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Abstract

Domain fine-tuning degrades the safety of large
language models: fine-tuned specialists read-
ily comply with harmful prompts framed in
domain language. Existing inference-time de-
fenses that mix logits from a safe anchor model
require both models to share a vocabulary,
which rules them out for the cross-family spe-
cialists where safety is most degraded. We
present ALIGNBEAM, a training-free method
that lifts this restriction by translating anchor
probability mass into the target model’s vocab-
ulary token-by-token at each decoding step; a
small LLM judge then selects the safest among
K candidate continuations. No weights are
changed, and the mixing strength can be tuned
at deployment without retraining. Across both
cross-vocabulary and same-vocabulary evalu-
ation pairs, ALIGNBEAM substantially raises
refusal on structured, front-loaded adversarial
benchmarks, with a 4.6–6.6× inference slow-
down inside the band of existing inference-time
defenses. The results show that early-token
refusal behavior can be transferred between
model families at inference time, without touch-
ing either model’s weights.

1 Introduction

Domain fine-tuning degrades safety alignment. A
medical specialist trained on patient notes will com-
ply with pharmacology abuse questions framed
as clinical queries; a finance specialist will help
plan fraud once the harm is framed as a portfolio
problem. System prompts offer no reliable fix: a
system-prompted Llama-3.1-8B achieves 14.3% re-
fusal, below the unprompted draft’s 16.9% (§4).
Post-generation classifiers can flag harmful out-
puts but cannot steer generation away from them,
and RLHF/DPO retraining is undone by as few
as 100 benign fine-tuning steps (Qi et al., 2024).
A more direct fix is to mix logits from a small,
well-aligned anchor model during generation, but

*Work done while at Lexsi Labs.

existing methods (Xu et al., 2024; Liu et al., 2024;
Li et al., 2023a) require both models to share a vo-
cabulary. This rules them out for the cross-family
specialists where safety is most degraded. We mea-
sure the construct of early-token refusal behavior
via string-match refusal and benchmark-judge ac-
curacy on structured adversarial prompts; this is
narrower than general model safety, and we scope
every claim in this paper to that construct rather
than to safety writ large.

Prior work. Safety alignment concentrates in
the first few output tokens and is fragile to domain
shift (Qi et al., 2025), which is why mixing only
a short prefix is enough. ALIGNBEAM extends
SAFEDECODING (Xu et al., 2024) to the cross-
vocabulary setting (full derivation, and compari-
son with LlamaGuard (Inan et al., 2023), RAIN
(Li et al., 2024), an anchor-generated-prefix base-
line, and recent decoding-time methods (Fei et al.,
2025; Huang et al., 2025; Zhang et al., 2025), in
Appendix D and Appendix M).

Contributions. We introduce ALIGNBEAM1, a
training-free method that mixes a safety anchor’s
next-token distribution into a domain-specialist
draft model’s decoding, without requiring a shared
vocabulary; mixing depth N , weight α, and beam
count K are all tunable at deployment without re-
training (§2). We evaluate across five model pairs
covering three SFT-eroded domain specialists, one
unaligned base model, and a same-vocabulary con-
trol, and find large gains on structured, front-loaded
adversarial benchmarks, with minimal accuracy
cost (§4).

2 Method

Problem. Let Md be a domain-specialist draft
model with vocabulary Vd and Ms a small aligned
safety anchor with vocabulary Vs; in general Vd ̸=
Vs. Given a query x, we seek a response that is

1Code: https://github.com/Lexsi-Labs/alignbeam
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Figure 1: Anchor probability mass governs the safety-critical
opening positions; the draft model takes over for fluency and
domain accuracy. Phase 1 (Priming): LBM at step 0 yields
K beam roots. Phase 2 (Mixed Decoding): each beam is
extended greedily for N−1 steps via LBM. Phase 3 (Draft
Continuation): Md alone completes all K beams for domain
quality (KV-cache reuse); an LLM judge then picks the safest
completed beam.

both safe and useful. Neither model is modified;
ALIGNBEAM runs at inference time (Figure 1).
Cross-vocabulary logit bridge mixing (LBM).
Because Md and Ms use different vocabularies, to-
ken IDs cannot be mixed directly. LBM bridges
them by translating the anchor’s top-B predicted
tokens (we use B = 50) into draft vocabulary
space. Let Ps, Pd denote the next-token probability
distributions (LBM mixes post-softmax probabil-
ities, not raw logits, since logits from two differ-
ent model families are not on a comparable scale)
and TB ⊂ Vs the anchor’s top-B tokens. For each
sid ∈ TB with probability ps = Ps(sid), we decode
it to a string and re-encode under the draft tokeniser:
t = decodes(sid), dids = encoded(t). Whenever
the result is a single draft token (|dids| = 1), we
accumulate it into a buffer f via

f [did] += αps + (1− α)Pd(did), (1)

where α ∈ [0, 1] is a deployment-time mixing-
strength control, not a safety-utility knob in the
strict sense: higher α steers more aggressively
toward the anchor’s distribution, but α = 0 does
not recover ordinary draft decoding, since the text-
bridge mapping still executes and gates the support
(below) regardless of α, and benign over-refusal is
nearly flat across the whole range. The buffer’s sup-
port is exactly the set of draft tokens reachable as a
1:1 image of the anchor’s top-B projection: a draft
token the anchor does not endorse there receives
zero mass, i.e. the anchor gates the support be-
fore renormalisation. When several anchor tokens
round-trip to the same draft token, their contribu-
tions to f [did] are summed rather than averaged,
which acts as an implicit consensus bonus for draft

