space preservation through temperature-scaled softmax agreement with 6p) into a single
joint objective (Section 4). We then analyze the resulting multi-step repair dynamics and the effect
of anchor contamination on the local preservation geometry (Section 6), followed by the practical
repair-preservation trade-off in terms of p, |Dgy|, |Danc|, and the regularization strengths Aj, Ao
(Section 7). We do not claim the contamination problem is solved outright; rather, we make its
effect explicit so that the method’s behavior under it is predictable rather than silently absorbed
into noise.

2.5 Summary of Contributions

e A formalization of the contaminated-anchor setting for behavioral repair, distinguishing it
from standard continual-learning preservation, which typically assumes clean task boundaries.

A combined EWC+KD objective (Section 4) with an explicit account of how the corrective
and preservation gradients interact on contaminated anchor points (Section 5).

A local multi-step analysis of the repair dynamics, showing that the joint update converges,
under standard local assumptions, to a curvature-weighted repair displacement determined
by the preservation geometry (Section 6).

A characterization of how anchor contamination perturbs that preservation geometry and
therefore the resulting repair point as a function of failure prevalence p (Section 6).

A concrete implementation and repair pipeline applied to a behavioral-cloning policy for
the StrikeForce environment (Section 8), with pre-repair (6p), post-repair (6*), and naive
fine-tuning (6pr) checkpoints evaluated over n = 64 paired episodes on base, derived, and
composite engagement metrics (Section 11).



3 Problem Setting

Let fg: X — RX be a trained model with parameters §. We assume an initial model 6 is already
competent on the original task distribution Pz, but exhibits a specific behavioral failure on a
subset F C X. The goal is not to retrain from scratch, but to modify 6y so that the undesired
behavior is corrected while preserving the model’s behavior outside F.

We assume access to:

e a corrective dataset Ds, = {(z;,¥i)};’,, containing examples of the undesired behavior
with corrected labels;

e an anchor dataset Dy, = {z; };7’;1, sampled from Ppyig;
e the original parameters 6y and the original model’s outputs on the anchor examples.

The original training set itself is assumed unavailable or too costly to reacquire, a setting also studied
in continual-learning work such as Learning without Forgetting [3]. The operational criterion used
to construct Dgy is described in Section 8.3.

Definition 1 (Contaminated-Anchor Assumption). Let p = Poig(xz € F) > 0 denote the failure
prevalence under the original distribution. Since Danc is sampled from Pyig, p is equivalently the
expected failure frequency within Dyy; it is not the failure frequency within the corrective set Dgy,
which is failure-dominated by construction: every frame in Dgy is an expert action recorded during
an intervention.

Porig = (1 - p) Pgood + p Prail,

and is therefore not assumed failure-free: Dane NJF # & in general.

This creates the central tension of the problem: a preservation mechanism applied indiscrimi-
nately to all anchor samples can oppose the desired repair.

4 Combined Objective

We seek 0* = 0y in the sense of preserving general behavior, while improving performance on F.
The update Af = 6* — 0y should be targeted rather than globally disruptive.

4.1 Corrective Term
1
Lex(0) = — ), vi).
ﬁx(e) n g(f@(xz)ﬂyz)
(24,9:)€Dsx

Dyiy is not intended to represent the full original distribution; it supplies a targeted signal for the
specific missing or incorrect behavior.

Choice of ¢ and the detached focal weight. We use a focal-style per-example loss

U(fo(x),y) = — (1 — pe(x;0)) " log pi(x; 0),

where p;(z; ) is the model’s softmax probability on the target class and v > 0 is the focal parameter.
Throughout the analysis we treat the modulating factor w(xz;0) = (1 —py(z;0))" as a detached per-
example weight: it is evaluated at the current parameters and is treated as a constant with respect
to differentiation. This is a standard implementation choice for focal-style losses and is used here so



that the per-example loss reduces to a weighted cross-entropy with a parameter-dependent weight.
Under this convention the per-example gradient with respect to the model logit is

or
8z

and the corresponding per-example second derivative is

w(x; 0) (pt(:v; 0) — 1),

o
022

This non-negativity is what makes the corrective term locally convex in the model’s own output, a

= w(z; 0) pr(2;0) (1 — pe(2;0)) >0

property we use in Section 6.

4.2 Parameter-Space Preservation (EWC)

For each anchor example xj, let fune(x;6p) denote the per-example loss used to characterize the
original model’s behavior on that example. In the current implementation, the diagonal Fisher-
style coefficient for parameter 6; is estimated by accumulating the squared per-sample gradients
and averaging over the anchor set:

ﬁj)

. Z <6éanca(;c;, 00)>

a =1

Thus E is the mean squared sensitivity of parameter 8; to the anchor-set loss. When the per-
example loss is a negative log-likelihood under the usual Fisher construction, this is an empirical
diagonal Fisher approximation; more generally, it should be interpreted as a squared-gradient
sensitivity statistic. We use E in the EWC penalty

Lrwc(0 Z F; (65 — 60,:)

Parameters with larger F; therefore incur a larger cost for moving away from 6 ; [1].

4.3 Output-Space Preservation (KD)

For anchor input z;, let zo(x;) = fo,(z;) and 2zp(z;) = fo(x;). With temperature T,

o () = softmax(ZO(;j)) , o () = softmax(ze(ij)> ,

and we use a forward-KL output-preservation objective,

1 o P (2;)
Lxp(0) = ZKL Pe () Hpo xj = ZP 0,1 () log ﬁ
@ j=1 a5 k=1 Po kT
This is a KL-based behavioral anchoring mechanism related to the distillation literature [2, 4]; the

present formulation specifically uses the positive forward KL implemented by the repair procedure.

