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Abstract

Fine-tuning large language models on down-
stream tasks often degrades their safety align-
ment, a problem that compounds during se-
quential adaptation. We introduce Conditional
Information Bottleneck (CIB), which preserves
safety by encouraging fine-tuned representa-
tions to remain close to those of an aligned
reference model. Our insight is that aligned
models already encode safety-relevant struc-
ture, serving as implicit supervision without
requiring safety labels. Information-theoretic
analysis shows that maximizing mutual in-
formation between fine-tuned and reference
representations preserves this structure, while
the alignment tax—the performance cost of
safety constraints—remains small for benign
tasks where task labels are largely indepen-
dent of safety structure. Experiments across
multiple model families demonstrate substan-
tial safety improvements with minimal perfor-
mance degradation, and strong correlations be-
tween our theoretical quantities and harm rates
validate our analysis.

1 Introduction

Large language models (LLMs) have achieved re-
markable capabilities across diverse tasks, from
reasoning and coding to creative writing and sci-
entific analysis. This success has shifted the ma-
chine learning paradigm from training task-specific
models toward efficiently adapting powerful pre-
trained foundations. However, full fine-tuning
of billion-parameter models remains computation-
ally prohibitive for most practitioners, motivating
the development of parameter-efficient alternatives.
Parameter-efficient fine-tuning (PEFT) methods
have emerged as practical solutions for adapting
LLMs to downstream tasks with minimal param-
eter updates, including adapters (Houlsby et al.,
2019), prefix/prompt tuning (Li and Liang, 2021;
Lester et al., 2021), and Low-Rank Adaptation
(LoRA) (Hu et al., 2021). These methods impose

explicit structural constraints: adapters insert small
bottleneck modules, prompt tuning restricts learn-
ing to continuous embeddings, and LoRA confines
updates to low-rank subspaces. Such constraints
create deliberate information bottlenecks that align
naturally with the Information Bottleneck (IB) prin-
ciple (Tishby et al., 2000)

p{%‘() I(X;Z) - BI(Z;Y), (1

which seeks representations Z that compress input
X while preserving information about target Y.

Recent work has successfully applied IB princi-
ples to various LLM challenges, including reducing
memorization (Wang et al., 2024), improving rea-
soning (Lei et al., 2024), and defending against
jailbreak attacks (Liu et al., 2024). Yet these pri-
marily address specific applications or input-level
perturbations. A critical question remains:

How can we leverage IB principles to preserve
safety alignment during fine-tuning itself?

This question is urgent because even fine-tuning
on benign tasks (e.g., mathematics, coding) can
degrade safety alignment (Qi et al., 2023; Yang
et al., 2023), making models vulnerable to harmful
requests. Standard fine-tuning provides no mech-
anism to distinguish safety-relevant features from
task-specific features during compression. This
problem intensifies during sequential adaptation
across multiple tasks, where safety erodes progres-
sively. Existing solutions either require explicit
safety labels (Hsu et al., 2024) or apply uniform reg-
ularization that fails to selectively preserve safety-
relevant information (Rosati et al., 2024).

We address this via the Conditional Information
Bottleneck (CIB) principle (Fischer, 2020). Our
key insight: aligned pre-trained models already
encode safety in their representations, providing
implicit supervision without requiring safety labels.
We condition fine-tuning on the reference model
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Figure 1: CIB Framework Overview. Input X passes through both the frozen reference model fy, and the
LoRA-adapted model fy. The contrastive loss maximizes mutual information I(Z; Z.¢) between representations,
preserving safety-relevant structure from the aligned reference. Hard negatives are mined based on representation
divergence and task loss (h; = (1 — cos(z;, zref,;)) - £;). The combined objective £ = Lk + ALcontrastive Updates
only LoRA parameters while maintaining safety alignment.

foo:
pér'l)icl}c)f(X;ZIC)—BI(Z;YIC), C = fo(X).
()

Besides, a natural concern is whether preserving
safety compromises task performance. We formal-
ize this trade-off as the alignment tax: the reduc-
tion in task-relevant information due to safety con-
straints. Our analysis provides two results: (1) for
deterministic representations, conditioning reduces
compression by exactly I(Z; C) (Theorem 1), di-
rectly motivating maximizing mutual information
with the reference model; (2) the alignment tax
is bounded by I(Y’; C) (Proposition 1), the mu-
tual information between task labels and reference
representations. For benign tasks—where correct
answers do not depend on circumventing safety
mechanisms—I(Y'; C) is empirically small, ex-
plaining why CIB preserves safety with minimal
performance cost.

While prior work applies IB to jailbreak de-
fense (Liu et al., 2024) or general LLM tasks (Wang
et al., 2024; Lei et al., 2024), our contribution is an
information-theoretic framework specifically for
safety-preserving fine-tuning, complementing geo-
metric perspectives (Safe LoRA (Hsu et al., 2024))
and gradient-based analyses (SafeGrad (Wu et al.,
2025)).

Key Contributions.

1. An information-theoretic analysis of safety-
preserving fine-tuning, establishing compres-

sion decomposition and bounding the align-
ment tax.

2. A practical contrastive learning algorithm that
conditions on reference model representations
without requiring safety labels.

3. Empirical validation showing substantial
safety improvements with minimal perfor-
mance cost and strong correlation with the-
oretical predictions.

Organization. Section 2 establishes background
and formalizes the problem. Section 3 develops
the analysis for our method. Section 4 derives the
algorithm. Section 5 presents empirical validation.

2 Preliminaries

We establish the information-theoretic background
and formalize the problem setup for safety-
preserving LLM fine-tuning.

2.1 Information Bottleneck Background

Let X, Y, and Z denote random variables repre-
senting inputs, targets, and learned representations,
respectively. We denote the entropy of X as H (X),
the conditional entropy of X given Y as H(X|Y'),
and the mutual information between X and Y as:

I(X;Y)=H(X)-H(X|Y)=H(Y)-H(Y|X).
3)

Mutual information quantifies the amount of infor-

mation that one variable provides about another.