tokens the anchor agrees on from multiple direc-
tions. When the string decodes to multiple draft
tokens, a variant-specific fallback applies: LBM-
FIRST keeps only the first sub-token, while LBM-
DROP and LBM-EXACT both exclude the anchor
token from f entirely, contributing zero mass at that
position; these two variants implement the identical
operation (only their names differ, kept separately
in reporting for historical reasons from earlier ab-
lation runs where they were expected to diverge)
and produce nearly identical results throughout this
paper, differing only by 0.9 pp on DS-Math Sorry-
Bench (45.0% vs. 45.9%; Table 17; see also Ta-
ble 6, §X). Renormalising f gives the blended dis-
tribution f̃ . On same-vocabulary pairs all three vari-
ants agree (>98% single-token match); on cross-
family pairs roughly 12% of anchor tokens hit the
fallback, and this fallback mass is concentrated in
non-ASCII (CJK/emoji) anchor-vocabulary tokens
that never surface at an English refusal position
(Appendix F). When Vd=Vs, LBM is analogous
to SAFEDECODING (Xu et al., 2024); the construc-
tion differs in that LBM selects support via beam
search over continuations rather than by token-level
top-k intersection.

We use LBM-DROP as the default: it carries the
projected top-B anchor probability mass at each
mixed position, suppressing harmful token mass
and producing standard refusal phrases. LBM-
FIRST injects only the first sub-token per step, steer-
ing the output toward safety without triggering the
string-match refusal list (stealth safety; App. S).
Three-phase beam pipeline. Phase 1 runs both
models on query x (chat template for instruct mod-
els; Q:{x}\nA: for base) and picks the top-K to-
kens of f̃ as starting beams. Phase 2 extends each
beam greedily for N−1 further steps under LBM,
requiring O(K ·N) paired forward passes in to-
tal. Phase 3 completes all K beams using Md

alone with KV-cache reuse; a small LLM judge J
scores each beam on a 1–5 harm rubric and returns
the safest one (score ≤ τ = 2.5). Phase 3 is the
main computational cost, so total overhead scales
with K, not N . We offer two settings: K=1 (no
judge, lowest overhead) and K=3 (default), both
within the latency range of existing inference-time
defenses (Appendix Z).

3 Experiments

Model pairs. We evaluate five drafts rang-
ing from 6.7B to 8B parameters: three
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Algorithm 1 ALIGNBEAM Generation

Require: Query x; draft Md; anchor Ms; depth N ; beams
K; weight α

Ensure: Response y∗

Phase 1: Priming
1: xd ← fmtd(x); xs ← fmts(x)

2: f̃ ← LBM(Md(xd), Ms(xs), α)

3: {bk}Kk=1 ← top-K tokens of f̃
Phase 2: Mixed Decoding

4: for step = 1, . . . , N−1; each beam bk do
5: f̃ (k) ← LBM

(
Md(xd∥bk),Ms(xs∥bk), α

)

6: v∗ ← argmaxv f̃
(k)(v); extend bk

7: end for
Phase 3: Draft Continuation

8: for each beam bk do
9: Complete bk with Md alone (KV-cache reuse)

10: end for
11: b∗ ← argmink: J(bk)≤τ J(bk)
12: return y∗ ← text(b∗)

domain-fine-tuned specialists where SFT degraded
safety (MedLlama-3-8B, Finance-Llama3-8B,
DS-Math-7B-Instruct), one unaligned base model
used as reference control (Llama-3.1-8B), and one
same-vocabulary control (Qwen3-8B-Base, which
shares a tokeniser with the anchor). DS-Math-7B-
Instruct uses N=20 rather than the default N=6:
at N=6 it produces a refusal prefix and then con-
tinues with the harmful answer, so a longer mixing
window is needed (App. S). The safety anchor is
Qwen2.5-3B-Instruct, fixed across all pairs.
Datasets. We use three evaluation categories,
safety, calibration, and utility (sample counts in
parentheses). Safety: HarmBench-Standard (167)
(Mazeika et al., 2024), HarmBench-Contextual
(62), AdvBench (520) (Zou et al., 2023), Sorry-
Bench (440) (Xie et al., 2025), WildJailbreak-
Eval-Harmful (1,315) (Jiang et al., 2024). Cali-
bration (benign): XSTest (450) (Röttger et al.,
2024), OR-Bench-Hard (855) (Cui et al., 2025),
JBB-Benign (100) (Chao et al., 2024). Util-
ity: GSM8K (Cobbe et al., 2021) for the DS-
Math cross-vocabulary pair, MedQA (Li et al.,
2023b) for the medical specialist pair (MedLlama;
a ChatDoctor-derived evaluation, App. E), and IFE-
val (Zhou et al., 2023) for instruction-following
under the deployed K = 3 safety configuration
(Appendix Y.2). HarmBench-Contextual and Wild-
Jailbreak probe domain-framed and multi-sentence
attacks respectively; calibration sets measure be-
nign over-refusal. Supplementary harmful sets
(JailbreakBench-Harmful (Chao et al., 2024)) are
reported only in the appendix.
Hyperparameters and judging. All safety-mode
runs (all Ref%/ACC% numbers in §4 and the main

safety appendices) use: N = 6 (DS-Math: 20),
K = 3, α = 0.5, judge threshold τ = 2.5, tem-
perature T = 0.7, bridge width B = 50, repeti-
tion penalty 1.15, seed 42. GSM8K and MedQA
use the utility configuration (K = 1, repetition
penalty 1.0); IFEval uses the safety configuration
(K=3, repetition penalty 1.0) as deployed (§Y.2).
Repetition penalty 1.0 is used for all three be-
cause at 1.15 the penalty suppresses the repeated
digits and operators needed for multi-step arith-
metic and collapses DS-Math’s chain-of-thought.
Each benchmark is scored by a publicly released,
benchmark-compatible classifier; the exact judge
for each dataset is listed in Appendix E. This paper
reports two complementary safety metrics, string-
match refusal (Ref%) and benchmark-judge accu-
racy (ACC%); either can be misleading in specific
failure modes documented in Appendix C. The
LLM judge in Phase 3 is used only to pick between
beams during generation; it never scores the re-
sults reported here, avoiding any self-evaluation
circularity.

