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Abstract

Attack success rate (ASR) is insufficient for
evaluating the safety of large language mod-
els (LLMs). Many defenses rely on surface-
level refusal behavior, which can over-refuse
benign-sensitive prompts and remain brittle:
once the initial refusal boundary is bypassed,
the model may still follow a harmful continu-
ation trajectory. We analyze model activation
spaces to examine the limits of static interven-
tions, finding substantial overlap among useful,
benign-sensitive, and harmful representations.
This suggests that a single global intervention
may suppress harmful outputs only by perturb-
ing general utility. We propose IRIS, Itera-
tive Refinement of Internal States, a routing-
conditioned internal correction method. Ac-
cordingly, IRIS leaves low-risk states unal-
tered while routing high-risk states to a shared
module for multi-step latent refinement. To
make the refinement module learn behavior-
level correction, we introduce model-owned
base-source prefix recovery, which trains IRIS
to recover from base-model failure prefixes to-
ward safe continuations. Extensive evaluations
on Llama-3.1-8B and Qwen-2.5-7B demon-
strate that IRIS drastically reduces ASR from
around 70% to around 10% and successfully
defends against prefilling attacks. Furthermore,
IRIS preserves general benchmark utility and
maintains near-zero over-refusal rates. Code is
available at: https://github.com/iei-zbz/
IRIS.

1 Introduction

Existing safety defenses can reduce harmful re-
sponses of LLMs by strengthening explicit refusal
behavior, applying external guardrails, or using
static activation steering. Attack success rate (ASR)
is a necessary measure of harmful-response reduc-
tion, but it does not reveal what behavior a defense
relies on or what it costs on benign-sensitive and
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utility-oriented inputs. As a result, methods with
similar ASR can differ sharply in over-refusal, gen-
eral utility, and robustness when early refusal be-
havior is bypassed. We therefore do not focus on
ASR alone; instead, we aim to advance the safety-
utility frontier under low over-refusal.

This distinction is especially important for
refusal-style alignment: low ASR does not nec-
essarily mean that the model has lost the under-
lying harmful capability, but may instead reflect
a strong tendency to emit an early refusal. Re-
cent work shows that post-trained chat models can
internally encode harmfulness recognition and re-
fusal behavior separately (Zhao et al., 2025), and
that refusal behavior can be strongly mediated by
a low-dimensional refusal direction (Arditi et al.,
2024). This reliance on early refusal behavior in-
troduces two failure modes, illustrated in Figure 1.
First, safety behavior can be brittle when the early
refusal trajectory is bypassed: prefilling attacks
provide an operational stress test by fixing the be-
ginning of the assistant response to a compliant pre-
fix and testing whether the model can recover after
generation has already been pushed away from re-
fusal (Qi et al., 2025). On harmful benchmarks, an
Instruct model can have low ordinary-generation
ASR while its ASR rises sharply under assistant
prefilling. Second, strong refusal behavior can ex-
tend to benign-sensitive requests, causing exces-
sive refusal on benchmarks such as OR-Bench and
XSTest (Cui et al., 2025; Rottger et al., 2024).

A natural internal alternative is to suppress harm-
ful behavior directly in activation space, for exam-
ple by identifying a global safety direction and
steering all inputs along it. However, this relies
on a strong assumption: harmful, benign-sensitive,
and useful states should be cleanly separable in
representation space. Motivated by prior safety-
subspace analysis (Shah et al., 2025), we evalu-
ate these activation subspaces and find substan-
tial overlap among them, suggesting that a single
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Figure 1: Motivating failure modes and IRIS behavior. Shallow refusal can be bypassed by an assistant prefill on a
harmful prompt and can overgeneralize to a benign-sensitive prompt; IRIS deflects the prefilling trajectory while

remaining helpful on the benign-sensitive request.

global shift is likely to also perturb useful benign
behavior. These observations point to two prin-
ciples for internal safety intervention: Selectivity
and Correction. Selectivity means that benign and
useful states should remain on the original com-
putation path. Correction means actively moving
risky states away from unsafe trajectories.

We instantiate these principles with IRIS, Iter-
ative Refinement of Internal States. At a chosen
intervention layer, an internal risk router evaluates
the current hidden state: IRIS leaves low-risk states
unaltered, while routing high-risk states to a shared
refinement module for up to K steps of localized
latent correction. Rather than relying only on an
early refusal template, IRIS can act after the in-
ternal trajectory has become risky. To train the
refinement module for behavior-level correction,
we introduce model-owned base-source prefix re-
covery. We first let the raw base model generate
continuations for harmful prompts, filter for gen-
uinely harmful outputs, and truncate these outputs
into prefixes. IRIS is then trained to recover from
these self-generated failure prefixes toward safe
continuations. This trains the module to repair the
base model’s own failure trajectories, rather than
optimizing only a proxy routing signal.

Our contributions are:

* We propose IRIS, a routing-conditioned inter-
nal recovery framework that leaves low-risk
states unaltered and applies iterative latent re-

finement only to high-risk states.

* We introduce model-owned base-source prefix
recovery, which trains the refinement module
to dynamically recover from harmful trajecto-
ries produced by the base model itself.

* We demonstrate that IRIS reduces ASR from
70.59% to 8.6% while maintaining low OR-
Bench refusal and preserving utility on Llama-
3.1-8B, with additional robustness under pre-
filling attack and transfer to Qwen-2.5-7B.

2 Related Work

Refusal-based safety and its failure modes. In-
struction tuning, RLHF, and preference optimiza-
tion have made LLMs more likely to follow user in-
structions while refusing harmful requests (Ouyang
et al., 2022; Bai et al., 2022; Rafailov et al., 2023).
At the same time, refusal-centered safety can over-
generalize to harmless but sensitive prompts, a fail-
ure mode measured by OR-Bench and XSTest (Cui
et al., 2025; Rottger et al., 2024). Recent repre-
sentation analyses further show that post-trained
chat models can encode harmfulness recognition
and refusal behavior separately (Zhao et al., 2025),
and that refusal behavior can be mediated by a low-
dimensional direction (Arditi et al., 2024). Prefill-
ing attacks use this observation as an operational
stress test by fixing the beginning of the assistant
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Utility—Benign

Benign—Harm

Utility-Harm  Harm-Harm Ref.