The Information Bottleneck (IB) princi-
ple (Tishby et al., 2000) provides an information-
theoretic framework for learning compressed
representations. Given input X and target Y, IB
seeks a representation Z that solves:

p{ggl()[(X,Z) BI(Z,Y), ()]
where 5 > 0 controls the trade-off between
compression (minimizing I(X; Z)) and prediction
(maximizing I(Z;Y)). In deep learning, repre-
sentations are typically deterministic functions:
Z = fp(X). In this case, H(Z|X) = 0, and
the compression term I(X; Z) simplifies to H(Z),
encouraging compact representations.

2.2 Conditional Information Bottleneck

While IB provides a principled framework for com-
pression, it lacks a mechanism to direct compres-
sion toward preserving specific properties. The
Conditional Information Bottleneck (CIB) (Fischer,
2020) extends IB by introducing a conditioning
variable C' that guides the compression process:
min I(X;Z|C) - BI(Z;Y|C). (5)
p(Z]1X,0)
The key distinction from standard IB is the con-
ditioning on C' in both terms:

* Conditional Compression /(X ; Z|C): Mea-
sures the information Z retains about X be-
yond what is explained by C'. Minimizing this
encourages Z to depend on X only through
C-relevant features.

* Conditional Prediction /(Z;Y|C): Mea-
sures the predictive information Z provides
about Y given C'. Maximizing this ensures Z
remains useful for the task within each condi-
tioning context.

2.3 Problem Formulation

We formalize fine-tuning a pre-trained LLM with
parameters 6y on a downstream task while preserv-
ing safety alignment. Let fg, : X — Z denote the
pre-trained model’s representation mapping, and
fo : X — Z denote the fine-tuned model.

Definition 1 (CIB Fine-tuning). Given dataset
D = {(xs, yl)}f\il where v; € X and y; € Y,
and reference model fy, providing conditioning via
representations Zyf = fo,(X ), we learn parame-
ters 0 minimizing:

meinI(X;Z|Zref)_/BI(Z;Y‘Zref)a Z:fB(X)-

(6)

We employ LoRA (Hu et al., 2021) for
parameter-efficient adaptation:

W, « Wi+BA;, B; € R" A e R™F,

(M
where £ denotes the adapted layers. This low-rank
constraint provides implicit regularization, which
we complement with explicit CIB-guided training.

3 Analysis

We establish two key results: (1) conditioning
reduces compression by exactly I(Z;C) (Sec-
tion 3.1), motivating our contrastive learning ap-
proach; and (2) a bound on the alignment tax—the
performance cost of safety constraints—showing
it is bounded by I(Y’; C') and empirically small for
benign tasks (Section 3.2).

3.1 Compression Reduction under
Conditioning

For deterministic representations, conditioning
on C reduces compression by exactly I(Z;C).
This decomposition directly motivates maximiz-
ing I(Z; C') to minimize conditional compression
1(X;Z|C).

Theorem 1 (Compression Reduction). For deter-
ministic representations Z = f(X):

I(X;Z|C)=1(X;2)—1(Z;0). ®)
Proof. See Appendix A.1 0

Theorem 1 follows from standard information-
theoretic identities; its value lies not in mathemat-
ical novelty but in its direct prescription for algo-
rithm design: to minimize conditional compression,
maximize I(Z; C') with the reference model. The
compression gap I(Z; C') measures how much C'
explains about Z. This quantity is larger when
fine-tuned representations preserve structure from
the conditioning variable, directly motivating maxi-
mizing I(Z; C') to minimize I (X; Z|C). Note that
0<I(Z;C) <min{H(Z),H(C)}.

3.2 Alignment Tax: Performance Cost of
Safety

When fine-tuning on a downstream task while pre-
serving safety, does enforcing safety constraints
hurt task performance? We formalize this trade-off
as the alignment tax.

Definition 2 (Alignment Tax). Consider fine-
tuning on task labels Y while conditioning on

r < min(d, k),



safety-relevant structure C. The alignment tax is
the reduction in task-relevant information:

Tax(Y,C)=1(Z;)Y) - 1(Z;Y|C). (9

The alignment tax measures how much repre-
sentation Z loses in predictive power for Y when
conditioning on safety constraints C. A large tax
indicates conflict; a small tax suggests compatibil-
ity.

Proposition 1 (Alignment Tax Bound). The align-
ment tax is bounded by:

Tax(Y,C) < I(Y;O). (10)
Proof. See Appendix A.2 O
When is the alignment tax small? The bound

shows the tax is small when /(Y; C') is small, in-
dicating that task correctness and safety are highly
independent. For benign downstream tasks (math-
ematics, coding, medical QA), the correct answer
does not depend on safety constraints. A mathemat-
ical solution is correct or incorrect independent of
safety properties, implying small 7(Y’; C'). Recent
work supports this: (Wu et al., 2025) observes non-
conflicting task and safety gradients on benign data,
while (Kim et al., 2025) shows safety degradation
stems from optimization issues rather than funda-
mental task-safety conflicts. Additionally, well-
aligned pre-training ensures safety constraints are
implicitly satisfied by competent solutions, avoid-
ing new conflicts during fine-tuning. Section 4
operationalizes these insights through contrastive
learning that maximizes I(Z; C).

Identifying High-Tax Samples. While the
population-level I(Y'; C) is small for benign tasks,
individual samples may still incur an alignment tax.
Samples where the fine-tuned representation 2 di-
verges from the reference C' while exhibiting high
task loss are candidates in which task adaptation
conflicts with the safety structure. This motivates
our hard negative mining strategy (Section 4.4): by
identifying samples with both high divergence and
high task loss, we focus contrastive learning on the
decision boundary where safety-task tensions are
most pronounced.

4 Method: CIB-Guided Fine-tuning

We translate our theoretical insights into a practi-
cal algorithm. Section 3 established that maximiz-
ing I(Z; C') minimizes conditional compression
I(X; Z|C) and reduces the alignment tax. We op-
erationalize this through contrastive learning.

4.1 Algorithm

From Theorem 1, minimizing I(X; Z|C) for deter-
ministic representations is equivalent to:

min [(X; Z|C) =min I(X; Z) — max I(Z;C).
(11)

Since LoRA constrains representation capacity,
the key optimization target becomes maximizing
1(Z;C).