4.4 Combined Objective
Liota1(0) = Lex(0) + A Lewc(0) + A2Lxp(6), A1, A2 > 0.



5 The Conflict Induced by Anchor Contamination

If every anchor example represented desirable behavior, Vg Lgwc and Vg Lkp would generally align
with the goal of behavioral preservation without opposing repair. Under Definition 1, this no longer
holds unconditionally.

For x € Dane NF, the reference output fg, () is precisely the behavior the corrective term seeks
to change. The KD gradient at such a point pulls p} (z) toward p{ (z), i.e., back toward the failure
behavior, directly opposing

V@Lﬁx VS. VQLKD.

The method does not attempt to preserve 6y’s behavior everywhere; it seeks an update in which
the corrective signal is strong enough to overcome preservation pressure specifically on F, while
preservation remains effective on the (typically much larger) non-failure portion of the anchor set.

Remark 1. This is an asymmetry, not a paradox: Dgy is concentrated on F by construction, while
the contaminated fraction of Danc is only p-ng examples in expectation. The repair signal on F can
dominate provided |Dgyx| and its effective weighting are large relative to Aapn,. Because the two
gradient fields are architecture-, data-, and loss-dependent, we do not claim a closed-form sufficient
condition for dominance; the present paper treats this dependence as a qualitative trade-off to be
evaluated empirically rather than as a universal analytical guarantee.

6 Local Multi-Step Repair Dynamics

The key theoretical question is not whether the corrective gradient dominates on the first opti-
mization step, but where the sequence of updates moves after many steps. Define the preservation
objective

R(Q) = )\ILEWC((g) + /\QLKD(H),

so that
Ltotal(e) = Lﬁx(e) + R(G)

The repair procedure follows
Orr1 =0y —n[VLx(6r) + VR(6,)] .
6.1 Local Curvature of the Corrective and Preservation Terms
We work with the second-order expansion of Lyt around . Let
Hp = VL (6o), Hg = V*R(b), Hiotal = Hp + Hp,
denote the corrective, preservation, and total Hessians at the original parameters, and let
gr = VLgx(6o).

Because both preservation terms are minimized at 6y, we have R(6y) = 0 and VR(6y) = 0, so gr is
the only first-order term in the expansion.



Corrective curvature. By Section 4.1, the detached focal weight makes the per-example second
derivative in the target logit non-negative. For a multi-class softmax output p(z;0) € AK=1 the
per-example Hessian of Lg, with respect to the logits is

Cr(z) = w(z;6o) [Diag (p(;60)) _p(x;go)p(x;eo)T] =0,

which is the standard softmax Fisher matrix scaled by the detached focal weight w(z;605) > 0.
Writing Jg(z) for the Jacobian of the logits with respect to 6 at 6y, the parameter-space Hessian
of the corrective term is .
f
1
Hp = . > Jp(x) Cr(w:)Je(i) = 0.
i=1
Thus, under the detached-focal convention, the corrective term is locally convex in the parameters
up to the rank structure of the Jacobians.

Preservation curvature. For the EWC term,
HEWC = diag(Fl, . ,Fd),

so the mean-squared per-sample gradient estimate enters the local preservation geometry directly
as diagonal curvature.

For the KL term, let J; be the Jacobian of the model logits with respect to 6 at ¢y for anchor
xj, and define

1 .
CF = = |Piag(ef (x,)) = (2:) ] (2) 7]
At 6, the Hessian of the KL term with respect to parameters is
Na

1 TAT

a J=1

Therefore, R
Hrp =X\ diag(F) + M Hykp = 0.

Total curvature. Combining the two, locally at 6,

Higta1 = HF + M1 diag(ﬁ) 4+ X Hgp +~v9I -0

where v > 0 is a small fixed damping constant. Absorbing v/ into the definition of Hya ensures
positive definiteness on the full parameter space and makes the equilibrium A* = —Ht;%algp well
defined without a separate case distinction.

The corrective term contributes curvature that locally at 6y. reflects where the model’s own
output is still uncertain on the corrective set, the EWC component penalizes parameter-space dis-
placement according to squared gradient sensitivity, and the KD component penalizes displacement
that changes the model outputs on the anchors. We assume throughout the analysis that, with the
damping I included, Hiota has eigenvalues in [p, L] on the subspace S spanned by the optimiza-
tion trajectory, for some 0 < u < L. Since v > 0, the lower bound p > ~ holds automatically and
the equilibrium below is well defined.



6.2 Multi-Step Dynamics

Within a sufficiently small neighborhood of g, retaining the quadratic terms of both the corrective
and preservation objectives gives the local surrogate
Ligcal(A) = Liogar(60) + gp A + %ATHtotalAy A=0—bp.
The corresponding multi-step dynamics are
A1 = (I — nHiotal) At — NgF-

The corrective gradient gr drives the model away from 6y, while the total curvature Hioia grows
the restoring force with displacement. Both the preservation terms and the local curvature of the
corrective term contribute to this restoring effect; the focal-detached weight w sets the scale of the
corrective contribution.

Proposition 1 (Local Equilibrium of the Repair Dynamics). With Hyoa defined as in Section 6.1
(including the damping vI), let its eigenvalues on the subspace S containing the optimization tra-
jectory lie in [u, L], where 0 < u < L, and suppose the local surrogate above is valid. If

2
O<n< —=
n I

then gradient descent on the local surrogate converges linearly to the unique stationary point

1
A" = _HtotalgF

on §. Moreover,
[A; = Al < ¢'lAg — A*[|,  g= max [1—nph| <1
helu,L]

Proof. The stationary-point equation of the local surrogate is
gr + Hiotal A" = 0,
which yields A* = —Ht;%algp. Subtracting the fixed-point equation from the update gives
Appr — A% = (I — nHiopal) (A — A).