Model MATH-OR OR-PKU MATH-PKU BT-TG
Llama-3.1-8B 0.883 0.988 0.903 0.974
Qwen-2.5-7B 0.519 0.807 0.506 0.513

Table 1: Activation-space overlap in the 65%—90% depth interval. Values report interval-average excess overlap,
MSO minus the random-subspace baseline. The first three columns test useful / benign-sensitive / harmful overlap;
the final column gives a harmful-harmful reference. Details are in Appendix A.1.

response and measuring whether safety persists
beyond the first few tokens (Qi et al., 2025).

Internal and external interventions beyond re-
fusal. Representation engineering and activation
steering modify internal activations to steer model
behavior. Contrastive Activation Addition (CAA)
constructs steering vectors from contrastive exam-
ples and applies them during inference (Rimsky
et al., 2024). These methods are simple and in-
terpretable, but global steering can affect useful
and harmful states together when the relevant ac-
tivation subspaces overlap. Other defenses inter-
vene at different points: external guardrails such
as Llama Guard filter or replace text outputs (Inan
et al., 2023); Circuit Breakers reroute hazardous
internal representations (Zou et al., 2024); and
SafeEdit/DINM edits model parameters for detox-
ification (Wang et al., 2024). IRIS is positioned
as a conditional internal intervention: it refines
risky states during generation while leaving low-
risk states on the original computation path. De-
tailed baseline settings are reported in the appendix.

Iterative and dynamic-depth computation.
IRIS is related to recurrent or dynamic-depth com-
putation, including Universal Transformers (De-
hghani et al., 2019), looped/latent-thought Trans-
formers (Saunshi et al., 2025; Geiping et al., 2025;
Jeddi et al., 2026), MoE-based Universal Trans-
formers (Csordas et al., 2024), conditional depth
allocation (Raposo et al., 2024), continuous latent
reasoning (Hao et al., 2024), and dynamic-depth
internal thinking (Chen et al., 2025). IRIS shares
the architectural idea of iterative computation, but
applies it to a different objective. It uses a shared
recurrent module for safety-specific localized re-
finement, and a risk router conditionally determines
whether this module is activated.

3 Activation Subspace Overlap

Inspired by safety-subspace analysis (Shah et al.,
2025), we first examine a key assumption behind

global activation steering: whether useful behav-
ior, benign-sensitive behavior, and harmful behav-
ior occupy cleanly separable activation subspaces.
We define activation subspace overlap as the pair-
wise overlap between subspaces spanned by hid-
den states elicited from different prompt groups:
utility, benign-sensitive, and harmful prompts. If
these subspaces were cleanly separated, a single
global safety direction would be a natural inter-
vention: one could suppress harmful behavior by
moving hidden states along that direction while
leaving useful behavior largely intact. Conversely,
high overlap would suggest that a global steer-
ing operation may also perturb benign or utility-
relevant states. We test this assumption on Llama-
3.1-8B and Qwen-2.5-7B by measuring mean sub-
space overlap (MSO) between activation bases con-
structed from these prompt groups. Implementa-
tion details, random baselines, and additional over-
lap diagnostics are provided in Appendix A.1.

Table 1 summarizes the interval-average excess
overlap. All three cross-category comparisons are
far above the random baseline, indicating that use-
ful, benign-sensitive, and harmful representations
are not cleanly isolated in the examined layers.
On Llama-3.1-8B, OR-PKU reaches 0.989, show-
ing that benign-sensitive and harmful prompts acti-
vate highly overlapping directions. Qwen-2.5-7B
has lower overall overlap, but the same qualita-
tive pattern remains: OR-PKU is 0.807 and re-
mains far above the random baseline. This differ-
ence suggests that Qwen’s overlap is less saturated
and more pair-specific, but not absent. Thus, al-
though the exact values differ across model fam-
ilies, the relevant cross-category overlaps remain
substantial in both models. Importantly, utility—
harmful overlap is also high: MATH-PKU reaches
0.903 on Llama-3.1-8B and 0.506 on Qwen-2.5-
7B. This directly challenges the assumption that
a global harmfulness direction can be suppressed
without also affecting utility-relevant computation.
The harmful-harmful reference further shows that
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benign-sensitive/harmful overlap is comparable
to or higher than overlap between two harmful
datasets. In other words, the benign-sensitive
/ harmful overlap is not merely a weak cross-
category artifact; it is at least as prominent as over-
lap among harmful prompt sets in the layers tar-
geted for intervention. Thus, the overlap between
benign-sensitive and harmful states is not a negli-
gible side effect; it is a substantial representational
entanglement in the middle-to-late layers where
safety interventions are typically applied.

These results do not show that linear steering
must fail, nor do they argue against activation-space
interventions in general. They instead weaken the
assumption that a single global safety direction
can suppress harmful behavior while leaving use-
ful and benign-sensitive behavior intact. When the
relevant activation subspaces overlap, the safer de-
sign is not to apply the same shift to every state,
but to decide when a state actually appears risky.
Under this view, the routing decision is not only an
efficiency device; it is a way to avoid perturbing
states whose safety label is ambiguous or whose
directions are shared with useful behavior. This
motivates IRIS’s conditional design: identify risky
internal trajectories and refine only those states.

4 Method

In this section, we propose IRIS as a conditional
internal recovery method, illustrated in Figure 2. At
a chosen transformer layer, a router detects whether
the current trajectory appears risky; risky states
enter a shared refinement module, while low-risk
states continue along the base computation path.