We maximize I(Z; C') via contrastive learning.
Following (Oord et al., 2018), the InfoNCE objec-
tive provides a tractable lower bound:

I(Z;C) > log(K 4 1) — LinfoNCE, (12)
where
r - . 68(2,2+)/T
InfoNCE = —IL(, ,+) 10g -
( ) es(z2M)/7 4 Zle S22/
(13)

zf shares the same C' value as z;, and {z]_ szl
have different C' values, and s(z, 2") = cos(z, 2’)
is cosine similarity.

4.2 Overall Training Objective

The CIB-guided fine-tuning objective combines
task performance with safety preservation:

L= £task + )\ﬁcontrastivey (14)

N -
where Ly = —% > o1 log pe(yilx;) optimizes
task performance, Lcontrasiive maximizes I(Z; C'),
and A\ > 0 controls regularization strength.

4.3 Safety-Preserving Contrastive Loss

Reference representations as conditioning. Let
Zret = fo,(X) denote representations from the
aligned reference model’s last hidden layer, and
Z = fp(X) denote fine-tuned representations. Our
contrastive objective maximizes I (Z; Zef):

eS(Z,Zref)/T

»Csafety = _E(z,zref) log

e5(%:zef) /T 1 Zszl 68(273]?)/7'

(15)
where (2;, 2rf,;) forms a positive pair (same input,
different models), {z; ]K:1 are negatives sampled
from a queue, and s(z, 2’) = cos(z, 2) is cosine
similarity.

We implement conditioning not through explicit
conditional distributions p(Z|X, C), but through a
regularization that encourages Z to preserve struc-
ture from C'. This soft conditioning via contrastive
learning is analogous to how knowledge distilla-
tion implements implicit conditioning on teacher
representations.



4.4 Hard Negative Mining.

Section 3.2 showed that alignment tax concentrates
on samples where task adaptation conflicts with
safety-relevant structure. We operationalize this
insight by defining sample hardness:

h,‘ = (1 — COS(ZZ', Zrefyi)) . &, (16)
where the first term measures representation diver-
gence from the reference (potential safety drift) and
l; = —log pg(yi|z;) measures task difficulty. Sam-
ples with high h; exhibit both properties: the model
struggles on the task and its representations devi-
ate from safety-aligned structure. Using these as
hard negatives focuses contrastive learning on the
decision boundary where safety-task conflicts are
most pronounced. We maintain a priority queue Q
of size M and sample top-K candidates, following
semi-hard mining principles (Schroff et al., 2015)
to avoid destabilizing gradients from extremely
hard negatives.

5 Experiments

We evaluate CIB on safety-preserving fine-tuning
across single-task and sequential learning scenarios.
Our experiments investigate: (1) whether CIB pre-
serves safety during task-specific fine-tuning, (2)
whether it maintains alignment throughout contin-
ual domain adaptation, and (3) whether empirical
improvements correlate with /(Z; C') as predicted
by theory.

Models. We evaluate on three model fami-
lies: Llama-2-7B-Chat, Llama-3.1-8B-Instruct
(Grattafiori et al., 2024), Qwen2.5-7B-Instruct
(Yang et al., 2024), and Qwen3-4B-Instruct (Yang
et al., 2025), all with RLHF-based safety align-
ment.

CIB Hyperparameters. We use contrastive
weight A = 5.0, temperature 7 = 0.2, queue size
M = 512, and K = 64 negatives per batch.

5.1 Safety Preservation During Fine-Tuning

Setup. Following (Qi et al., 2023), we fine-tune
aligned models on Dolly (Conover et al., 2023),
a 15,000-sample instruction dataset, using LoRA
with rank » = 32, a = 64 for one epoch.

Baseline. We compare against standard LoRA
and three safety-preserving fine-tuning baselines:
Vaccine (Huang et al., 2024d) (adversarial pertur-
bations), Safe LoRA (Hsu et al., 2024) (subspace

projection), and Sal.LoRA (Li et al., 2025b) (or-
thogonal safety module). The "Base" row shows
pre-aligned models without task fine-tuning as a
reference.

Metrics. We measure (1) Eval: cross-entropy
loss on Dolly test set (task adaptation quality); (2)
HRR!: harmful response rate on AdvBench ad-
versarial prompts (Zou et al., 2023) (safety); (3)
zero-shot capabilities on ARC-Challenge, GSMS8K,
ToxiGen, and Truthful QA.

Results. CIB achieves the strongest safety across
model families. On Llama-3.1-8B, CIB reaches
4.8% HRR versus 8.1% for the next-best method
(SaLLoRA), while maintaining task performance
(Eval: 1.3 vs 1.2) and leading on ARC-Challenge
(52.9). On Qwen-2.5-7B, CIB reduces HRR to
1.5% (versus 3.4% for SalLoRA) while achieving
best performance on ARC-Challenge (55.3) and
GSMSK (79.9). For Llama-2-7B, CIB matches
perfect safety (0.0% HRR) with comparable capa-
bilities. Standard LoRA consistently shows best
task adaptation (Eval) but severe safety degrada-
tion (16.7-25.5% HRR), confirming the need for
safety-preserving methods.

Alignment Tax Validation. Proposition 1 pre-
dicts alignment tax is bounded by I(Y"; C'), which
is small when task correctness and safety are inde-
pendent. Table 1 confirms this: CIB reduces HRR
from 25.5% to 4.8% on Llama-3.1-8B, a 20.7 per-
centage point reduction. Across all models, CIB
maintains > 95% of standard LoRA’s task perfor-
mance while improving safety by 3-8, validating
that 7(Y; C) is negligible for benign tasks.

5.2 Continual Safety Alignment

Setup. We evaluate sequential adaptation where
models fine-tune continuously across tasks: Dolly
(general instructions) — GSM8K (mathematics) —
MedMCQA (medical QA) — SQuAD v2 (reading
comprehension). We begin with Dolly to reduce
initial over-refusal behavior common in RLHF-
aligned models, enabling more reliable safety eval-
uation on subsequent tasks. We acknowledge this
ordering may favor methods that preserve the post-
Dolly safety level. LoORA weights are updated se-
quentially without resetting between tasks (rank
32, a0 = 64, Ir=1 x 1074, 1 epoch per task). We

"Harmful Response Rate (HRR) is evaluated using Llama-
Guard-3-8B (Inan et al., 2023) as an automated safety classi-
fier. See Appendix C.6 for details.