Because the eigenvalues of Hiota lie in [, L] and 0 < n < 2/L, the spectral radius of I — nHyota 1S
strictly smaller than one, giving the stated linear convergence bound. O

This result formalizes the multi-step interpretation of the method. The repair does not simply
follow the corrective gradient indefinitely. Instead, the corrective signal drives the model away
from 6y, while the total curvature—comprising both the corrective curvature and the preservation
curvature—increasingly resists displacement. Training settles when these forces balance:

| VL (6%) + VR(0") = 0. |

Under the local model, this balance is precisely A* = —Ht;tlalgp.



6.3 Interpretation as a Curvature-Weighted Repair

The total Hessian Hiotal is symmetric positive definite, so it admits the spectral decomposition
Htotal = QAQT7 A= diag(hla ceey hd)>

where the columns vy, ...,vy of @ are an orthonormal basis of eigenvectors and h; > 0 are the
associated total curvatures. With the damping /I included in Hiota1, we have h; >~ > 0 for all 4.
Working in the eigenbasis of Higtar, let

A = QTAa QF = QTgFa

so that A; = (A, v;) is the component of the parameter displacement along the i-th eigenvector of
the total Hessian. The stationary condition gr + AA* = 0 then decouples coordinate-wise,

A* — (gF)z

1 hz

The equilibrium displacement therefore permits larger movement along eigenvectors with small
total curvature h; and suppresses movement along eigenvectors with large h;. The resulting repair
direction is not the raw corrective gradient direction; it is the corrective gradient filtered through
the spectrum of the total curvature, i.e. through what the corrective term, the EWC term, and the
KD term jointly consider important. In particular, the corrective curvature Hr can only increase
the h; of directions in which the model is uncertain on Dgy, thereby further limiting the equilibrium
displacement along those directions.

The same spectral picture controls both the achievable repair gain and the preservation cost.
Under the local surrogate,

Lex (00 + A%) — Lex(60) ~ —gpH, L gr = — Z =t

i=1
whereas

1 _ _
SgbHL HRH L gr.

9 total tota

If Hr and Hp are simultaneously diagonalized by the same basis (a simplification that holds exactly
only when they commute), the preservation cost reduces to

R(fp + A*) ~

Gr);  (hp)i

R(fp + A%) =~ he  h

M=

1
24
=1
so that the ratio (hg);/h; controls how much of the corrective displacement is “paid for” in preser-
vation cost along each direction. The quantity
T g7—1
S = gpH 097

tota

therefore summarizes the achievable first-order repair gain under the local quadratic model, with
the preservation cost bounded by S/2 in the commuting case and by 3hmax(Hg) ||1L.Tt:)%(,ilgp||2 in
general. The value of S is larger when the corrective gradient has substantial components along
eigenvectors of low total curvature, which is precisely the regime in which the repair can be achieved
with limited collateral movement. Conversely, when the corrective gradient is concentrated along
high-curvature eigenvectors, S is small: the combined curvature suppresses the displacement and
the achievable repair gain is correspondingly limited.



6.4 Behavior-Level Targetedness

Parameter displacement alone does not imply behavioral locality. To connect the parameter-space
result to the desired behavioral property, let z¢(6) and zp(0) denote the stacked model outputs on
representative good and failure inputs, respectively, with Jacobians at g

_82’@ _8ZF
e=Zg1,  TFT g,
0 (0]

At the local equilibrium,
26(0%) — 2¢(6y) ~ —JgHt;%algF,
while
27 (0%) = zp(00) = —JrHiiy9r-
Therefore, a sufficient local condition for a targeted repair is that the total-curvature-weighted

corrective direction has a substantially larger effect on the failure outputs than on the good outputs,
for example

| JpH L gr | > | JaH 97 |-

ota ota

A stronger structural version is the existence of a repair direction d such that
grd <0,  |Jad| ~0, ||Jrd| > 0.

Such a direction improves the corrective objective while producing little first-order output change
on good behavior. The combined EWC+KD+corrective geometry favors precisely those parameter
directions that can produce the required repair with lower total curvature. This does not constitute
a global guarantee of behavioral equivalence; it is a local sufficient condition linking the parameter-
space equilibrium to the desired behavior-level locality.

6.5 Effect of Anchor Contamination
Under the contaminated-anchor model,
Pane = (1 — p)Pgood + pPrail,
the population version of the preservation Hessian decomposes accordingly:
Hg(p) = (1 = p)HR good + PHR fail + Hshareds

where Hghareq denotes any p-independent contribution such as a separately fixed preservation com-
ponent. Equivalently, after absorbing the common term into Hr(0),

HRr(p) = Hr(0) + p (HR tait — HR,good) -

The corrective Hessian Hpr does not depend on p, since Dgy is failure-dominated by construction
and is not resampled from Fyz. Thus the total Hessian inherits the contamination dependence
through Hp alone:

Htotal(p) =Hp+ HR(p) = Htotal(o) +p (HR,fail - HR,good) .

Let
Ep =p (HR,fail - HR,good) .



If Htotal(o) > ,LLI and
IEp <

then Hiotal(p) remains positive definite and standard matrix perturbation gives

_ _ 1E,|
[ Hrotal (p) ™ = Heoa1 (0) 71| < :
o o (e — Bl
Consequently, with the same local corrective gradient gp,
1a%(e) - () < — 8L jge) = ()
1 (= [ Epll)

for sufficiently small p. Hence rare failure cases in the anchor set perturb the local repair equilibrium
continuously rather than changing it discontinuously. The contamination remains harmful because
its curvature points toward preserving the old failure behavior, but when p is small its aggregate
influence is correspondingly limited under the stated conditioning assumptions. When ker(Hg) C
range(Hp), the corrective curvature Hp raises the lower bound p in the perturbation bound and
reduces the sensitivity of the equilibrium to anchor contamination. Outside this case, Hr does not
change 1 and the bound is governed by the preservation geometry alone.