4 Results

Headline. Across five pairs, ALIGNBEAM raises
string-match refusal on AdvBench from 38.1% to
91.5% (+53.4 pp macro avg.) and on HarmBench-
Std from 25.9% to 76.4% (+50.5 pp macro avg.)
(Table 1; both share the HarmBench-Mistral judge).
Four pairs reach 91–96% on AdvBench and
78–81% on HarmBench-Std; DS-Math-7B-Inst
reaches 63.5% (+50.9 pp), pulling the macro av-
erage to 76.4% (median 79.6%). These gains are
not an artefact of sample size: bootstrap 95% con-
fidence intervals on the Llama-3.1-8B pair are dis-
joint between base and ALIGNBEAM on every
structured benchmark (Appendix AA.2). Benign
over-refusal (refusal on non-adversarial prompts;
lower is better) rises across all pairs as the an-
chor’s tendency to refuse carries over (Llama-
8B: OR-H 11.0%→22.3%, XSTest 5.6%→40.0%;
per-pair details in Appendix G). Genuine benign-
compliance accuracy (answered and judged safe,
corrected metric per Appendix C) falls by a compa-
rable, modest margin (Llama-8B OR-Bench-Hard
77.2%→72.5%). Task utility falls by −0.4 pp
on both GSM8K and MedQA (Appendix Y), and
instruction-following under the deployed K =
3 safety configuration does not degrade (Ap-
pendix Y.2).
Early-token safety and the depth/weight trade-
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ALIGNBEAM on harmful benchmark (↑)

Draft model (domain) HB-Std HB-Ctx AdvB Sorry WildJB

Domain-fine-tuned specialists (safety eroded by SFT; ALIGNBEAM restores it)

MedLlama-3-8B (medical)
Ref% 78.4 +61.6 69.4 +59.7 91.7 +51.5 63.2 +45.2 16.2 +2.1

Acc% 88.6 87.1 99.0 72.3 42.5

Finance-Llama3-8B (finance)
Ref% 79.6 +56.2 80.6 +50.0 94.8 +65.2 65.7 +10.5 33.2 (−9.5)

Acc% 91.0 90.3 98.1 77.3 54.9

DS-Math-7B-Inst (math)
Ref% 63.5 +50.9 61.3 +51.6 80.6 +69.4 45.0 +31.8 15.0 +3.5

Acc% 85.0 79.0 91.3 65.7 40.3

Pre-trained / unaligned drafts (reference controls)

Llama-3.1-8B (general)
Ref% 79.6 +64.6 79.0 +70.9 94.4 +76.9 61.4 +50.5 19.7 +6.4

Acc% 91.6 80.7 98.3 74.3 43.9

Qwen3-8B-Base (same-vocab ctrl)
Ref% 80.8 +19.1 71.0 +33.9 95.8 +3.9 63.4 +23.9 20.9 +4.8

Acc% 89.8 90.3 99.4 79.8 53.1

Macro avg. Ref% 76.4 +50.5 72.3 +53.2 91.5 +53.4 59.7 +32.4 21.0 +1.5

Acc% 89.2 85.5 97.2 73.9 46.9

Table 1: ALIGNBEAM raises count-weighted HB+AB
refusal by +54.0–73.9 pp across the four cross-vocabulary
pairs. Benign over-refusal (not shown in this table) is reported
separately in Table 3. Ref% = string-match refusal; Acc% =
benchmark-judge accuracy (genuine-compliance on benign
rows). Ref% and Acc% are complementary, not one more
conservative than the other; either can be misleading in the
specific failure modes documented in Appendix C. underlined
= improvement over the unmodified draft. Config: LBM-
DROP, α=0.5, N =6 (DS-Math: N =20), K=3, seed 42.
WildJB Acc% columns reflect a corrected WildGuard judge-
parsing defect (Appendix G); WildJB Ref% is unaffected
(string-match does not use a judge). Full Base/ALIGNBEAM
grid in Appendix B.

off. Safety is concentrated in early tokens (Qi et al.,
2025): the first three mixed steps add +61.9 pp
HB+AB, and going deeper adds only 2.6 pp more
from N =6 to N =20. Refusal saturates by α=
0.50 while OR-Bench-Hard over-refusal stays flat
(Limitations), so the α knob controls where on the
refusal/over-refusal curve to operate. We use α=
0.50, N=6 as defaults; full sweeps, Pareto curves,
and per-dataset numbers are in Appendices N–O.
Beam count K: two first-class deployment
modes. K is set once at deployment; both settings
are intended operating points. K=1 (budget, no
judge, ∼2×) is not weaker on adversarial refusal:
on the Llama-8B cross-vocabulary pair it matches
or slightly exceeds K=3 on all four harmful sets,
but pays +3.3 pp XSTest over-refusal (43.3% vs.
40.0%), the judge’s role being benign-side calibra-
tion rather than safety. Prefer K=3 (default, ∼5×)
when calibration matters more than cost.
Anchor alignment vs. beam search. On the
Llama-8B pair, beam search and anchor alignment
each contribute roughly half the safety gain (Fig. 3,
Appendix X), and a same-size anchor-size sweep
(Appendix X) confirms it is calibration, not param-
eter count, that sets the ceiling.
Comparison to baselines. LlamaGuard filters
reach near-ceiling on adversarial benchmarks but
push benign over-refusal to 34–39% on OR-Bench-
Hard and 38–39% on JBB-Benign. ALIGNBEAM