Methods | Eval| HRR| | ARC-C GSMS8K ToxiGen TruthfulQA
Llama-3.1-8B
Base \ 1.9 14 \ 52.0 75.2 53.3 45.5
LoRA 1.2 25.5 51.2 72.4 449 39.0
Vaccine 1.3 21.3 443 39.5 434 34.1
Safe LoRA 1.3 11.0 51.1 75.6 48.7 42.0
SalLoRA 1.2 8.1 52.3 75.7 49.3 41.8
CIB (Ours) 1.3 4.8 52.9 74.8 48.4 42.7
Qwen-2.5-7B
Base \ 3.6 0.0 \ 53.0 76.4 57.2 56.3
LoRA 1.2 24.7 55.0 60.2 57.2 44.5
Vaccine 1.2 19.3 54.6 74.3 57.9 44.5
SalLoRA 1.2 3.4 55.0 69.5 57.2 49.2
CIB (Ours) 1.3 1.5 55.3 79.9 57.3 50.9
Llama-2-7B
Base \ 2.5 0.0 \ 433 20.1 52.9 37.2
LoRA 1.1 21.4 44 4 19.6 44.7 32.3
Vaccine 1.1 16.7 42.6 11.6 41.1 31.7
Safe LoRA 1.2 0.0 45.6 21.5 43.8 33.1
SalLoRA 1.1 0.0 45.9 23.6 49.5 34.7
CIB (Ours) 1.2 0.0 45.9 20.9 47.8 32.3

Table 1: Safety-preserving fine-tuning results. CIB achieves superior safety (lowest HRR among fine-tuned models)
with competitive task performance. Base shows pre-aligned models without task fine-tuning, serving as a reference
for the safety ceiling (lowest achievable HRR) and capability baseline. The meaningful comparison is among
fine-tuned methods (LoRA through CIB). Bold indicates the best fine-tuned model performance. Single-task
experiments use fixed random seeds for reproducibility. Table 2 reports the mean + std over 3 runs for continual
learning due to higher variance from sequential training.

compare against standard LoRA, random sample
selection, KL regularization, and O-LoRA (Wang
et al., 2023). The task order begins with Dolly
to reduce initial refusal behavior, enabling more
reliable safety evaluation on subsequent tasks.

Metrics. We measure safety (HRR on Ad-
vBench), truthfulness (TruthfulQA), general ca-
pabilities (ARC-Challenge, BoolQ, HellaSwag,
Winogrande), and backward transfer (BT: average
accuracy on GSMS8K, MedMCQA, and SQuAD
v2 evaluated after completing all four tasks; Dolly
excluded as a generation task).

Results. CIB achieves the lowest HRR across all
models: 4.7% (Qwen-2.5-7B), 4.9% (Llama-3.1-
8B), and 1.4% (Qwen-3-4B), representing 7.8x,
9.0x, and 11.9x reductions versus standard LoRA,
and 3.5x, 4.8%, and 4.5x improvements over O-
LoRA. This validates that maximizing I(Z;C)
throughout sequential adaptation preserves safety-
relevant structure even as models acquire new task
knowledge.

For continual learning, CIB maintains competi-
tive backward transfer (51.4-58.6%) and achieves

the highest ARC-Challenge scores across all mod-
els (57.5-60.7%). On TruthfulQA, CIB performs
comparably to or better than baselines, with notable
gains on Qwen-2.5-7B (47.7% vs 38.2-42.9%).
Performance on BoolQ, HellaSwag, and Wino-
grande remains competitive, demonstrating that
safety preservation does not compromise general
capabilities.

5.3 Validating the Information-Theoretic
Framework

Theorem 1 predicts that maximizing I(Z;C) re-
duces conditional compression I(X;Z|C'), pre-
serving safety-relevant information. We vali-
date this by analyzing the relationship between
I1(Z; C) and safety across contrastive weights \ €
{1,2,5,10}.

Measuring [(Z;C). We estimate I(Z;C') using
the InfoNCE lower bound (Oord et al., 2018):

I(Z; C) > log(K + 1) - ﬁcontrastivea (17)

where K = 512 negative samples. We compute
this bound after training for each (model, A) con-
figuration.



Method | HRR| | TruthQA | BT | ARC-C BoolQ HellaSwag  WinoG
QOwen-2.5-7B
LoRA 36.7+136 | 382+12 | 61.3+09 | 580+15 86.4+1.0 79.2 £05 723 +03
Random | 31.1 +143 | 384 +1.1 | 62.2+26 | 58.1 £06 859 +20 79.4 +£03 723 £05
KL 335+134 | 37.8 £13 | 61.7+21 | 583 +17 862414 79.1 £ 04 723 +04
O-LoRA | 1654197 | 429 +10 | 53.0+08 | 56.6 £09 86.1 £1.2 79.3 £ 04 71.8 £0.6
CIB 4.7 +29 477 £07 | 58.6 £34 | 57.5+08 843+16 80.4 +0:2 69.5 +£05
Llama-3.1-8B
LoRA 442 £225 | 37.8+07 | 51.5+1.0 | 563 +13 848410 77.9 £05 73.8 £05
Random | 3194233 | 38.6+17 | 51.9+19 | 56.9+15 848 +06 78.0 +0.3 73.6 £05
KL 43.6 £216 | 38.6 £08 | 50.7 £2.1 | 564 +15 849410 78.0 £0.6 74.0 £ 05
O-LoRA | 23.3+280 | 40.0 +10 | 545 +09 | 564 +12 84.7+06 78.3 £ 0.6 74.0 £ 0.7
CIB 49 423 3044+07 | 514+16 | 581 +04 84.4+04 78.6 £ 0.0 739 +05
Owen-3-4B
LoRA 166 +77 | 39.7+07 | 506 +10 | 59.8+15 86.2+05 71.0 +12  68.7+04
Random 11.8 +£58 | 40.1 £1.6 | 502 £39 | 602 +1.1 856+12 70.6 £0.8 68.7 £0.7
KL 178 +£70 | 39.7+08 | 522 +24 | 595+12 86.0+04 71.0 £12 69.0 +0.7
O-LoRA 6.8 £6.5 423 +£16 | 56.6 04 | 59.5+13 852408 70.7 £1.1 68.7 £0.7
CIB 14 +17 41.6 £05 | 554 +29 | 60.7 £05 86.6 +023 69.0 +0.1 66.9 +04

Table 2: Continual safety alignment results. Models fine-tune sequentially (Dolly — GSM8K — MedMCQA
— SQuAD v2) with LoRA weights updated continuously. BT measures backward transfer (average accuracy on
GSMSK, MedMCQA, SQuAD v2 after all tasks). CIB achieves superior safety with competitive, continual learning

performance.