The bound is stated under the perturbative condition || E,| < p and is a first-order statement in
p; it is not claimed to hold at the empirically estimated p ~ 0.185 (Section 8.3), where the condition
is correspondingly harder to satisfy. The result should therefore be read as characterizing the local
sensitivity of the repair equilibrium to contamination in the small-p regime, not as a guarantee that
the shift is negligible at the operating point of the experiments.

6.6 Theoretical Interpretation

The resulting picture is therefore a multi-step balance rather than a one-step dominance argument:

Vi +MVLIgwc+ ANVLkgkp =0 at equilibrium,
——

repair drive  restoring preservation force

and the local geometry of this balance is governed by the total Hessian
Hyotal = Hp + A1 diag(F) + A2 Hkp.

The corrective curvature Hp reflects where the model is still uncertain on the corrective set; the
EWC coefficients measured as mean squared per-sample sensitivities determine which parameter
directions are expensive to change; KD determines which anchor-output changes are expensive.
When the corrective signal admits a low-total-curvature direction, the equilibrium can produce a
substantial correction with limited collateral movement. Anchor contamination perturbs Hgr and
therefore Hiota in proportion to its prevalence, so the main failure mode of contamination is a
shift of the equilibrium toward preserving part of the behavior that the repair objective seeks to
eliminate.

The analysis is local and does not claim that neural-network optimization is globally convex,
that the empirical Fisher equals the exact Fisher in every implementation, or that the resulting
equilibrium necessarily gives perfect failure correction and zero general-performance loss.

10



7 Repair—Preservation Trade-off

As p decreases, most anchor samples represent desirable behavior and the preservation terms receive
a strong aggregate signal from non-failure examples, reducing the conflict of Section 5. In the local
analysis of Section 6, this corresponds to a smaller perturbation of the preservation Hessian Hg(p).
The corrective dataset provides a concentrated signal Dgy ~ P(z | x € F) regardless of p. The
effective optimization is therefore governed jointly by |Dgx|, |Danc|p, the preservation geometry,
and the regularization strengths A;, Ao, rather than by either dataset size alone.

We do not assume a fixed value of A1, Ay is universally optimal; the method should be evaluated
as a function of | Dgy|, | Dancl, p, A1, Aa.

Target Property

The desired solution satisfies, qualitatively,
Behaviorg,;; (0*) > Behaviorg,; (6o), Performancegqoq(6*) &~ Performancegooq(6o),

where Behaviorg,;) (0) denotes the operational failure behavior of # on the intervention-defined failure
region of Section 8.3, and > means strictly better on that axis. The objective is a localized behavioral
correction with limited collateral change, not merely a lower training loss.

8 Implementation

We instantiate the combined objective for a behavioral-cloning policy [9] trained in the StrikeForce
2D partially observable battle-arena testbed [10], using the decoupled Future Action Prediction
(FAP)/Transformer-aggregator architecture described in [11]. We therefore apply the repair di-
rectly to the converged checkpoint 6y produced by that training procedure, without independently
retraining the underlying policy architecture for the present study.

8.1 Precomputed Anchor Statistics

Before repair, we precompute and pin, for each anchor episode: 6 itself, an estimate of the Fisher
diagonal {F;}, and the reference future-prediction and policy logits {zo(z;)} under 6y. Pinning the
logits rather than recomputing fy,(z;) at every step avoids carrying a second live copy of the model
during repair and fixes the KD reference exactly.

8.2 Per-Step Composition

At each optimization step we compute three gradient contributions and sum them before the
optimizer step: (i) the corrective gradient from a shuffled minibatch of Dgy, using the same time-
discounted focal loss as the original training procedure; (ii) the EWC gradient, evaluated over all
parameters against the pinned (6, F'); (iii) the KD gradient, evaluated as a KL-type divergence
between current and pinned softmax outputs at both the future-prediction heads and the main
policy head.

Remark 2. In the current implementation, the corrective term is minibatched (shuffled subsets
of Dgyx each step) while the KD term is evaluated over the entire anchor set at every step. This
gives the anchor term zero gradient stochasticity relative to the corrective term and dominates
per-step compute. The asymmetry is intentional: the anchor term s kept deterministic across

11



optimization steps so that the preservation signal is applied consistently against the fized reference
outputs. This does not change the joint-objective gradient identity of Section 4, and full-batch KD
1s an implementation choice rather than a requirement of the method; minibatched KD would be a
valid computational alternative.

8.3 Anchor and Corrective Set Provenance

The corrective set Dgy is constructed from intervention episodes collected during unmasked infer-
ence. Concretely, while the policy is deployed in inference mode, it occasionally enters a state in
which it produces an unpleasant, illogical, or otherwise unacceptable action. A human expert inter-
venes at that point, takes control, and executes the intended action until the policy has escaped the
problematic situation, after which inference resumes. Each intervention episode therefore supplies
a short trajectory of states paired with the expert’s actions, i.e. the corrected labels for the failure
region. During repair, the model is trained only on these expert actions. The corrective set is
thus concentrated on F by construction, and its failure density is close to one, in contrast to the
anchor set. Operationally, the failure region F in this study corresponds to states in which the
policy disengages from combat when engagement is warranted; the expert interventions recorded
in Dgy are precisely the actions that restore engagement. The composite metrics of Section 11.3
are designed to measure this axis directly.

The anchor set Dy, by contrast, is sampled from the original distribution via the stage-1 vali-
dation episodes. It is not constructed to exclude failure cases: the behavioral failure is identifiable
but is not assumed to be cleanly separable from the original distribution. Instead, the intended
setting is that such cases are relatively rare, so most anchors still represent desirable behavior
while a minority may overlap with F. This is precisely the contamination scenario formalized in
Definition 1.