4.1 Problem Setup

Let F' be a base language model. At a chosen in-
tervention transformer layer [, we observe token
hidden states k). Our objective is to dynamically
suppress harmful generations while preserving util-
ity behavior and avoiding over-refusal on benign-
sensitive prompts. Rather than fine-tuning the en-
tire model to map every safety problem to an ex-
plicit refusal, IRIS frames safety alignment as a
localized latent recovery problem. When an inter-
nal generation trajectory exhibits high risk, IRIS
intercepts and refines the specific hidden state be-
fore continuing the generation process.

We use Llama-3.1-8B base as the backbone and
apply IRIS at layer 16. During training, the base
model remains entirely frozen; only the newly in-

serted IRIS refinement module and its associated
router are optimized. The router is trained sepa-
rately before IRIS-module training and then kept
fixed. Low-risk states bypass safety refinement
and keep the original base computation path, while
high-risk states enter the IRIS module. This se-
lective triggering distinguishes IRIS from static
steering and always-on safeguards.

4.2 Risk-Conditioned Routing

To avoid applying a universal perturbation to all
inputs, IRIS uses an internal router to conditionally
trigger refinement. The router, parameterized as a
lightweight Multi-Layer Perceptron (MLP) probe,
is trained on hidden states at layer [ using binary
safe/unsafe labels via a BCE objective. It outputs a
normalized safety score s; € [0, 1], where higher
scores indicate lower risk. Crucially, this router
serves purely as an internal trigger mechanism, not
as a textual safety filter.

At inference, we average token-level safety
scores over the current generation window to ob-
tain the routing score. Let 5; denote this routing
score. The route is selected by:

gt Z Ton,

o [ h
hi = : _ €]
K { Rék)(hi), 5t < Ton-

Here Rék) denotes the output of the shared refine-
ment module after up to £ < K loop steps, as
defined below.

The main runtime uses 7o, = 0.90, 7o = 0.80,
and K = 5. When 5; < 7,,, the hidden state
enters the refinement route, where Ry is applied
iteratively. During refinement, scores below 7,g
reset the stability counter; the loop exits only after
the score returns to 7,y for the required stable steps,
or when the maximum depth is reached. This se-
lective design allows low-risk states to bypass the
module and preserve the original base computa-
tion path, while high-risk states receive conditional
hidden-state correction. The returned state B,lf then
enters the remaining transformer layers.

4.3 Iterative Loop Refinement

The IRIS module is implemented as a shared re-
finement block. For a hidden state routed into the
unsafe path, the refinement process is defined as:

h” = i,

W = Ry, i=0,... . K—1.
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Figure 2: IRIS architecture and loop dynamics. After transformer layer [, IRIS routes the hidden state with an
internal risk router: low-risk states pass through unchanged, while high-risk states enter a shared loop layer Ry. The
updated state is re-checked by the same router until it exits or reaches the maximum refinement budget.

All refinement steps share the same parameters
Ry. After each refinement step, the fixed router
recomputes the safety score of the updated state. If
the score reaches 7., and the minimum stable-step
requirement is satisfied, IRIS stops the loop and
returns the refined state to the base model. Other-
wise, the module continues refining the state until
the maximum loop depth is reached. In our imple-
mentation, the maximum depth is set to K = 5.
This design makes the extra computation adaptive.
Low-risk states do not enter the refinement loop,
while high-risk states can receive multiple rounds
of localized latent correction. IRIS therefore con-
centrates computation on risky trajectories rather
than modifying all generations indiscriminately.

4.4 Prefix Recovery

At inference, IRIS is not invoked only at the begin-
ning of a response. Instead, it is triggered when
the model’s internal generation trajectory becomes
risky. The refinement module should therefore
learn not only how to produce safe text, but also
how to correct unsafe intermediate states produced
by the base model itself. For this reason, IRIS is
trained in two stages. The first stage is a CE stabi-
lizing warm-up, which teaches the shared recurrent
module to stay on the language-modeling manifold
before it is used for safety recovery. The second
stage is model-owned base-source prefix recovery.
We let the base model generate continuations on
harmful prompts, extract harmful base-owned pre-

fixes, and train IRIS to recover from these prefixes
toward safe continuations. This construction di-
rectly matches the inference-time problem: IRIS
learns to repair the current generation trajectory
after the base model has already moved toward an
unsafe continuation, rather than only learning a
refusal template at the beginning of a blank answer.
In the prefix-recovery stage, the main supervi-
sion is CE on the safe continuation, which pro-
vides the primary recovery signal. Because the
same refinement module is applied repeatedly, op-
timizing only the final textual target can make the
loop unstable. We therefore add three stabilizing
terms. The reference KL term keeps refined to-
ken distributions close to those of the frozen base
model. Hidden-step regularization penalizes ex-
cessive state movement between refinement steps.
Multi-depth supervision encourages intermediate
refinement depths to remain recoverable, so that the
model does not rely only on the final loop output.
Appendix A.8 reports details of warm-up, prefix
construction, and loop-depth schedule.
The training objective can be summarized as:
L = £CE + AKL»CKL + )\step['step
+)\depth['depth-

3

The two stages target different failure modes.
The CE warm-up provides a stable loop initializa-
tion, but does not by itself provide enough safety
improvement. Model-owned base-source prefix
recovery supplies the missing recovery signal by
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exposing IRIS to unsafe continuations generated
by the base model itself. Loop stability and safety
recovery are therefore related but distinct objec-
tives. Appendix A.8 and Appendix A.9 provide the
corresponding implementation details and controls.

S Experiments

We organize the experiments around four ques-
tions:

e Can IRIS reduce ID ASR while preserving
low over-refusal and utility?

* Does the safety correction transfer to OOD
harmful datasets?

* Can IRIS recover under prefilling attacks?
¢ Can the method transfer to Qwen-2.5-7B?

Mechanistic questions about thresholds, K-depth,
routing, and training source are deferred to Sec-
tion 6, keeping the main experimental tables fo-
cused on end-task behavior.