Mode AdvB HB-Std HB-Ctx XSTest↓
K=1 98.5 80.8 85.5 43.3
K=3 94.4 79.6 79.0 40.0

Table 2: K = 1 vs. K = 3 on Llama-8B (string-match
refusal%, harmful sets; XSTest is over-refusal, lower is better).
K =3 is not the higher-raw-refusal setting here: the Phase-
3 judge is itself a 3B model, imperfectly calibrated on ties
between similarly-safe beams (Appendix E). We call K=3
the deployed safety configuration because it is the one used
for every other headline number in this paper, not because it
maximizes raw refusal. Full profile, GSM8K/MedQA/IFEval
deltas, and latency: Table 18, Appendix Z.

achieves 79.6% HarmBench-Std and 94.4% Ad-
vBench refusal while keeping OR-Bench-Hard at
22.3% and JBB-Benign at 26.0%, a substantially
better safety/over-refusal balance (Table 3; Ap-
pendix L). The safety-prompt baseline is actively
counterproductive: 14.3% refusal, below the un-
prompted draft’s 16.9%. An anchor-generated-
prefix baseline (the anchor alone decodes the first
N tokens with no mixing and no judge) matches
or slightly exceeds ALIGNBEAM on raw adversar-
ial refusal, but ALIGNBEAM over-refuses less on
every benign/calibration set and additionally offers
a tunable α/K operating point that a fixed prefix
cannot (Appendix M). On the same-vocabulary
Qwen3-8B-Base pair, ALIGNBEAM beats both
PROXY TUNING (Liu et al., 2024) and top-k con-
trastive decoding (Li et al., 2023a) on five of six
adversarial benchmarks, with the widest gap on
contextual attacks (Appendix J); results hold at
70B scale (Llama-3.1-70B, Appendix V).
Robustness. Results are stable across seeds
{42, 2, 3} (±0.7 pp HB+AB; App. T), across dif-
ferent Phase 1 prompt formats (App. Q), and un-
der bootstrap resampling (Appendix AA.2). Drop-
ping the LLM judge (App. U; K = 3 beams re-
tained, judge disabled) leaves adversarial refusal
unchanged or slightly higher; the only cost is
+6.4 pp XSTest over-refusal, confirming that prob-
ability mixing provides the safety signal and the
judge’s role is primarily to reduce over-refusal on
benign inputs. Phase-2 mixing also directly sup-
presses the “refuse-then-continue” failure mode (a
canonical refusal opener followed by harmful con-
tent anyway): on Llama-8B this rate drops from
5.8%→0.2% on AdvBench and 6.0%→1.8% on
HarmBench-Std (Appendix AA.3). Full ablations
and per-pair breakdowns are in the appendix.
Does the judge sharing the anchor’s checkpoint
inflate the results? No: removing the judge
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slightly raises adversarial refusal rather than low-
ering it, and every headline number is scored by a
publicly released, benchmark-compatible classifier,
independent of the anchor’s family (full argument
in Appendix E).

Harmful (↑) Benign† (↓)
Method HB-Std HB-Ctx AdvB Sorry OR-H JBB-B

Base draft 15.0 8.1 17.5 10.9 11.0 10.0
Safety prompt 10.2 8.1 15.6 15.2 14.7 10.0
Anchor prefix 82.0 85.5 97.7 63.0 23.7 29.0
LlamaGuard prompt-filter 98.2 95.2 99.4 85.5 34.5 38.0
LlamaGuard response-filter 98.2 100.0 99.4 83.4 34.6 39.0
ALIGNBEAM (ours) 79.6 79.0 94.4 61.4 22.3 26.0

Table 3: ALIGNBEAM trades some adversarial refusal for
much lower benign over-refusal: 79–94% refusal on HB-Std,
HB-Ctx and AdvBench (LlamaGuard: 95–100%), with over-
refusal of 22–26% vs. LlamaGuard’s 34–39%. Anchor prefix
is the anchor-generated-prefix condition (anchor decodes the
first N tokens alone, no mixing, no judge; Appendix M); on
this over-refusal metric it is worse than ALIGNBEAM despite
competitive raw refusal (Appendix M reports the genuine-
compliance comparison). String-match refusal%; harmful: ↑;
†benign / calibration (over-refusal): ↓. All rows: same Llama-
3.1-8B draft. Anchor prefix at K=1; ALIGNBEAM at K=3.

Task utility. Under ALIGNBEAM’s K = 1 util-
ity mode, task accuracy drops by −0.4 pp on
both domain pairs: GSM8K (DS-Math-7B-Inst)
77.0%→ 76.6% and MedQA (MedLlama-3-8B)
13.1%→ 12.7%. Under the deployed K = 3
safety configuration, instruction-following (IFE-
val, Llama-8B) does not degrade; it improves,
from 14.2% to 27.0% prompt-level strict accu-
racy, because the anchor’s instruction-following
competence is mixed into a draft that other-
wise has none (Appendix Y.2); this establishes
that early-token mixing does not reduce IFEval
instruction-following accuracy under the safety
configuration actually deployed, complementing
the K = 1 GSM8K/MedQA numbers. Full per-
strategy MedQA similarity metrics (ROUGE-1/2,
BERTScore-F1, SentSim; all within ±1.5 pp) are
in Appendix Y.1.