Here p denotes the empirical failure frequency within Dapne, not within Dgy: the two sets have
very different failure densities by construction. Every frame in Dgy is an expert action recorded
during an intervention, so the failure density in Dgy is close to one. The anchor set, by contrast,
contains only the p-fraction of frames that coincide with the failure region.

We estimate p empirically from the rate at which the policy required expert intervention during
normal operation, using the intervention episodes that also supply Dgy; this rate serves as a proxy
for Pyig(x € F) under the assumption that the deployment episodes are representative of the
original distribution. Across 28 episodes of 1024 frames each (28,672 frames total), 5300 frames
required intervention, giving

. 5300

P~ 28672
This estimate is non-negligible: the contaminated fraction of D,y is a substantial minority rather
than a vanishing edge case. The contaminated-anchor setting formalized in this paper is therefore
a practical concern rather than a theoretical curiosity, and the conflict between the corrective and
preservation gradients analyzed in Section 5 is expected to be observable in the experiments rather
than masked by a vanishing p. When episode-level labels or behavioral inspection are available,
the observed failure frequency in D,,. can be reported directly as an empirical estimate of the
contamination rate; the method itself does not require explicit filtering of those examples.

~ (0.185.

12



8.4 Hyperparameters

We use T = 1 in the current implementation, i.e., ordinary softmax rather than temperature-
softened distillation targets. The regularization strengths of the combined objective are set to

A =)o =5,

i.e., the EWC and KD preservation terms are weighted equally in Section 4. This is the configuration
used for the 6* checkpoint reported in Section 11; the values were fixed for the repair runs and
were not separately tuned per metric or per failure mode. As stated in Section 7, the trade-off
between repair and preservation is governed jointly by (|Dsx/|, |Dancl|, 25 A1, A2), so this choice is a
single operating point on that trade-off rather than a claim of optimality. The naive fine-tuning
baseline fp1 corresponds to the same pipeline with Ay = Ay = 0.

9 Related Work

Elastic Weight Consolidation [1] penalizes movement of parameters deemed important to previous
tasks, estimated via the Fisher information matrix; we use the same diagonal-Fisher penalty but
apply it against a single identified failure region rather than a sequence of task boundaries. Knowl-
edge distillation [2] was originally proposed for transferring information from a teacher to a student;
here 6y and 6* share an architecture, and KD instead serves as an output-space behavioral anchor.
Learning without Forgetting [3] is also closely related to our data-availability constraint because
it studies learning new capabilities when the original training data are unavailable, although its
objective is preservation of existing capabilities while adding new ones rather than correcting a
known failure.

More broadly, our setting belongs to the family of post-hoc model-editing approaches that seek
to alter a pretrained model while limiting unintended changes. MEND [5] learns to transform
gradients for fast, localized edits, ROME [6] directly modifies selected model parameters to rewrite
factual associations, and task arithmetic [7] steers pretrained-model behavior through parameter-
space task vectors. These approaches demonstrate the broader feasibility of targeted behavioral
modification, but they address different editing mechanisms and problem formulations from the
EWC+KD repair procedure studied here. In particular, our focus is not on editing factual asso-
ciations in language models or learning a separate editor; it is on repairing a behavioral failure in
an existing policy using a small corrective set plus limited anchors while explicitly accounting for
anchor contamination.

The closest methodological precedent is [4], who combine a task-learning loss with EWC and
KD to balance new-task learning against retention in a continual-classification setting. Our problem
differs in framing: rather than sequential task learning, we address targeted correction of a single
identified behavioral failure under incomplete access to the original training data, and we treat
the possibility that the anchor set itself contains the failure (Dane N F # @) as a first-class part
of the problem rather than an incidental detail. Recent analysis of model editing also shows that
repeated edits can induce forgetting and downstream performance degradation [8], reinforcing the
importance of evaluating collateral behavioral change rather than reporting only edit success.

10 Scope Statement

Explicitly not claimed:
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e That Dgy or F admits a simple task-independent mathematical definition; failure is identified
operationally from unmasked inference behavior, with task-specific or human judgment where
needed.

e That preservation on Dy, guarantees global behavioral equivalence fy«(z) ~ fp,(x) for all
x € X; it is an empirical, regularized approximation over representative samples.

e That a specific (A1, A2) setting is universally optimal; the trade-off is a function of p, |Dgy/,
and |D,pc| and should be tuned per setting.

e That the local equilibrium analysis of Section 6 is a global convergence theorem for a non-
convex neural network; its convergence result applies to the stated local surrogate and to the
subspace where the preservation Hessian is positive definite.

e That the empirical diagonal Fisher estimate used here is the exact Fisher matrix in every
loss construction; outside the standard likelihood setting, it is explicitly a squared-gradient
sensitivity statistic.

e That the current implementation’s full-batch anchor evaluation is necessary to the method;
it is a design choice of the present pipeline (Section 8).

e That the sequential learning setting of [4] and the single-failure-correction setting studied here
are the same problem; we adopt their combined-loss mechanism but not their task-boundary
framing.

e That the base, derived, and composite metrics are computed from independent measurement
runs. All three metric groups are aggregated from the same n = 64 paired evaluation episodes
described in Section 11.2; the derived and composite groups are deterministic transformations
of the base group and are not independent measurements.

e That the figures in Section 11 establish statistical significance on their own. They are de-
scriptive visualizations of the tables and the paired test summaries; inferential claims are
supported only by the tables and their associated corrected g-values.