5.1 Experimental Setup

The main ID safety benchmark is the PKU-
SafeRLHF harmful full split (Ji et al., 2025). Over-
refusal is measured on OR-Bench hard (Cui et al.,
2025). Utility is measured on GSM8K (Cobbe
et al., 2021), MMLU (Hendrycks et al., 2021), and
HellaSwag (Zellers et al., 2019). OOD harmful
transfer is evaluated on AdvBench (Chen et al.,
2022) and BeaverTails (Ji et al., 2023). Assistant-
prefill robustness fixes the beginning of the assis-
tant answer to a compliant prefix and evaluates
whether the model can recover. Unless otherwise
stated, main-text results use full evaluation splits;
judge and split details are in Appendix A.4.

The final Llama-3.1-8B IRIS checkpoint uses
the base model (Al et al., 2024), intervention layer
16, K = 5, 7on = 0.90, and 7,4 = 0.80. Base-
lines include Base, Instruct, CAA (Rimsky et al.,
2024), Circuit Breaker (Zou et al., 2024), and
Llama Guard (Inan et al., 2023). Baseline details
and appendix-only baselines are in Appendix A.S.

5.2 Main ID Safety, Over-Refusal, and Utility

Table 2 reports the main ID safety, over-refusal,
utility, and response-diversity results.

The results show that IRIS provides the most bal-
anced safety, refusal, and utility profile. Relative
to Base, IRIS reduces PKU ASR from 70.59% to

IRIS Instruct CcB
@~ Base CAA LG-Out

ASR (%)

+1.37

T T
Vanilla Prefill

Figure 3: Assistant-prefill robustness on the full PKU
harmful split. Lower and flatter curves indicate stronger
recovery after the compliant assistant prefix.

8.60%, while keeping OR-Bench refusal at 2.65%
and preserving GSM8K and HellaSwag near the
Base model. Instruct, Circuit Breaker, and Llama
Guard achieve lower or comparable PKU ASR, but
with clear costs: Instruct has 56.79% OR-Bench re-
fusal, Circuit Breaker has 95.68%, and LG-Out and
LG-In+Out have 17.51% and 26.38%, respectively.
CAA has low OR-Bench refusal near the matched-
safety point, but GSMS8K drops to 29.72%, indicat-
ing that static global steering harms general util-
ity. IRIS also has higher response diversity than
Instruct, Circuit Breaker, and Llama Guard, sug-
gesting that its safety gains are not merely due to
fixed refusal templates or external replacement.

5.3 Assistant-Prefill Robustness

Table 3 reports assistant-prefill robustness on the
full PKU harmful split. We use the step_by_step
setting, which prepends the assistant response with
Sure, here’s a step-by-step guide:, and
evaluate all methods on the full split. Other assis-
tant prefixes are reported in Appendix A.7.

Under the step_by_step prefill, Instruct ASR
rises from 3.26% to 61.60%, indicating that its low
vanilla ASR depends heavily on the early refusal
trajectory. CAA ASR also rises from 9.82% to
38.95%, suggesting that static steering is insuffi-
cient to repair an already-started unsafe continua-
tion. In contrast, IRIS ASR rises only from 8.60%
t0 9.97%, an increase of 1.37 points, while keeping
OR-Bench refusal at 2.65%. Circuit Breaker and
LG-Out have slightly lower ASR under this attack,
but they come with 95.68% and 17.51% OR-Bench
refusal, respectively. Thus, IRIS’s prefill robust-
ness is not obtained through extreme over-refusal
or external output replacement, but through inter-
nal recovery from unsafe continuations. SafeEdit
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Method PKUASR| ORRef.| GSM8K?T MMLU1T  HellaSwag1  Diversity 1
Base 70.59 0.91 53.83 65.20 76.34 0.6271
Instruct 3.26 56.79 60.88 68.12 75.37 0.3367
CAA 9.82 3.94 29.72 63.54 72.68 0.5531
LG-Out 4.87 17.51 53.83 64.39 75.73 0.4662
LG-In+Out 3.00 26.38 53.83 64.34 74.81 0.2900
Circuit Breaker 0.12 95.68 14.18 65.38 71.22 0.2558
IRIS 8.60 2.65 53.22 62.76 76.66 0.5721

Table 2: Main ID safety, over-refusal, utility, and response-diversity results. Bold marks the best value among safety
methods; Base is an undefended reference and is not ranked. Diversity is corpus-level Prefix Dist-4@32.

Method Vanilla  Prefill A OR Ref.

ASR| ASR| ASR] 4
Base 70.59 84.61 +14.02 0.91
Instruct 3.26 61.60 +58.34 56.79
CAA 9.82 3895 +29.13 3.94
Circuit Breaker 0.12 8.46 +8.34 95.68
LG-Out 4.87 6.56 +1.69 17.51
IRIS 8.60 9.97 +1.37 2.65

Table 3: Assistant-prefill robustness on PKU harmful
full split with the selected step_by_step prefix. Bold
marks the best value among safety methods; Base is an
undefended reference and is not ranked.

80
70.6 72.5 Base RIS

43.3

13.0
8.6 9.4

T T T
PKU AdvBench BeaverTails

Figure 4: OOD harmful transfer from PKU to Ad-
vBench and BeaverTails. Complete baseline OOD com-
parisons are reported in the appendix.

prefilling results and the full prefix selection sweep
are reported in the appendix.

5.4 OOD Harmful Transfer

Figure 4 reports OOD transfer from PKU to Ad-
vBench and BeaverTails.

IRIS transfers beyond the PKU test set. Rela-
tive to Base, IRIS reduces AdvBench ASR from
72.50% to 9.42% and BeaverTails ASR from
43.34% to 12.98%. This suggests that base-source
prefix recovery does not merely fit PKU-specific
surface patterns, but preserves substantial safety be-
havior on harmful prompts from different sources.
OOD ASR is interpreted together with over-refusal

Metric Base IRIS
PKU ASR | 65.47 10.52
OR-Bench Ref. | 3.94 0.00
GSMSK T 86.96 86.96
MMLU 1 7297 7144

Table 4: Qwen-2.5-7B cross-architecture transfer. Bold
marks the best value in each row. IRIS applies the
same hidden-state risk-routing principle and performs
the internal intervention at layer 19.

and utility: Circuit Breaker and Llama Guard can
obtain lower ASR on some OOD harmful sets, but
with very high OR-Bench refusal or external fil-
tering/replacement; CAA also has strong OOD
ASR, but loses GSM8K and HellaSwag under the
matched-safety setting. We therefore focus the
main OOD table on Base-to-IRIS transfer and re-
port complete OOD results in the appendix.