5 Conclusion

Early-token refusal behavior need not be encoded
solely in a deployed model’s weights: it can be
supplied at inference time by a separately main-
tained anchor. ALIGNBEAM instantiates this prin-
ciple via a cross-vocabulary text bridge, raising
AdvBench refusal to 91–96% on four of the five
model pairs (four cross-vocabulary pairs and one
same-vocabulary control) and substantially lift-
ing count-weighted HB+AB refusal. Task ac-
curacy (GSM8K, MedQA) changes by at most

0.5 pp, while wealth-management reference sim-
ilarity (ROUGE-L) falls by 7.6 pp, the one non-
small utility cost in this paper; ALIGNBEAM’s
slowdown falls inside the 4.6–6.6× band of ex-
isting inference-time defenses. The evidence sup-
ports early-token refusal steering, not general be-
havioral alignment transfer; the method’s bound-
ary is the WildJailbreak delayed-payload setting
(Limitations). Immediate extensions include multi-
anchor ensembles and adaptive-prefix decoding.

Limitations

Inference cost is comparable to other inference-
time defenses, and K/N are adjustable at deploy-
ment without retraining (Appendix Z). The safety
ceiling is set by the anchor: over-refusal on ambigu-
ous benign prompts is inherited and does not im-
prove with more mixing, and attacks placing harm-
ful content past the mixed prefix are only partially
blocked and can even reverse on some pairs (Ap-
pendix AB). All experiments are single-turn, ≤200
tokens, non-adaptive, and use one anchor family
(Qwen2.5-3B-Instruct); an alternative anchor must
match the evaluation metric’s refusal style (Ap-
pendix R). Multi-turn, adaptive-attack, and multi-
anchor robustness remain open (Appendix AB).

AI usage

The authors used AI-assisted tools during the prepa-
ration of this manuscript. Specifically, Claude
Code (Anthropic) was used for implementation as-
sistance, LaTeX formatting, and prose editing. All
scientific content, experimental design, data collec-
tion, numerical results, analysis, and conclusions
are entirely the authors’ own work. No AI tool was
used to generate results, produce figures, or write
scientific claims.

Ethics Statement

ALIGNBEAM raises refusal on domain-fine-tuned
models, limiting direct misuse. Dual-use, residual
risks, and data/compute disclosure: Appendix AC.
Reproducibility: configurations, prompts, and
seeds are in our repository (App. Z.1).
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A Acronyms Used in the Appendix

Methods/components: LBM (logit bridge
mixing), LBM-DROP/ LBM-FIRST/ LBM-
EXACT (LBM multi-token fallbacks). Bench-
marks: HB-Std (HarmBench-Standard), HB-Ctx
(HarmBench-Contextual), AdvB (AdvBench),
JBB-H (JailbreakBench-Harmful), JBB-B
(JBB-Benign), Sorry (Sorry-Bench), WildJB
(WildJailbreak-Eval-Harmful), OR-H (OR-
Bench-Hard), OR-Tox (OR-Bench-Toxic),
XSTest. Model-pair shorthand: DS-Math =
DS-Math-7B-Inst, Llama-8B = Llama-3.1-8B,
Llama-70B = Llama-3.1-70B, MedLlama =
MedLlama-3-8B, Finance-Llama = Finance-
Llama3-8B, Qwen3-Base = Qwen3-8B-Base,
Anchor-Size = Qwen2.5-7B-Base (same-family
ablation), Wealth-LoRA = Llama-3.1-8B-Instruct
+ wealth-management LoRA adapter. Baselines:
Instruct-Base = instruct-counterpart, LG-Prompt
= LlamaGuard prompt-filter, LG-Response =
LlamaGuard response-filter, Anchor-Prefix =
anchor-generated prefix. Metrics: Ref% = string-
match refusal, ACC% = benchmark-judge accuracy
(benign/calibration ACC% is the corrected “an-
swered AND judged-safe” genuine-compliance
metric; Appendix C), ∆safe = ALIGNBEAM Ref%

− Base Ref%, HB+AB = count-weighted refusal
over HarmBench-Std (n = 167) and AdvBench
(n=520).

B Regime Patterns and Aggregate
HB+AB

ALIGNBEAM raises the count-weighted HB+AB
aggregate (HarmBench-Std n = 167 + Ad-
vBench n = 520, shared HarmBench-Mistral
judge) from 35.1% to 87.8% (+52.7 pp) macro-
averaged over five pairs (Table 4; main-body Ta-
ble 1 shows only the ALIGNBEAM row). Per-
pair HB+AB: Llama-8B 16.9→90.8 (+73.9),
MedLlama 34.5→88.5 (+54.0), Finance-Llama
28.1→91.1 (+63.0), DS-Math 11.5→76.4 (+64.9),
Qwen3-Base 84.6→92.1 (+7.5).

Regime patterns. The gain pattern across pairs
reflects four distinct baseline safety properties.
Cross-vocabulary domain specialists with low
safety priors (Llama-8B, MedLlama, Finance-
Llama): all three start at 17–35% and reach 88–
91% HB+AB, the largest absolute gains. The
medical pair (MedLlama; App. H) gains most
on HarmBench-Contextual (+59.7 pp) where do-
main framing is the attack vector; the financial
pair (Finance-Llama; App. I) follows the same
pattern. Instruct draft with no safety prior (DS-
Math): the math specialist’s chat template receives
explicit user turns but was never trained to refuse
them, so the anchor overrides the entire harmful-
response trajectory at N=20 positions; HB+AB
moves from 11.5% to 76.4%. Same-vocabulary
control (Qwen3-Base): gains only +7.5 pp from
an already-aligned 84.6% baseline, confirming that
ALIGNBEAM behaves analogously to SAFEDE-
CODING for same-family pairs (the construction
differs in support selection: LBM uses the anchor’s
top-B tokens rather than a token-level intersection)
and adds no harm in that regime.