11 Experimental Design

11.1 Checkpoints Under Comparison

Three checkpoints are compared. All three share the same architecture, environment, and inference-
time action mask; they differ only in the parameters produced by their respective optimization
procedures.

e Oy (P) — Pre-repair: the converged policy checkpoint before any behavioral repair, pro-
duced by the Future Action Prediction / Transformer-aggregator training procedure of [11].

e Opr (F) — Naive fine-tuning: obtained by optimizing 6y on Dgy alone, i.e. \j = Ay =0
in Section 4. This baseline isolates the effect of the corrective signal without any explicit
preservation mechanism.

e 0* (B) — EWCHKD repair: the checkpoint produced by the combined objective with
A1 = A2 = 5 (Section 8.4), implemented as described in Section 8.

Throughout this section we use the short names P, F, and B for 6y, fp7, and 60* respectively.
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11.2 Evaluation Protocol

Evaluation uses a fixed set of n = 64 paired episodes, with the heuristic inference-time action mask
(bc_inference) applied uniformly to all three checkpoints. The same random seed, map, and initial
condition are used within each paired episode, so that differences between checkpoints within a pair
are attributable to the policy rather than to environment stochasticity. All results are reported
as paired comparisons with n = 64 and are corrected for multiple comparisons using Benjamini—
Hochberg FDR control over all (3 pairs) x (14 metrics) tests jointly. The analysis is implemented
in the accompanying compare models.py script, which also generates all LaTeX tables and figures
referenced below.

Why a paired design and not aggregate averages. The pre-repair policy exhibits high per-
episode variance in survival time (sample standard deviation of roughly 6.7 x 10® against a mean of
1.2x10%, i.e. a coefficient of variation above 0.5). Unpaired comparisons at this variance level cannot
reliably distinguish policy differences from episode-to-episode environment randomness. Pairing on
identical initial conditions removes this shared variance and allows the paired t-test or Wilcoxon
signed-rank test to detect policy-level effects that would otherwise be masked at this sample size.

11.3 Metrics

We use three groups of metrics. All metrics are oriented so that larger values indicate a better
policy; none of the metrics is an accumulator that grows with episode length.

Base metrics. The five quantities extracted from each episode log are !

Nyns (kills),  Tajive (frames alive), App (area under HP curve),

Agtamina (area under stamina curve), Agamage (area under damage-per-bullet curve).

These are the raw quantities on which the derived metrics below are built. They are reported for
completeness but are not used as primary evidence: App, Agstamina; and Agamage are accumulators
and therefore correlate with Tyjive; Nkis and Taiive are the volume measures on which the targeted
failure is defined.

Derived metrics. Six normalized quantities are computed from the base metrics:

2
g — Niins g Ny g — Ny
1= T 5 2 = A ) 3 = T A ;
alive stamina alive “1damage
r AHP r Astamina r Adamage
HP = ) stam — ) dmg — .
Talive Talive Talive

Sy is the kill rate, So is kills per unit of accumulated stamina (an engagement-efficiency measure),
and S3 is a damage-normalized kill rate. rgp, rstam, and rqmg are the per-frame HP, stamina, and
damage rates; larger values indicate a policy that maintains a higher combat capacity per unit
time. All six are higher-is-better.

"https://github.com/bistoyek21-ric/StrikeForce/blob/main/StrikeForce-client/
StrikeForce-Lab-Protocol.md
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Composite metrics. Three kill-weighted resource metrics are defined as

M o Nkills AHP M _ Nkills Astamina M o Nkills Adamage
HP — Ta stam — TQ—, dmg — TQ—
alive alive alive

Each metric combines the kill count with a resource accumulator and normalizes by squared episode
duration, which penalizes duration more strongly than a single-time normalization: when a resource
accumulator grows approximately linearly with time, the metric behaves roughly like kills per unit
time multiplied by the average resource level per unit time. It therefore measures a duration-
normalized engagement-resource trade-off, not total accumulated combat output. A policy that
survives for a long time while producing few Kkills is penalized, while a policy that produces kills
and maintains resource capacity can score well. This interpretation is useful for comparing policies
under the same episode protocol, but the metric is a designed proxy rather than a universally valid
measure of policy quality. We consequently report it alongside the base and derived metrics rather
than treating it as standalone proof of behavioral repair.

Why the evaluation does not use an argmax-based failure rate. One candidate metric is
the per-frame failure rate, defined as the fraction of decisions on which the raw argmax of fy(s) does
not match an operationally defined task-correct action. We do not use this metric, for two reasons.
First, it is not a genuine measurement of policy behavior: the argmax is a single point in the simplex,
and small logit perturbations near the decision boundary can flip a decision without producing any
behavioral change, so the metric can move by e-perturbation rather than by genuine repair. Second,
the metric is self-referential: it is aggregated over the state distribution d,(s) induced by the policy
itself, so a policy can improve its apparent failure rate by shifting d, toward low-risk states without
changing behavior on F. Both issues are absent from the rate-based and composite metrics above,
which are aggregated over a fixed episode budget rather than over a policy-dependent trajectory
length. The operational definition of failure on which Dgy is constructed remains in Section 8.3
for provenance; the empirical evaluation of the repair is based on the rate-based and composite
metrics.

11.4 Results

The evaluation contains 64 valid paired episodes for each checkpoint (P, B, and F'), with no mal-
formed data blocks. Composite metrics are computed per episode using a squared-time denominator

2
(Talive)‘
Metric P (90) B (9*) F (GFT)
Totive 11908 £ 6714 10991 + 5920 9630 + 4554
Niins 184.1 +£100.0 188.5 £ 88.9 167.8 = 78.5
Ayp (1.032 + 0.680) x 108 (0.989 + 0.594) x 108 (0.804 + 0.502) x 108

Agtamina  (1.214 +0.456) x 108 (1.150 +0.410) x 10®  (1.050 + 0.351) x 108
Adamage  (2.277 £1.739) x 107 (2.374 £ 1.572) x 107 (2.050 & 1.340) x 107

Table 1: Base metrics, mean + standard deviation across 64 episodes.
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Metric

P

B

F

S1 = Niins/ Tative
52 = Nkills/Astamina
Sz = ngills/(TaliVeAdamage)

0.015658
1.45085 x 106
1.46705 x 10~7

0.017330
1.58657 x 10~
1.53449 x 1077

0.017615
1.55798 x 107°
1.58177 x 10~

rip = Anp /Tative 8540.28 8876.13 8243.26
Tstam = Astamina/Talive 11021.9 11089.0 11451.8
Tdmg = Adamage/Talive 1800.78 2075.10 2050.61

Table 2: Derived metrics. Entries are means of the episode-level metrics; bold marks the largest

mean in each row.