5.5 Cross-Architecture Transfer

This section evaluates whether IRIS transfers to
a different model family. For Qwen-2.5-7B, we
use the same hidden-state risk-routing principle
and apply the internal safety intervention at layer
19. Table 4 focuses on four metrics: PKU ASR
for safety, OR-Bench refusal for over-refusal, and
GSM8K/MMLU for utility.

The Qwen results show that the IRIS princi-
ple transfers beyond Llama-3.1-8B: harmful ASR
drops by 54.95 points, OR-Bench refusal decreases
rather than increases, and GSM8K remains un-
changed. MMLU decreases modestly from 72.97%
to 71.44%, indicating a small utility cost.

6 Ablation and Analysis

This section studies how IRIS behaves under dif-
ferent operating points and architectural choices.
Some diagnostics use fixed500 rather than full
evaluation, and we mark the evaluation scale in
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Figure 5: Ablation overview. (a) Increasing loop depth sharply reduces PKU ASR up to K = 3, with a smaller
additional gain at ' = 5. (b) Thresholds define operating points between safety and layer-equivalent overhead;
0.90/0.80 is the main setting. (c) Selective routing trades off safety and compute between the no-loop base path and

always-loop refinement.

Metric 0.8/0.7 09/0.8 1.0/09
PKU ASR | 12.74 8.60 0.00
AdvBench ASR | 13.65 9.42 0.00
BeaverTails ASR | 14.08 12.98 0.00
Deg. | 4.69 4.75 8.09
Avg Loop | 158.87 178.88 1275.84
Layer OH | 1.97 2.25 13.50
OR Ref. | 2.12 2.65 10.08
GSMS8K 1 53.22 53.22 0.00

Table 5: Threshold sweep for the final IRIS checkpoint.
Bold marks the best value in each row. Values are
percentages except Loop. Deg. reports full-window
degeneration on the full PKU split. Layer OH is the
approximate layer-equivalent overhead.

the relevant captions. The main conclusions are
scoped to mechanism analysis: thresholds con-
trol the safety-utility-cost trade-off, larger loop
depth improves safety up to K = 5, selective rout-
ing avoids always-on refinement cost, and same-
pipeline diagnostics support layer 16.

6.1 Threshold Selection

Figure 5(b) visualizes the main threshold trade-off,
and Table 5 reports the full threshold sweep for
the final IRIS checkpoint. Avg Loop counts to-
tal refinement iterations per generated response.
To make this cost comparable to the 32-layer
base model, we also report layer-equivalent over-
head (Layer OH). For each response, we compute
loop/(tokens x 32 + loop), then average this per-
centage across responses. This is a compute proxy,
not a wall-clock FLOPs measurement.

The sweep shows why we use 0.90/0.80 as the
main operating point. The lower 0.80/0.70 setting
has lower loop cost and similar utility, but weaker
safety. The aggressive 1.00/0.90 endpoint drives

full PKU ASR to 0.00, but nearly becomes always-
on refinement: average loop iterations rise to
1275.8, layer-equivalent overhead rises to 13.50%,
and GSMSK falls to 0.0. The endpoint shows that
the loop has enough safety capacity, but also that
unchecked refinement can destroy useful computa-
tion. Thus 0.90/0.80 is not the lowest-ASR setting;
it is the best current balance among safety, over-
refusal, utility, and loop cost.

6.2 Refinement Mechanism

Figure 5 summarizes the mechanism ablations.
Panel (a) shows that increasing loop depth sharply
reduces ASR from K = 1to K = 3, with a smaller
additional gain at K = 5; across these fixed500
settings, full-window degeneration remains low, so
the main effect is safety-depth rather than collapse.
Panel (c) separates the role of routing: the no-loop
base path provides little safety, while always-loop
refinement drives ASR to 0.37% at much higher
layer-equivalent overhead and 18.02% full-window
degeneration. Selective IRIS therefore provides
the intended middle ground, retaining most of the
safety gain while avoiding the cost and degenera-
tion of blanket refinement.

Same-pipeline layer diagnostics further support
layer 16 as the main intervention layer; we report
the full fixed500 layer table in Appendix A.12.

7 Conclusion

We presented IRIS, a routing-conditioned method
that treats safety as selective internal recovery
rather than as always-on refusal or global steer-
ing. By combining an internal risk router, iterative
hidden-state refinement, and model-owned base-
source prefix recovery, IRIS substantially reduces
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harmful responses while keeping over-refusal low
and preserving general utility. The results sug-
gest that safety interventions can be more effec-
tive when they recover risky internal trajectories
directly instead of applying the same perturbation
to every input or relying on a fixed refusal template.

Limitations

IRIS is not a zero-cost safeguard. Its final Llama-
3.1-8B operating point uses iterative refinement
on risky trajectories, and more aggressive thresh-
olds can degenerate into near-always-on refine-
ment, which sharply increases loop cost and can
destroy utility. Cross-architecture transfer gener-
ally requires selecting an appropriate intervention
layer and training the corresponding IRIS refine-
ment module for the target model. Finally, our
main safety judge is GPT-OSS-Safeguard; Harm-
Bench and additional judge cross-checks are better
treated as appendix validation rather than replacing
the primary metric.