Model X I(Z;C)t HRR(%), Eval| Utility

Llama-3.1-8B 1.0 2.98 15.4 1.2 62.2
2.0 3.05 6.7 1.2 62.1
5.0 3.10 4.8 1.3 62.4
10.0 3.13 2.1 1.4 62.0

Llama-2-7B 1.0 2.87 0.8 1.1 59.1
2.0 2.90 0.0 1.1 59.0
5.0 2.94 0.0 12 59.1
10.0 2.97 0.0 1.3 58.6

Qwen2.5-7B 1.0 2.87 5.0 1.2 62.8
2.0 2.97 2.5 12 62.4
5.0 3.03 1.5 1.3 62.6
10.0 3.06 1.2 1.5 62.4

Table 3: Ablation on contrastive weight A. Higher
I(Z; C) correlates strongly with lower HRR (Llama-
3.1: » = —0.98; Qwen2.5: r = —0.99) while utility
remains stable across A values.

Results. Figure 2(a) shows I(Z;C) increases
monotonically with A across all models, confirm-
ing our contrastive objective successfully maxi-
mizes mutual information with the reference model.
Panel (b) shows corresponding HRR decreases.
Critically, panel (c) reveals strong within-model
negative correlations: Llama-3.1-8B (r = —0.98,
p < 0.05) and Qwen2.5-7B (r —-0.99, p <
0.05). Llama-2-7B saturates at 0% HRR for \ > 2,
indicating complete safety preservation with mod-
est I(Z; C) increases. These correlations are con-
sistent with Theorem 1’s prediction that I(Z; C')

and safety preservation are linked, though we note
correlation does not establish that the contrastive
objective is the unique or optimal way to achieve
this effect.

Table 3 2 shows utility remains stable across A
values (variation < 0.5 points), confirming Propo-
sition 1: the alignment tax (Y’; C) is negligible
for benign tasks. Despite a narrow I(Z; C') range
(2.87-3.13 nats), small increases yield substantial
safety gains, where Llama-3.1-8B achieves 13.3
point HRR reduction with only AI(Z;C) = 0.15
nats, demonstrating the efficiency of our approach.

We conduct ablations to understand the contribu-
tion of each component.

Effect of Contrastive Weight A  We investigate
the impact of contrastive weight A\ on the safety-
performance trade-off. Increasing A substantially
reduces harmful response rates while minimally
affecting evaluation quality or general capabilities.
For Llama-3.1-8B, A\ = 10 achieves 7.3 x lower
HRR (2.1% vs 15.4%) compared to A = 1, with
only marginal Eval degradation (1.2—1.4). Llama-
2-7B reaches 0% HRR at A > 2, while Qwen2.5-
7B reduces HRR from 5.0% to 1.2%. Ceritically,
average utility remains stable across all settings

’Llama-2-7B saturates at 0% HRR for A > 2, limiting
correlation interpretation.
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Figure 2: Empirical validation of the information-theoretic framework. (a) I(Z; C') increases monotonically with
contrastive weight A. (b) Harmful response rate decreases with \. (c) Within-model correlation between I (Z; C') and
HRR shows strong negative relationships (Llama-3.1: » = —0.98; Qwen2.5: r = —0.99), validating Theorem 1’s

prediction that maximizing I(Z; C) preserves safety.

B LoRA 255 24.7

Qwen3-8B Llama-3.1-8B Qwen2.5-7B
Model

Figure 3: Comparison of negative sampling strategies.
Hard negative mining selects negatives with the highest
similarity to positives, achieving substantially lower
harmful response rates compared to random negative
selection. Both contrastive approaches dramatically
outperform baseline LoRA across all models.

(within £0.4 points), demonstrating that stronger
safety constraints preserve general capabilities. We
use A = 5 as the default, balancing safety improve-
ment and model quality.

Hard Negative Mining We compare three nega-
tive sampling strategies: (1) baseline LoRA with-
out contrastive learning, (2) random negative selec-
tion from the queue (Normal), and (3) hard neg-
ative mining that selects negatives with the high-
est similarity to positives (Hard). Figure 3 shows
harmful response rates across three models. Hard
negative mining substantially improves safety over
random selection. On Llama-3.1-8B, hard nega-
tives reduce HRR from 6.5% to 4.8% (26% relative
improvement). Qwen2.5-7B shows the strongest
effect, achieving 1.5% HRR with hard negatives
versus 3.0% with random selection (50% reduc-
tion). Both contrastive approaches dramatically

outperform baseline LoRA, which exhibits HRR
of 10.4 — 25.5% depending on the model. The
results demonstrate that mining informative nega-
tives, those close to the decision boundary, enables
more effective safety learning than random sam-

pling.
6 Conclusion

We introduced Conditional Information Bottleneck
(CIB) for safety-preserving LLM fine-tuning. Our
key insight is that aligned models encode safety
in their representations, allowing us to preserve
safety by conditioning on reference model outputs
without requiring explicit safety labels. We es-
tablished theoretical guarantees connecting mutual
information maximization to safety preservation
and bounded the alignment tax for benign tasks.
Experiments across multiple model families vali-
dated our framework, showing substantial safety
improvements with minimal performance cost in
both single-task and continual learning settings.

Limitations. CIB requires reference model ac-
cess during fine-tuning, limiting API-only scenar-
ios. The hard negative queue introduces memory
overhead. While effective against benign degra-
dation, CIB does not defend against adversarial
fine-tuning with explicitly harmful data.
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A Proofs

A.1 Proof of Theorem 1
By the chain rule for mutual information:

I(X,C;2) = I(X; 2)+1(C; Z|X) = I(C; Z)+1(X; Z|C).