Metric P B F
Mup = NinsAup /T3 e 133.708 153.412  145.013
Mitam = NiinsAstamina/Ta5e  173.693  193.041 202.676
Mamg = NiinsAdamage/ T 3ive 28.7439  36.5019 36.6080
Mean relative composite score  0.8379 0.9832 0.9818

Table 3: Composite metrics, computed with

T2

alive

in the denominator.

The relative score is the

mean of each model’s three composite metrics normalized by the across-model maximum for each
metric.

11.5 Paired Statistical Analysis

All pairwise tests use the 64 matched episodes. The analysis reports paired t-tests or Wilcoxon
signed-rank tests as appropriate, and Benjamini-Hochberg correction across the 42 tests (three
pairs by 14 metrics). The table below highlights the principal corrected results; the complete test

summaries are in Appendix Tables 5 —7.

Pair Metric (difference is second minus first) A qFDR d,
PvsB S, (B-P) +0.001672 < 0.001 +0.62
PvsB S (BP) +1.357x 1077 0.0051 +0.44
Pvs B 7amg (B-P) +274.32  0.0123 +0.40
Pvs B Mup (B-P) +19.70  0.0015 40.51
Pvs B  Mgam (B-P) +19.35  0.0175 +40.38
Pvs B Mamg (B-P) +7.758 < 0.001 +40.56
PvsF S; (F-P) +0.001957 < 0.001 +0.67
PvsF  ramg (F-P) 424983 0.0334 +0.34
PvsF Mgam (F-P) +28.98  0.0019 +0.60
Pvs F  Mamg (F-P) +7.864  0.0051 +40.51
BvsF rgp (F-B) —632.87 0.0442 —0.30
BvsF Aup (F-B) —1.847 x 107 0.0177 —0.24

Table 4: Selected paired comparisons. Positive A means the second checkpoint has a larger value;
the interpretation as an improvement depends on the metric.

Figure 1 visualizes the same corrected results across all fourteen metrics and all three pairwise

comparisons, with 95% confidence intervals on the paired mean difference and a filled /open marker
convention for corrected significance. The summary rows of Table 4 highlight the principal effects;
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the figure shows the distribution of effect sizes and the location of the Benjamini—-Hochberg threshold
across the full set of 42 tests.

Pairwise effect sizes

BovsB* 6o Vs Brr

Mp = KAgma/T?
1o = AdmglT
S2=KIA;
53=K2(TAgmg)
S1=KIT

T

S3= K?/(T Admg)

Adamage

Mg = KAstam/T?
1y =AuplT s
My = KAplT?
Fo=AstanT

Mo = KAstam/ T2
7> = Admol T
S2=KIAs

My = KAp/T?
Mp = KAgmg/T?
S1=KIT

Figure 1: Paired effect sizes with 95% confidence intervals on the paired mean difference A =
My — M, for all fourteen metrics across the three pairwise comparisons (P vs B, P vs F, B vs
F). Filled markers indicate grppr < 0.05 after Benjamini-Hochberg correction across the 42 pair-
by-metric tests of Section 11.5; open markers indicate comparisons that are not significant after
correction.

11.6 Interpretation of Results

The EWCHKD checkpoint improves several engagement-oriented metrics over the
pre-repair checkpoint. Compared with P, B has significantly higher kill rate S; (¢ < 0.001,
d, = 0.62), kills per accumulated stamina Sy (¢ = 0.0051, d, = 0.44), damage rate 74mg (¢ = 0.0123,
d, = 0.40), and all three composite metrics: Myp (¢ = 0.0015, d, = 0.51), Mgam (¢ = 0.0175,
d, = 0.38), and Mgmg (¢ < 0.001, d, = 0.56). The composite gains are approximately 14.7%,
11.1%, and 27.0%, respectively, relative to P. By contrast, the raw kill count, survival time, and
accumulated resource totals do not show corrected significant differences between P and B. This
pattern is consistent with improvement in normalized engagement and kill-weighted resource use,
rather than a demonstrated increase in the total number of kills or episode duration.

Figure 2 summarizes the resulting profile across the six engagement-oriented metrics that show
corrected significant differences in at least one pairwise comparison. Because each axis is min-max
normalized across the three checkpoints, the figure is a descriptive profile rather than an inferential
test; the corrected g-values reported above and in the appendix remain the basis for the statistical
claims.
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Normalized comparison across all metrics bo

s3 S2=K/As — 6
— O

Kills

M_HP M_Sigma

Figure 2: Normalized profile of the three checkpoints over the six engagement-oriented metrics
that show corrected significant differences in at least one pairwise comparison (S1, S2, rdmg, Mup,
Mtam, Mamg; Section 11.5). Each axis is min-max normalized across the three checkpoints, so that
the best checkpoint on a given axis scores 1 and the worst scores 0. The figure is descriptive and
is not used as an inferential test.