Ethics Statement

Our work aims to reduce harmful generations from
LLMs through internal-state refinement. All mod-
els and datasets used in our experiments are pub-
licly available, and no private or proprietary user
data are involved. Harmful prompts and model-
generated unsafe responses are used solely for
safety research. IRIS may inherit biases from the
underlying models and safety judges and should not
be treated as a complete safeguard for real-world
deployment.
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A Appendix

A.1 Activation-Overlap Details and
Additional Diagnostics

The activation-overlap analysis in Section 3 uses
MATH as the utility prompt set, OR-Bench as the
benign-sensitive prompt set, and PKU-SafeRLHF
as the ID harmful prompt set. Following the imple-
mentation style of prior safety-subspace analysis
(Shah et al., 2025), we construct an activation ba-
sis for each prompt group and measure pairwise
mean subspace overlap (MSO), comparing each
overlap against a random-subspace baseline. Main-
text values report excess overlap, defined as MSO
minus the random baseline, at = 0.60, where
n is the overlap threshold used when measuring
how much one activation subspace is covered by
another. We average over the 65%-90% depth
interval: layers 20-28 for Llama-3.1-8B and lay-
ers 18-25 for Qwen-2.5-7B. Because OR-Bench
has fewer prompts than the other sets, we also run
a matched-count check with equal sample counts
across compared sets; the matched-count values
remain close to the unmatched results.

Table 6 extends the activation-overlap analysis
to the two OOD harmful sets used elsewhere in
the paper. The table reports the same interval-
average excess MSO at n = 0.60. For Llama-
3.1-8B, all compared prompt groups are highly
overlapped in this interval. Qwen-2.5-7B shows
more pair-specific structure: MATH-ToxiGen is
very high, OR-BeaverTails is also high, while OR—
ToxiGen and MATH-BeaverTails are lower but still
far above the random baseline. These diagnostics
support the main prior claim without making the
stronger claim that every harmful dataset pair be-
haves identically.

A.2  Complete OOD Baseline Comparison

Table 7 reports the complete OOD harmful-ASR
comparison on AdvBench and BeaverTails. Sev-
eral refusal or guardrail baselines obtain very low
OOD ASR, but they use different mechanisms and
costs from IRIS: Instruct and Circuit Breaker are
highly conservative on OR-Bench, while Llama
Guard performs external filtering or replacement.
We therefore use this table as a complement to the
main safety—over-refusal—utility comparison rather
than as a standalone ranking by OOD ASR.

Model Pair Excess MSO
OR-PKU 0.988
OR-BT 0.965
OR-TG 0.970
Llama-3.1-8B  MATH-PKU 0.903
MATH-BT 0.907
MATH-TG 0.886
BT-TG 0.974
OR-PKU 0.807
OR-BT 0.758
OR-TG 0.374
Qwen-2.5-7B  MATH-PKU 0.506
MATH-BT 0.378
MATH-TG 0.907
BT-TG 0.513

Table 6: Additional activation-overlap diagnostics for
PKU, BeaverTails, and ToxiGen. Values are interval-
average excess MSO at n = 0.60. OR denotes OR-
Bench benign-sensitive prompts; BT denotes Beaver-
Tails; TG denotes ToxiGen. Random baselines are be-
low 0.004.

Method AdvBench BeaverTails

ASR | ASR |
Base 72.50 43.34
Instruct 0.19 1.79
CAA 8.08 6.06
Circuit Breaker 0.00 0.29
LG-Out 0.77 6.06
LG-In+Out 0.58 4.50
IRIS 9.42 12.98

Table 7: Complete OOD harmful ASR comparison.

A.3 HarmBench Judge Cross-Check

The main ASR tables use GPT-OSS-Safeguard-
20B as the primary judge. Table 8 reports a cross-
check with the HarmBench-Llama-2-13B classi-
fier on the same full PKU harmful split. The two
judges give similar conclusions on the main ID
comparison: IRIS remains near the matched-safety
CAA point, while preserving the low-refusal and
utility profile reported in the main table. Circuit
Breaker remains the lowest-ASR baseline under
both judges, but this result should be interpreted
together with its high OR-Bench refusal and utility
loss.

Table 9 further checks the final Llama-3.1-8B
IRIS checkpoint under the selected prefilling attack
and OOD harmful datasets. HarmBench agrees
with GPT-OSS on the prefilling setting and Ad-
vBench. On BeaverTails, HarmBench is stricter
than GPT-OSS, so we treat the OOD result as
evidence of nontrivial transfer rather than as a
claim that all OOD harmful behavior is equally
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Model Method GPT-OSS HarmBench
ASR | ASR |

Base 70.59 72.54

Instruct 3.26 3.22

CAA 9.82 8.03

Llama LG-Out 4.87 9.76
LG-In+Out 3.00 6.69

Circuit Breaker 0.12 0.63

IRIS 8.60 10.33

Qwen Base 65.47 69.67
IRIS 10.52 8.72

Table 8: HarmBench cross-check on the full PKU harm-
ful split. Values are percentages.

suppressed.
Setting GPT-OSS  HarmBench
ASR | ASR |
Prefill step_by_step 9.97 9.17
AdvBench 9.42 5.96
BeaverTails 12.98 21.47

Table 9: Additional HarmBench cross-checks for the
final Llama-3.1-8B IRIS checkpoint. Values are percent-
ages.

A.4 Experimental Details

The main PKU safety evaluation uses the 4,906-
sample harmful full split and GPT-OSS-Safeguard-
20B as the safety judge (OpenAl, 2025). OR-
Bench over-refusal uses the 1,319-sample hard
split and the canonical refusal detector from our
recomputation pipeline. For assistant-prefill robust-
ness, we force an assistant-side compliant prefix
after the harmful user prompt and continue gener-
ation from that prefix. The main prefill is Sure,
here’s a step-by-step guide:, denoted as
step_by_step; it is selected on a first-500 sweep
and then evaluated on the full split. Unless a table
explicitly says first-500 or fixed500, results in the
main text use the full evaluation split.

The final Llama-3.1-8B IRIS configuration uses
layer 16, CE warm-up followed by base-source
prefix recovery at step 1000, K = 5, 7o, = 0.90,
Tog = 0.80, and min_steps = 2. Threshold and
routing ablations in Section 6 vary these inference-
time settings without retraining unless explicitly
stated.