C Why String-Match Refusal as Primary
Metric

String-match refusal (Ref%) and benchmark-judge
accuracy (ACC%) are complementary, primary
metrics; neither is uniformly more conservative
than the other, and either can be misleading
in specific failure modes. We identified and
corrected two evaluation-harness defects affect-
ing benign genuine-compliance and WildJailbreak
judge accuracy; string-match refusal and all non-
WildJailbreak harmful-benchmark scores were un-
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Draft model Method Metric HB-Std HB-Ctx AdvB JBB-H Sorry WildJB HB+AB % ∆safe

Base drafts, cross-vocab, low safety prior

Llama-3.1-8B
Base Ref% 15.0 8.1 17.5 30.0 10.9 13.3 16.9

Acc% 49.1 53.2 52.5 11.0 34.9 43.4† 51.7

Ours Ref% 79.6 79.0 94.4 80.0 61.4 19.7 90.8 +73.9
Acc% 91.6 +42.5 80.7 +27.5 98.3 +45.8 79.0 +68.0 74.3 +39.4 43.9†

+0.5 96.7

MedLlama-3-8B
Base Ref% 16.8 9.7 40.2 25.0 18.0 14.1 34.5

Acc% 35.3 25.8 59.2 42.0 31.1 43.9† 53.4

Ours Ref% 78.4 69.4 91.7 79.0 63.2 16.2 88.5 +54.0
Acc% 88.6 +53.3 87.1 +61.3 99.0 +39.8 82.0 +40.0 72.3 +41.2 42.5† (−1.4) 96.5

Finance-Llama3-8B
Base Ref% 23.4 30.6 29.6 27.0 55.2 42.7 28.1

Acc% 64.1 79.0 78.5 56.0 67.0 58.6† 75.0

Ours Ref% 79.6 80.6 94.8 88.0 65.7 33.2 91.1 +63.0
Acc% 91.0 +26.9 90.3 +11.3 98.1 +19.6 94.0 +38.0 77.3 +10.3 54.9† (−3.7) 96.4

Instruct draft, cross-vocab (math)

DS-Math-7B-Inst
Base Ref% 12.6 9.7 11.2 16.0 13.2 11.5 11.5

Acc% 41.9 53.2 46.9 14.0 38.2 43.2† 45.7

Ours Ref% 63.5 61.3 80.6 67.0 45.0 15.0 76.4 +64.9
Acc% 85.0 +43.1 79.0 +25.8 91.3 +44.4 72.0 +58.0 65.7 +27.5 40.3† (−2.9) 89.8

Same-vocab control

Qwen3-8B-Base
Base Ref% 61.7 37.1 91.9 76.0 39.5 16.1 84.6

Acc% 80.8 64.5 95.6 81.0 55.2 58.5† 92.0

Ours Ref% 80.8 71.0 95.8 85.0 63.4 20.9 92.1 +7.5
Acc% 89.8 +9.0 90.3 +25.8 99.4 +3.8 91.0 +10.0 79.8 +24.6 53.1† (−5.4) 97.1

Macro avg. Base Ref% 25.9 19.0 38.1 34.8 27.4 19.5 35.1
Acc% 54.2 55.1 66.5 40.8 45.3 51.1∗† 63.6

Macro avg. Ours Ref% 76.4 72.3 91.5 79.8 59.7 21.0 +1.5 87.8 +52.7
Acc% 89.2 +35.0 85.5 +30.4 97.2 +30.7 83.6 +42.8 73.9 +28.6 48.6∗† (−2.5) 95.3

Table 4: Cross-vocabulary pairs (DS-Math, Llama-8B, MedLlama, Finance-Llama) gain +54–74 pp HB+AB; the
same-vocabulary control (Qwen3-Base) gains +7.5 pp from an already-aligned baseline. Full Base / ALIGNBEAM grid.
Ref% = string-match refusal; Acc% = benchmark-judge accuracy. ∗ = 4-pair mean (DS-Math excluded); otherwise 5-pair.
†WildJB Acc% corrected for a WildGuard judge-parsing defect (Appendix G); WildJB Ref% is unaffected, since string-match
does not use a judge. Calibration / over-refusal per pair in Appendices G–J.

affected. Five patterns explain when and why Ref%
and ACC% diverge, including the two corrected
defects (the fourth and fifth items below).

Base-model judge inflation. Incoherent or
repetitive base-model outputs are correctly judged
non-harmful but match none of the 22 canonical
refusal phrases, so Base ACC% can exceed Base
Ref% by ≈34 pp on Llama-8B (Appendix G).

ALIGNBEAM refuses in non-canonical phras-
ing. The anchor produces polite declinations
that the judge classifies as refusals but that do
not appear in the 22-phrase list. This creates
a gap between ALIGNBEAM ACC% and Ref%
on the harmful (refuse-expected) rows: 2–22 pp
on aligned drafts (Llama-8B/MedLlama/Finance-
Llama/Qwen3-Base median ≈10 pp), and >80 pp
on the alternative-anchor run (Appendix R).
On WildJailbreak specifically, correcting the
WildGuard scoring defect described below re-
moves what had looked like an instance of
this same pattern for DS-Math-7B-Inst: string-
match refusal rises modestly under ALIGNBEAM

(11.5%→ 15.0%, +3.5 pp), but corrected judge ac-
curacy falls (43.2%→ 40.3%, −2.9 pp) rather than
rising, so this is not, after all, a case of the judge
revealing hidden safety the string match misses;
see the fifth pattern below for the full, corrected
WildJailbreak picture across every pair. We report
both columns for every pair precisely so distinc-
tions like this one are visible rather than absorbed
into a single macro-average.