Naive fine-tuning also improves some engagement measures, but does not uniformly
dominate the repaired checkpoint. Compared with P, F significantly improves S; (¢ < 0.001),
Tdmg (¢ = 0.0334), Mgtam (¢ = 0.0019), and Mgmg (¢ = 0.0051). The difference between B and F in
S is not significant (¢ = 0.6506); therefore the data do not establish that either repair procedure is
better on kill rate. F has a slightly higher mean Mg, (36.608 versus 36.502), but that difference is
not significant (¢ = 0.9606). F’s mean Mgtan is also higher, but the B-F difference is not significant
(¢ =0.3017).

Preservation evidence is mixed, not uniformly favorable to B. B has a higher mean
HP rate than F (8876 versus 8243), and the paired B-F comparison is significant after correction
(¢ = 0.0442). Total accumulated HP is also higher for B than F in the reported corrected comparison
(¢ = 0.0177). However, these comparisons alone do not prove global behavioral preservation, and
most other B-F comparisons are not significant. We therefore interpret the results as evidence that
EWC+KD changes the repair—preservation trade-off, not as proof that it preserves every aspect of
the original policy.

Pareto comparison and overall summary. Table 3 places the three checkpoints in the two-
dimensional plane of mean raw kills and corrected composite damage Mgyg. Reading the two
columns jointly, P is Pareto-dominated: it is lower than B on mean kills (167.81 vs. 188.47) and
lower than F on Mgmg (28.74 vs. 36.61), so no reader can prefer P on either axis. Both B and F
are Pareto-optimal: B has more mean kills (188.47 vs. 167.81), whereas F has a marginally larger
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Mgmg (36.61 vs. 36.50). The normalized mean composite scores are 0.8379 for P, 0.9832 for B, and
0.9818 for F. These scores are descriptive summaries, not inferential tests; B and F are nearly tied
on this aggregate. Figure 3 visualizes this comparison.

Pareto frontier: kills vs composite damage output
UFT ]

37

36

35 1

Mp = KAdmg/T
w
w

w
N

30 A

29 A .60
170 175 180 185
Mean kills per episode

Figure 3: Pareto frontier in the plane of mean kills per episode and the corrected composite damage
metric Mamg = NiillsAdamage/ Tglive. P is dominated by B; both B and F are Pareto-optimal, with
B producing more mean kills and F a marginally larger Mgme. This figure summarizes the two-
dimensional comparison described in the surrounding text and is descriptive rather than inferential.

Limitations. The experiment evaluates three checkpoints on 64 paired episodes in one environ-
ment and uses episode-level proxy metrics rather than a direct behavioral-failure rate. The findings
support claims about these measured metrics under this evaluation protocol; they do not establish
universal repair guarantees or rule out regressions on unmeasured behaviors. The figures in this
section visualize the same measurements that the tables and paired test summaries report; they
are not independent measurement runs and do not carry additional statistical information beyond
what the tables and their corrected g-values already provide.
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A Full Paired Statistical Results

For each comparison, A is the second checkpoint minus the first. gppr denotes the Benjamini—
Hochberg adjusted p-value across the 42 pair-by-metric tests. The wins column counts episode
pairs favoring the first and second checkpoint, respectively.

Metric (A = B — P) A mean gFDR d, Wins P:B
Niins +4.344 0.8128 0.04 34:29
Talive ~916.844  0.5542 —0.11 37:27
Aup —4.291 x 106 0.7785 —0.05 35:29
Astamina —6.409 x 106 0.5542 —0.10 37:27
Adamage 1066423  0.8102  0.04 33:31
S1 +0.00167182 < 0.001 0.62 17:47
Sa +1.35721 x 107 0.0051 0.44 21:43
Ss3 +6.74418 x 102 0.5310 0.11 24:40
THP +335.846 0.3340 0.16 29:35
Tstam +67.119 0.8128 0.03 35:29
Tdmg +274.319 0.0123 0.40 27:37
Myp +19.7043 0.0015 0.51 21:43
Mstam +19.3478 0.0175 0.38 24:40
Mamg +7.75799 < 0.001 0.56 20:44

Table 5: Full P-B paired comparison.

Metric (A = F — P) A mean gFDR d. Wins P:F
Nyinls —16.313 0.6728 —0.12 33:31
Thlive 227775 0.1628 —0.28 36:28
Aypp —2.276 x 107 0.0891 —0.26 37:27
Astamina —1.637 x 107 0.0752  —0.29 38:26
Adamage 2260 x 106 0.7023 —0.10 32:32
S1 +0.00195713 < 0.001 0.67 20:44
Sa2 +1.07132 x 107 0.0752 0.24 24:40
S3 +1.14717 x 10~8 0.2095 0.20 26:38
THP —297.025 0.4499 —0.12 34:30
Tstam +429.849 0.1981 0.21 28:36
Tdmg +249.833 0.0334 0.34 27:37
Mip 1£11.3052  0.1533  0.24 24:40
Mstam +28.9827 0.0019 0.60 22:42
Mimg +7.86402  0.0051  0.51 27:37

Table 6: Full P-F paired comparison.

Metric (A =F — B) A mean GFDR d. Wins B:F
Niiis —20.656 0.1867 —0.17 36:28
Tolive —1360.91 0.1867 —0.18 39:25
Agmp —1.847 x 107 0.0177 —0.24 43:21
Astamina —9.964 x 105 0.2439 —0.19 39:25
Adamage —3.236 x 106 0.1981 —0.15 39:25
S +0.000285309  0.6506 0.08 32:32
Sa —2.85897 x 1078  0.5542 —0.07 35:29
S3 +4.72752 x 109 0.6506 0.08 30:34
THP —632.872  0.0442 —0.30 41:23
Tstam +362.730  0.2574 0.18 26:38
Tdmg —24.4861 0.8128 —0.03 34:30
Myp —8.39911  0.2602 —0.18 36:28
Mstam +9.63497  0.3017 0.17 27:37
Mimg +0.106034  0.9606 0.01 36:28

Table 7: Full B-F paired comparison.
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