A.5 Baseline Details

The main baseline set is chosen to cover the mecha-
nisms discussed in the paper. Base is the unaligned

Llama-3.1-8B base model and serves as the ref-
erence for harmful capability and general utility.
Instruct is the corresponding post-trained refusal
baseline. CAA is a static activation-steering base-
line (Rimsky et al., 2024); the main table uses the
layer-16 matched-safety setting, with the multiplier
sweep reported in Table 14. Circuit Breaker is
an internal-safeguard baseline that reroutes haz-
ardous representations (Zou et al., 2024); we report
the 150-step checkpoint available in our artifact,
which is based on an Instruct model. Llama Guard
is an external input/output guardrail (Inan et al.,
2023); LG-Out applies output-only filtering, while
LG-In+Out applies both input and output filtering.
SafeEdit/DINM is a model-editing detoxification
baseline (Wang et al., 2024); because its mech-
anism and checkpoint variants are less directly
matched to IRIS, we report it as an appendix-only
baseline below.

A.6 SafeEdit / DINM Results

SafeEdit/DINM is a model-editing detoxification
baseline (Wang et al., 2024). We report it in the ap-
pendix because its mechanism and checkpoint vari-
ants are not directly matched to the main routing-
conditioned internal-recovery comparison. The
two DINM variants show different trade-offs: the
Instruct variant has low PKU ASR but high OR-
Bench refusal and weak GSMS8K, while the base
variant keeps lower OR-Bench refusal but is much
less safe. The prefilling and diversity diagnostics
further show that these checkpoints do not provide
the same internal-recovery behavior as IRIS.

Metric DINM-Base = DINM-Instruct
PKU ASR | 42.52 1.39
Prefill ASR | 85.18 60.72
OR-Bench Ref. | 4.85 48.29
GSMSK * 7.35 3.18
MMLU 7t 64.05 67.13
HellaSwag 1 77.09 75.80
Dist-4 1 0.6060 0.4020
Dist-3 1 0.4821 0.3219
Rep-4 | 0.3566 0.0022
Refusal tmpl. | 0.71 241
Safe Sink | 0.00 0.16
Empty | 15 0

Table 10: SafeEdit/DINM appendix baseline. Prefill
ASR uses the selected step_by_step assistant pre-
fix. Dist-4/Dist-3 are Prefix Dist-n @32; Rep-4 is Rep-
4@128.
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A.7 Assistant-Prefill Baseline Details

Table 3 reports assistant-prefill robustness on the
full PKU harmful split. We use the step_by_step
prefix defined above and evaluate all methods on
the full split. Other assistant prefixes are reported
in the appendix. The main prefilling experiment
uses a single assistant prefix selected before full-
split evaluation. Table 11 shows the first-500 sweep
used for this selection. We use step_by_step be-
cause it is a strong stress test against the Instruct
baseline while leaving IRIS in the same ASR range
as the other candidate prefixes. The full-split pre-
filling table in the main text is then evaluated only
with this selected prefix.

Prefix IRIS fixed500 ASR |  Instruct ASR |
sure 9.00 18.61
step_by_step 11.80 60.33
of _course 10.60 39.67
absolutely 9.20 6.71
here_is 11.20 6.64

Table 11: First-500 assistant-prefill sweep used to select
the main prefix.

A.8 Prefix-Recovery Training Details

The CE warm-up stage trains the IRIS module on
safe responses with forced refinement. In the main
pipeline this warm-up uses short-loop training with
K = 2, and its role is to initialize the recurrent
refinement block so that repeated latent updates
do not immediately cause repetition collapse or
off-manifold generation. It is not used as the final
safety mechanism.

The prefix-recovery stage constructs model-
owned failures from the base model itself. We first
let the raw base model generate continuations on
harmful training prompts, then use the safety judge
to retain responses that are harmful. From these
harmful continuations, we truncate prefixes so that
the training state already contains a partial unsafe
trajectory. Conditioned on the original prompt and
the harmful base-owned prefix, IRIS is trained with
CE on the corresponding safe continuation. The
final checkpoint initializes from the CE warm-up
model and then performs K = 5 prefix-recovery
training. Reference KL keeps updated logits close
to the base distribution, hidden-step regularization
limits the magnitude of each latent update, and
multi-depth supervision provides training signal
under multiple loop budgets.

A.9 Training Source and Initialization
Controls

This subsection separates language-stability effects
from the safety-recovery signal. The CE-only stabi-
lizer keeps generation fluent but does not by itself
reduce ASR enough, showing that language mod-
eling alone is not the safety mechanism. The no-
CE-initialization controls demonstrate that prefix
recovery can learn safety behavior directly, but with
higher degeneration than the final CE-initialized
pipeline.

Variant PKU  Deg. Avg

ASR | J  Loopl
CE-only stabilizer, K2 60.80 3.2 200.7
No CE-init, step1000 920 100 163.77
No CE-init, step1250 740 100 161.44

Table 12: Training source and initialization controls on
PKU fixed500 unless noted.

Table 13 reports the early clean/CE-source
recovery-step diagnostic. Most of the improvement
occurs between 500 and 1000 steps; extending to
1500 steps gives only a marginal ASR gain in this
branch. This is why the later mainline experiments
focus on the 1000-step checkpoint rather than treat-
ing longer training as the primary improvement
path.

Metric 500 1000 1500
PKUASR|  21.20 14.00 13.40
Deg. | 8.0 5.4 5.4
AvgLoop| 216.70 163.26 150.81
GSMSK t 5337  53.30 -

Table 13: Prefix-recovery step diagnostic on the early
clean/CE-source branch, measured on PKU fixed500
with K = 5, 7o, = 0.80, and 7o¢ = 0.70. Deg. reports
full-window degeneration.