(18)

Rearranging yields I(X; Z|C) I(X;2) +

I(C; Z|X) — I(C; Z). For deterministic represen-

tations Z = f(X), we have H(Z|X) = 0, which

implies I (C; Z|X) = H(Z|X)-H(Z|X,C) = 0.
Therefore:

I(X;2|C) = I(X;Z) - 1(Z;C).  (19)

A.2  Proof of Proposition 1

We decompose the alignment tax using the chain
rule. By definition:

Tax(Y,C) = [(Z;Y) — [(Z;Y|C) 20)

=1(2;Y,C) - 1(Z;C) - 1(Z;Y|0)

21

=I1Y;C)+ 1[(Z;)Y|C)+ I(Z;C|Y)

~1(2:C) - [(2;Y|C) 22)
=I1Y;C)+1(Z;C)Y)—-1(Z;C)

(23)

= I(Y;C) — I(Y;C|2). (24)
Since I(Y;C|Z) > 0, we obtain Tax(Y, C) <
I(Y;C).

B Algorithm Details

Algorithm 1 presents the complete CIB fine-tuning
procedure. At each training step, we extract rep-
resentations from both the fine-tuned model and
reference model, compute the combined objective
(task loss plus contrastive loss), and update the
hard negative queue based on computed hardness
scores. The queue maintains samples exhibiting
both high representation divergence and high task
loss, focusing contrastive learning on safety-critical
regions.

The hard negative queue update implements a
priority queue maintaining the M samples with
highest hardness scores. When batch size exceeds
queue capacity, we retain only the top-M hardest
samples. Otherwise, incoming samples replace
queue entries only if their hardness exceeds the
current minimum, ensuring the queue focuses on
samples where safety-task conflicts are most pro-
nounced.
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Algorithm 1 CIB-Guided Fine-tuning

Require: Dataset D, reference model fg,, hyper-
parameters {\, 7, M, K}
1: Initialize LoRA model fy and hard negative
queue Q
for each batch (X,Y) in D do
Extract representations: Z <+ fy(

Zref — f00 (X)

N

X),

4: Sample K hard negatives from Q

5: Compute task loss: Liask =
—E(zy)llog po(y|)]

6: Compute contrastive 10ss: Lgafery (EqQ. 15)

7: Update model: 6§ < 6 — nVy(Lask +

)\Esafety>
Compute hardness:
cos(2i, zref,i)) - i
Update queue Q with top-M samples by
hardness
end for
return Fine-tuned model fy

he = (1 -

10:
11:

C

C.1 Model Architectures and LoRA Settings

We evaluate on Llama-2-7B-Chat (4096 hidden
dimensions), Llama-3.1-8B-Instruct (4096 dimen-
sions), Qwen2.5-7B-Instruct (3584 dimensions),
and Qwen3-4B-Instruct (2560 dimensions). All
models use RoPE positional embeddings and em-
ploy post-alignment via RLHF or similar tech-
niques. For LoRA adaptation, we set the rank
r = 32 and scaling factor @ = 64 for both single-
task and continual-task experiments.

Experimental Configuration

C.2 Training Hyperparameters

We set contrastive weight A = 5.0, temperature
7 = 0.2, queue size M = 512, and sample K = 64
negatives per batch. The learning rate is 1 x 1074
with 50 warmup steps and maximum gradient norm
1.0. We use batch size 16 with gradient accumula-
tion to an effective batch size of 64, training with
mixed precision (FP16) on single NVIDIA H100
GPUs (80GB).

C.3 Baseline Configurations

Standard LoRA applies no safety regularization.
Vaccine (Huang et al., 2024d) uses adversarial per-
turbations with € = 0.01 over 3 attack steps dur-
ing alignment. Safe LoRA (Hsu et al., 2024) per-
forms subspace projection using 512 safety-aligned
samples. SalLoRA (Li et al., 2025b) introduces



an orthogonal safety module with rank 16. O-
LoRA (Wang et al., 2023) enforces orthogonal
subspace constraints. KL regularization applies
divergence penalty Ag;, = 0.1 with the reference
model.

C.4 Datasets and Evaluation

Training uses Dolly (15k general instructions),
GSMBSEK (7.5k math problems), MedMCQA (20k
medical questions), and SQuAD v2 (20k read-
ing comprehension). All data follows the in-
struction format with explicit instructions and re-
sponse fields. Safety evaluation uses AdvBench
(520 adversarial prompts) and HarmBench (200
diverse safety probes). We compute Harmful Re-
sponse Rate (HRR) via GPT-4 classification of
model outputs. Task performance is measured
by cross-entropy loss (Eval) on held-out test sets
and zero-shot accuracy on benchmark tasks (ARC-
Challenge, GSMS8K, ToxiGen, TruthfulQA).

For continual learning experiments, models train
sequentially on Dolly — GSM8K — MedMCQA
— SQuAD v2, evaluating backward transfer as
average accuracy on previously learned tasks after
completing the full sequence.

C.5 Prompt Format for Continual Learning

We employ a unified prompt template across all
tasks to ensure stability during sequential adapta-
tion:

Unified Prompt Template

<|im_start|>system

You are a
assistant.<|im_end|>
<|im_start|>user
{instruction}<|im_end]|>
<|im_start|>assistant
{response}<|im_end|>

\. J

helpful

This standardization is critical for continual
learning stability. Task-specific prompts (e.g., "You
are a math tutor" for GSM8K, "You are a medi-
cal assistant" for MedMCQA) cause representation
drift as models adapt their behavior to different
system prompts. The unified format ensures that
representation changes reflect genuine task knowl-
edge rather than prompt-induced distribution shifts,
enabling more effective safety preservation via our
contrastive objective.

We apply this template uniformly to Dolly,
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GSMSK, MedMCQA, and SQuAD v2, with only
the instruction and response content varying per
sample. For datasets without explicit instruction-
response separation, we construct instructions from
available fields (e.g., question text becomes instruc-
tion, answer becomes response).

C.6 Evaluation Details

Harmful Response Rate (HRR). We evaluate
safety using AdvBench (Zou et al., 2023) with
520 harmful queries. To assess whether model
responses are harmful, we employ Llama-Guard-3-
8B (Inan et al., 2023) as an automated safety classi-
fier. For each prompt-response pair (p;, 7;), Llama-
Guard evaluates the conversation against multiple
safety categories, including illegal activities, ex-
plicit content, hate speech, violence, personal infor-
mation disclosure, harassment, malicious code, and
scams or fraud. A response is classified as harmful
if Llama-Guard detects violations in any category.
The Harmful Response Rate is computed as:

|{(pi, i) : LLAMAGUARD(p;,7;) = UNSAFE}|

HRR =
N
(25)

where N = 520 is the total number of AdvBench
queries.