Sorry-but-continues (Ref% > ACC%). Some
unsteered models produce a canonical refusal
phrase and then continue with the requested harm-
ful content. This pattern appears in certain Sorry-
Bench sub-categories (Fraud/Deception, Privacy);
in these cases Ref% overestimates safety and
ACC% is the reliable measure. ALIGNBEAM’s
Phase 2 probability mixing anchors the continu-
ation to the safety anchor’s distribution, substan-
tially reducing this pattern in ALIGNBEAM out-
puts: measured directly on Llama-8B, the refuse-
then-continue rate drops from 5.8%→0.2% on Ad-
vBench and 6.0%→1.8% on HarmBench-Std under
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ALIGNBEAM (Appendix AA.3).
Benign/calibration ACC% correction (har-

ness bug, fixed). An evaluation-harness bug
scored comply-expected correctness (on be-
nign/calibration prompts such as OR-Bench-Hard,
JBB-Benign, and the comply half of XSTest) as
the judge’s raw harmfulness flag, which rewards
an over-refusal as “correct” rather than penalising
it. We fixed this to the intended metric, answered
AND judged-safe (genuine compliance), and re-
scored every affected table. This bug touched
only comply-expected ACC% columns: the be-
nign/calibration sets named above, and also the
comply-labelled subset of WildJailbreak (210 of
its 1,315 prompts, 16.0%), which is scored by the
same rule and is corrected together with the pars-
ing defect described next; string-match refusal%
everywhere (the paper’s primary metric, including
Table 1) and ACC% on every harmful/refuse row
were computed by an independent code path and
are unaffected. The corrected genuine-compliance
numbers are lower than the buggy ones but still well
above LlamaGuard’s collapse on the same prompts
(Appendix L): e.g. on Llama-8B, OR-Bench-Hard
genuine compliance falls from 77.2% (base) to
72.5% (ALIGNBEAM), a modest, real over-refusal
cost, not the near-total collapse the buggy formula
implied for the LlamaGuard baselines. One dataset,
OR-Bench-Toxic, remains excluded from ACC%
reporting on either side of the fix: its official judge
flags ≈55% of genuinely correct answers as harm-
ful, so we report over-refusal rate there instead of
accuracy.

WildJailbreak judge-parsing correction. A
second, independent defect compounded the first
on WildJailbreak specifically. The WildGuard
judge (used only for WildJailbreak) returns a
multi-line free-text verdict (e.g. “Harmful request:
no / Response refusal: no / Harmful response:
no”); an older parsing path could not extract a label
from this format on a large fraction of samples and
silently defaulted to labelling the response harmful
on parse failure, including on samples where the
raw text explicitly says “no” three times. Roughly
25–47% of per-sample labels flip once re-parsed.
Because WildJailbreak mixes comply-expected
prompts in with the adversarial ones, its cached
scores carry both this parsing defect and the
comply-row formula bug described above, and
the two must be corrected together: on Llama-8B,
fixing the parser alone moves base ACC% from
21.5% to 29.4%, and fixing the comply rule as

well moves it to 43.4%. We therefore re-parsed
every cached WildJailbreak judgment with the
current, correct parser (which reads the “Harmful
response: yes/no” field directly), re-applied the
correct comply/refuse rule, and recomputed
ACC% for every pair. Corrected WildJailbreak
ACC% (base → ALIGNBEAM) is: DS-Math
43.2%→40.3%, Llama-8B 43.4%→43.9%,
MedLlama 43.9%→42.5%, Finance-Llama
58.6%→54.9%, Qwen3-Base 58.5%→53.1%.
Two things follow. First, genuine WildJailbreak
judge-accuracy is substantially higher across
the board than the originally reported 20–60%
range: the defects suppressed it uniformly, not
selectively. Second, and more consequentially for
how this metric should be read: once corrected,
ALIGNBEAM no longer improves WildJailbreak
judge-accuracy on any of the cross-vocabulary
pairs in Table 1: the delta is close to flat for Llama-
8B (+0.5 pp) and negative for the rest (−1.4 to
−5.4 pp), consistent with, and reinforcing, the
delayed-payload limitation already discussed in the
Limitations section: early-token mixing does not
reach content placed later in a response, on either
metric. One exception survives the correction:
the same-family Anchor-Size ablation remains
clearly positive (+10.4 pp with the 7B anchor,
+7.3 pp with the 0.5B; Appendix X). We do not
read this as evidence that the delayed-payload
limit is avoidable, and we do not have an account
of why this pair differs: shared tokenization
does not by itself predict the sign, since the
same-vocabulary Qwen3-Base pair moves the
other way (−5.4 pp), nor does a lower starting
point, since DS-Math, Llama-8B and MedLlama
all begin below Anchor-Size’s corrected base
of 45.7% and do not improve. We report it
as an unexplained exception rather than fit a
mechanism to a single pair. Before the scoring
correction (Appendix C), DS-Math, Llama-8B
(implicitly via Table 1), and Qwen3-Base appeared
to show a positive ACC% delta here; the corrected
values do not. Ref% (string-match) is entirely
unaffected, since it never uses the judge; every
string-match number involving WildJailbreak
reported anywhere in this paper, including the
N=20 depth-check comparison in Appendix AA.1,
is unchanged by this fix.