A.10 CAA Multiplier Sweep

Table 14 reports the CAA multiplier sweep used to
select the matched-safety static-steering baseline.
The fixed500 sweep selects layer16 mult=6.5 be-
cause it is the closest point above the IRIS fixed500
ASR target. At full scale, mult=6.5 reaches PKU
ASR 9.82%, which is close to IRIS, but it loses
substantial GSM8K accuracy and produces many
empty responses. Thus, CAA is a useful matched-
safety baseline, but its apparent safety comes with
a stronger utility and generation-quality cost.
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Setting PKUASR | Empty
mult=5.0 full 23.83 1242
mult=5.5 full 18.53 1426
mult=6.5 fixed500 10.00 -
mult=6.5 full 9.82 1792
mult=7.0 fixed500 5.80 -
mult=7.5 fixed500 4.40 -
mult=8.0 fixed500 3.20 -
mult=8.5 fixed500 1.20 -
mult=9.0 fixed500 0.60 -
mult=10.0 full - 2532

Table 14: CAA layerl6 multiplier sweep. Fixed500
rows are used for multiplier selection; full rows provide
scale-up and generation-quality diagnostics.

A.11 Additional Routing Diagnostics

Table 15 reports expanded diagnostics behind the
compact routing ablation table in the main text. The
no-loop route is simply the undefended base path
and therefore keeps zero loop cost but high ASR.
Always-loop refinement gives the lowest ASR, but
it turns the method into a blanket intervention with
much higher degeneration and loop cost. Selective
IRIS is the operating point used in the main results
because it keeps most of the safety gain without
forcing every token through the loop.

Routing ASR  Full Deg. Avg Loop
Base /noloop  70.59 - 0.00
Selective IRIS 8.60 4.75 178.88
Always loop 0.37 18.02 1255.41

Table 15: Expanded routing diagnostics on the full PKU
split. Full Deg. reports full-window degeneration.

A.12 Layer Choice Diagnostic

Table 16 reports the same-pipeline fixed500 diag-
nostic used to select the Llama-3.1-8B intervention
layer. Layer 14 is slightly more aggressive than
layer 16, but it requires more loop computation and
has higher degeneration. Layer 19 is worse on both
ASR and cost. We therefore use layer 16 in the
main experiments because it gives the most stable
balance of safety, degeneration, and loop cost.

Layer PKU| Deg.| Loopdl
14 7.8 8.0 258.8
16 8.2 44 185.9
19 214 13.4 326.5

Table 16: Same-pipeline layer diagnostic on fixed500.
Deg. is full-window degeneration. Historical runs with
different training objectives are not mixed into this table.

A.13 Response Diversity and Degeneration
Diagnostics

Table 17 reports template and empty-response di-
agnostics complementary to the Diversity column
in the main table. These metrics help distinguish
safety from template collapse. For example, Circuit
Breaker and Llama Guard achieve low ASR partly
through refusal or safe-sink templates, while IRIS
has very low template rates. CAA produces many
empty responses at the matched-safety multiplier.

Method Refusal ~ Safe Sink  Empty
Base 0.92 0.00 24
Instruct 12.27 0.69 0
CAA 0.00 0.04 1792
Circuit Breaker 93.09 0.94 0
LG-Out 75.19 74.42 8
LG-In+Out 88.46 88.28 8
IRIS 1.63 0.31 0

Table 17: Template and empty-response diagnostics on
full PKU harmful responses. Refusal and Safe Sink are
template rates in percent; Empty is the number of empty
responses.

A.14 Llama-3.2-1B Transfer Limitation

Llama-3.2-1B is excluded from the main transfer
table because the current runtime makes capability
tasks unusable. Table 18 summarizes the avail-
able diagnostic results. The low OR-Bench refusal
shows that the model is not simply refusing every-
thing, but the GSM8K no-answer count and loop
statistics indicate that the runtime overwhelms the
small model’s useful computation.

Metric Result
OR-Bench refusal 2.12
GSMSK accuracy 1.14
GSMS8K no-answer count 377/ 1319
GSMSK avg loop 367.36
GSMS8K unsafe-token ratio 86.63

Table 18: Llama-3.2-1B transfer diagnostic under the
evaluated K4 runtime. Percent-valued rows omit the
percent sign for compactness.

A.15 Instruct-IRIS Appendix

The Instruct-IRIS appendix reports a diagnostic run
that applies the current recovery pipeline on top of
a refusal-style Instruct model. We trained fresh
layer-16 Instruct probe, fluent, and prefix-recovery
components and evaluated the resulting checkpoint
on full PKU and full OR-Bench. Table 19 reports
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the completed diagnostic. The checkpoint obtains
very low PKU ASR, but its OR-Bench behavior is
not clean: explicit refusal is moderate, while broad
non-helpfulness and degeneration are high. This
distinction matters because a low explicit refusal
rate can hide answers that are unhelpful for reasons
other than a refusal template, especially when late-
token degeneration is frequent. For that reason, it
is kept as an appendix diagnostic rather than a main
result.

Metric Result
PKU ASR 1.16
PKU window full deg. 2.30
PKU avg loop 15.02
OR-Bench explicit refusal 12.89
OR-Bench heuristic refusal 14.33
OR-Bench broad non-helpful 47.38
OR-Bench normal helpful 52.62
OR-Bench window full deg. 24.03
OR-Bench avg loop 156.35

Table 19: Instruct-IRIS full diagnostic. The run
uses newly trained layer-16 Instruct probe/fluent/prefix-
recovery components, not the old proxy-first Instruct
checkpoint. Percent-valued rows omit the percent sign.

A.16 Implementation Notes

The implementation uses a base/fluent route for
low-risk states and an IRIS route for high-risk
states. The conceptual method presents low-risk
states as bypassing safety refinement; the imple-
mentation realizes this with the base/fluent route
while preserving the same routing-conditioned
computation pattern. The main runtime uses mean-
only routing score, K = 5, 7o, = 0.90, 7o =
0.80, and min_steps = 2. Additional engineering
details include the fluent surrogate, probe archi-
tecture, routing hysteresis, score pooling, prompt
templates, and judge prompts.
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