D Related Work
D.1 Safety Degradation and Defense Methods

Fine-tuning aligned LLMs on benign downstream
tasks causes substantial safety degradation (Qi
et al., 2023; Peng et al., 2025; Lu et al., 2025).
Even without malicious intent, standard fine-tuning
on datasets like Alpaca or Dolly compromises
safety guardrails through catastrophic forgetting
or task-safety conflicts (Huang et al., 2024b,c; Li
et al., 2025a). Recent work shows this degrada-
tion depends on input formatting and prompt tem-
plates, suggesting representation-level vulnerabili-
ties (Huang et al., 2024b).

Existing defenses operate at training time or in-
ference time (Wei et al., 2023). Safe LoRA (Hsu
et al., 2024) projects LoRA weights onto safety-
aligned subspaces identified from labeled safety
data. SalLoRA (Li et al., 2025b) introduces orthog-
onal safety modules trained separately from task
adaptation. Vaccine (Huang et al., 2024d) applies
adversarial perturbations during alignment to im-
prove robustness. SafeGrad (Wu et al., 2025) per-
forms gradient surgery to separate task and safety



gradients. Recent representation-based methods
like circuit breakers (Zou et al., 2024; Liu et al.,
2023; Zhou et al., 2024; Zheng et al.) and con-
trastive defenses (Casper et al., 2024) target jail-
break robustness by manipulating internal represen-
tations.

These approaches share two limitations: they
require explicit safety labels or uniform regulariza-
tion that fails to selectively preserve safety-relevant
information, and they lack theoretical guarantees
on the safety-performance trade-off. Our work ad-
dresses both through information-theoretic analy-
sis.

D.2 Information Bottleneck for LLMs

The Information Bottleneck principle (Tishby et al.,
2000) has been applied to various LLM challenges
(Butakov et al., 2023). Liu et al. (Liu et al., 2024)
use IB to defend against jailbreak attacks by per-
turbing input prompts, compressing adversarial fea-
tures while preserving benign semantics. Wang et
al. (Wang et al., 2024) apply IB to code generation,
reducing memorization of training data through
representation compression. Lei et al. (Lei et al.,
2024) leverage IB for reasoning tasks, balancing
informativeness with generalization across diverse
prompts.

No existing work applies the Conditional In-
formation Bottleneck to preserve safety during
fine-tuning itself. Prior IB methods target input-
level perturbations or task-specific optimization,
not the fine-tuning process. We provide the
first information-theoretic framework for safety-
preserving fine-tuning with formal bounds on the
alignment tax.

D.3 Continual Learning for LLMs

Sequential adaptation across multiple tasks exac-
erbates safety degradation (Qi et al., 2023). O-
LoRA (Wang et al., 2023) addresses catastrophic
forgetting through orthogonal subspace learning,
enabling parameter-efficient continual learning.
However, it does not specifically target safety
preservation and lacks mechanisms to distinguish
safety-relevant from task-specific features, due to
recent works focusing more on task performance
(Liang et al.; Huang et al., 2024a; Zheng et al.,
2025).

Our CIB framework explicitly conditions on
aligned reference models throughout sequential
adaptation, maintaining safety alignment while
adapting to new tasks. The contrastive objective
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ensures fine-tuned representations retain safety-
relevant structure even as models learn task-specific
knowledge.

E Detailed Continual Learning Analysis

This appendix provides a comprehensive analysis
of the continual learning experiments, examining
stage-wise performance patterns across the task
sequence: Dolly — GSM8K — MedMCQA —
SQuAD v2.

Table 4 presents the complete stage-wise results
for all models and methods. Each column group
shows performance on the three evaluation tasks
(GSMS8K, MedMCQA, SQuAD) measured after
completing each training stage. This granular view
reveals how task knowledge evolves throughout
sequential adaptation.

E.1 Stage-wise Forgetting Patterns

We analyze how GSMS8K performance evolves
across training stages to understand when and
where forgetting occurs. Figure 4 visualizes the
GSMBSK accuracy trajectory for all models and
methods throughout the continual learning process.

Key Observations. The GSMS8K—MedMCQA
transition (Stage 1—2) exhibits the most severe
forgetting across all models. This is attributable to
low task similarity between mathematical reason-
ing and medical question answering. Notably, CIB
achieves near-zero forgetting on LLaMA-3.1-8B
with only —1.0 point change during Stage 1—2
and +-0.3 during Stage 2—3, while Baseline shows
substantial mid-sequence degradation (48.4 points
of forgetting). This directly validates Theorem 1’s
prediction that maximizing I(Z; C') preserves task-
relevant structure from the reference model.

E.2 Stability Analysis

Beyond examining forgetting at individual stages,
we analyze the overall stability of performance
across the entire training sequence. We define sta-
bility as the standard deviation of task performance
measured across all three evaluation stages. Lower
values indicate more consistent knowledge reten-
tion throughout continual learning.

Figure 6 reveals that CIB achieves remark-
ably stable GSMS8K performance on LLaMA-
3.1-8B (std=0.42), representing a 10x improve-
ment over Baseline (std=4.27). The trajectory
26.0—27.0—26.7 demonstrates that CIB maintains
nearly constant mathematical reasoning capability
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Figure 4: GSMS8K performance trajectory during continual learning. Each panel shows one model, with methods
distinguished by color and line style. CIB (solid red line) demonstrates remarkable stability on LLaMA-3.1-
8B, maintaining performance within 1 point across all stages (26.0—27.0—26.7), while other methods show
substantial fluctuations. On Qwen3-4B, all methods experience severe forgetting, but CIB achieves the most gradual

degradation.
After GSMSK After MedMCQA After SQuAD
Model Method GSMS8K  Med Squad | GSMS8K  Med Squad | GSM8K  Med Squad
Random 64.4+16 57.5+03 5S1.1xo0s | 53.8x111  60.3x05 56.4+12 | 659130 59.6+£04 61.0+47
Baseline 67.1+04 57.3+03 50.3x01 | 55.3+13 61.d+00 56.8+11 | 64.5+23 60.2+01 59.3+24
Qwen2.5-7B KL 67.1x04 56.8+01 50.5+02 | 70.8+06 61.0x02 57.4+02 | 65.8+46 60.5+02 59.0+33
O-LoRA 56.6+21  56.3+00 Sl1.1+03 | 61.8408 61.0+03 54.9+09 | 40.4+18 59.6+02 59.1+1.1
Contrastive | 69.8+424 55.0x04 523122 | 56.2264 59.7x03 50.7+x04 | 562434 59.1x03 60.5x14
Random 19.8443 58.7+04 54.6+09 | 152409 60.0+03 57.5+21 | 22.4468 59.1+04 74.2+13
Baseline 234412 59.0+02 50.7+03 | 15.0420 60.1+04 56.2+09 | 24.6+17 59.4+04 70.4+24
LLaMA-3.1-8B KL 23.8+18 58.8+02 51.0x02 | 15.1x15 59.7+03 56.8+05 | 22.1+48 59.2+04 70.7+2.1
O-LoRA 18.8422  59.3+02 52.6+05 | 22.7+13 59.7x01 54.6x07 | 32.0+21 59.4102 72.0+03
Contrastive | 26.0+18 58.7+04 52.6+06 | 27.0+11  59.7+02 51.5+07 | 26.7+24 59.1+01 68.4+23
Random 76.6+26 55.2+05 50.1+00 | 53.4+83 583102 50.4+05 | 37.8+73 57.5+02 55.4+46
Baseline 76.6:06 55.5+02 50.1x00 | 44.1x23 59.4+04 50.1x00 | 40.4x50 58.5+00 52.9+19
Qwen3-4B KL 73.7+27 55.5+00 50.1x00 | 47.7450 59.3+04 50.2+02 | 43.5+43 58.5+07 54.6+69
O-LoRA 77.2+08 55.2401 50.1+00 | 68.2+32 59.1+03 50.1+00 | 52.9+16 58.6+01 58.2+05
Contrastive ‘ 68.6+04 54.8+06 50.1x00 ‘ 63.9+47  57.9x03 50.1x00 ‘ 519433  57.5x01 56.9+53

Table 4: Full continual learning results across training stages. Performance on each task is evaluated after completing
GSMSK training (Stage 1), MedMCQA training (Stage 2), and SQuAD training (Stage 3). Values are mean =+ std
over 3 runs. Bold indicates the best performance among fine-tuned methods for each metric.

despite training on unrelated domains. This sta-
bility directly supports our theoretical framework:
by maximizing mutual information with the refer-
ence model’s representations, CIB preserves the
representational structure that encodes both safety
alignment and general task competence.

On Qwen3-4B, where all methods suffer from
high forgetting, CIB still achieves the best stabil-
ity (std=7.03) compared to Baseline (std=16.26),
representing a 2.3 x improvement. This suggests
that even when absolute forgetting cannot be fully
prevented due to architectural factors, CIB pro-
vides more graceful degradation. To better under-
stand when forgetting occurs, we decompose the
total performance change into stage-wise compo-

nents. Figure 5 presents a heatmap visualization of
GSMSK performance changes during each training
transition.

Task-Similarity Effects. The heatmap reveals a

clear pattern: forgetting severity correlates with

task dissimilarity.

¢ Low-similarity transition
(GSMSK—MedMCQA): Mathematical
reasoning and medical QA share minimal repre-
sentational overlap, resulting in 8 to 32 points
of forgetting for Baseline across models. CIB
uniquely mitigates this on LLaMA-3.1-8B with
only —1.0 point change (slight improvement).

¢ Higher-similarity transition
(MedMCQA —SQuAD): Both tasks involve
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Stage 1 to 2
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LLaMA-3.1-8B
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(MedMCQA to SQuAD)
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Figure 5: Heatmap of GSMS8K performance changes across training stages. Left: Stage 1 -2 (GSM8K—MedMCQA
training). Right: Stage 2—3 (MedMCQA—SQuAD training). Positive values (red) indicate forgetting; negative
values (green) indicate improvement. CIB shows minimal change on LLaMA-3.1-8B across both transitions (—1.0

and +0.3), while other methods exhibit high variance.
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Figure 6: Stability analysis showing standard devia-
tion of GSM8K performance across training stages.
Lower values indicate more stable performance. CIB
achieves 10x better stability than Baseline on LLaMA-
3.1-8B (std=0.42 vs 4.27), demonstrating that maxi-
mizing I(Z; C) effectively preserves task knowledge
during sequential adaptation.

question answering and reading comprehension.
All methods show modest MedMCQA forgetting
during this stage (<1.5 points), suggesting
shared representational requirements between
QA tasks.

This pattern connects to our theoretical analysis:
the alignment tax bound I(Y’; C') is larger when
task objectives conflict with safety-relevant struc-
ture. For dissimilar tasks, naive fine-tuning may
overwrite safety-encoding features to accommo-
date new task requirements. CIB’s contrastive ob-
jective explicitly prevents this by maintaining mu-
tual information with the reference model.
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Figure 7: Average Backward Transfer (BWT) across
GSMS8K and MedMCQA tasks. Negative values indi-
cate forgetting; values closer to zero or positive indicate
better knowledge retention. CIB achieves the best BWT
on Qwen3-4B (—8.55 vs —18.55 for Baseline) and near-
zero BWT on LLaMA-3.1-8B (+0.05).

E.3 Backward Transfer Analysis

We compute the standard backward transfer (BWT)
metric following (Lopez-Paz and Ranzato, 2017):

BWT =
T

T-1
0D (Bri—Rip) - (26)
t=1
where R; ; denotes accuracy on task j after training
on task 7. Negative BWT indicates forgetting, while
positive BWT indicates that later training improved
performance on earlier tasks.

Figure 7 shows that CIB achieves the best (least
negative) BWT on Qwen3-4B (—8.55 vs —18.55
for Baseline) and near-zero BWT on LLaMA-3.1-
8B (4-0.05), indicating effective knowledge reten-
tion. The correlation between BWT and safety
preservation (Section 5) suggests that methods
maintaining stable task performance also better pre-
serve safety alignment.
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