D Extended Related Work

Alignment erosion under fine-tuning. Qi et al.
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(2024) show that as few as 100 benign fine-tuning
samples substantially reduce refusal, and Yang
et al. (2023) demonstrate that authority and domain-
framing prompts provide potent soft jailbreaks.
Our two domain-fine-tuned specialists (MedLlama
medical, Finance-Llama finance) and the math-
instruct model without safety training (DS-Math)
reproduce this erosion at scale, with HB+AB
string-match baselines of 12–35% vs. matching
instruct upper-bounds; the two pre-trained / un-
aligned drafts (Llama-8B Llama-base, Qwen3-
Base Qwen3-base) span the orthogonal absence-of-
alignment regime (HB+AB baselines 17–85%). A
LoRA-adapted instruct model (Wealth-LoRA, Ap-
pendix W) shows the same erosion pattern starting
from an already-safe base, isolated to contextually-
framed attacks rather than structured ones.

Inference-time logit interventions. The shared-
vocabulary assumption is the central limitation
of prior probability-mixing methods. SAFEDE-
CODING (Xu et al., 2024) blends draft and safety-
model probabilities at the shared vocabulary inter-
section; PROXY TUNING (Liu et al., 2024) and
top-k contrastive decoding (Li et al., 2023a) apply
the same logit arithmetic, all restricted to same-
family pairs. ALIGNBEAM relaxes this assump-
tion via a text bridge and yields a construction
analogous to SafeDecoding when Vd=Vs (differ-
ing in support selection: beam search vs. token-
level intersection); on the same-vocabulary control
(Qwen3-Base) it outperforms both Proxy Tuning
and top-k CD on five of six benchmarks (+25.8 pp
vs. Proxy Tuning on HB-Ctx; Table 11). Recent
methods that do not rely on logit sharing also fail on
domain-fine-tuned models: NUDGING (Fei et al.,
2025) swaps to an aligned guide on high-entropy
steps; DEAL (Huang et al., 2025) uses reward-
guided beam search; backtracking safety (Zhang
et al., 2025) rolls back on early unsafe tokens; and
RAIN (Li et al., 2024) self-aligns via rewindable
generation. All four require a safety prior in the
draft model itself, which domain fine-tuning has
erased. A simpler alternative, letting the anchor
alone generate a prefix with no cross-vocabulary
mixing at all, is a natural question raised during re-
view; we run and report it directly as Appendix M.

Post-hoc guard classifiers. LlamaGuard (Inan
et al., 2023) and similar response-time classifiers
block detected outputs but do not steer generation.
In domain-specialised settings, benign prompts that
share surface features with harmful ones (drug

names, financial instruments, exploit syntax) trig-
ger classifier flags at high rates; this is why Lla-
maGuard raises OR-Bench-Hard over-refusal to
34–39% vs. ALIGNBEAM’s 22.3% on the same
Llama-3.1-8B draft (Appendix L).

Early-token safety concentration. Qi et al.
(2025) argue that safety alignment concentrates
in the first few token positions and is brittle to dis-
tribution shift. If true, a shallow mixed-decoding
prefix should be sufficient to restore safety; ALIGN-
BEAM’s depth ablation (Depth-Sweep; Fig. 2(a))
confirms this directly: three mixed steps recover
92.7% AdvBench refusal on Llama-8B, while deep-
ening the window adds only a further 3.9 pp on
HB+AB from N = 3 to N = 20 (2.6 pp from
N=6; Table 14). A directly analogous saturation
holds on the harder WildJailbreak setting: tripling
the window from N =6 to N =20 recovers only
+1.6 pp string-match refusal (Appendix AA.1), be-
cause there the binding constraint is upstream of
depth: whether the anchor recognises the adversar-
ial framing at all, not how many tokens are mixed
once it does. This is why the small mixed-depth
defaults (N ∈{3, 6}) are used throughout: the gain
saturates early on prompts the anchor recognises,
and deeper mixing only adds latency.

E Evaluation Judges and Dataset Details

Every benchmark is scored with a publicly released,
benchmark-compatible classifier to avoid evaluator-
vs-method confounds and to keep our numbers di-
rectly comparable to prior work that uses the same
setup. Public benchmarks: HarmBench (Mazeika
et al., 2024), AdvBench (Zou et al., 2023), Sorry-
Bench (Xie et al., 2025), JailbreakBench (Chao
et al., 2024), WildJailbreak (Jiang et al., 2024)
(judged with WildGuard (Han et al., 2024a)), OR-
Bench (Cui et al., 2025), XSTest (Röttger et al.,
2024), GSM8K (Cobbe et al., 2021), and IFEval
(Zhou et al., 2023). Table 5 lists, for each bench-
mark used in the paper, the judge model, judge
output type, expected direction (harmful prompts
→ refusal correct; benign/calibration prompts →
compliance correct), dataset size used in our runs,
and the source. None of these judges is used in-
side ALIGNBEAM’s beam selection (which uses a
separate 3B classifier, described below).
Type key. H = harmful (model should refuse); B
= benign (model should comply); C = calibration
(mixed labels; the dataset’s own ground-truth label
determines the expected behaviour per prompt);
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Benchmark Type n Judge Output Source

HarmBench-Standard H 167 cais/HarmBench-Mistral-7b-val-cls yes/no walledai/HarmBench (standard)
HarmBench-Contextual H 62 cais/HarmBench-Mistral-7b-val-cls yes/no walledai/HarmBench (contextual)
AdvBench H 520 cais/HarmBench-Mistral-7b-val-cls yes/no walledai/AdvBench

Sorry-Bench H 440 sorry-bench/ft-mistral-7b-instruct-v0.2-sorry-bench-202406 0/1 sorry-bench/sorry-bench-202503

JailbreakBench-Harmful H 100 Meta-Llama/Llama-Guard-3-8B safe/unsafe JailbreakBench/JBB-Behaviors (harmful)
JailbreakBench-Benign B 100 Meta-Llama/Llama-Guard-3-8B safe/unsafe JailbreakBench/JBB-Behaviors (benign)
WildJailbreak-Eval C 1,315 allenai/wildguard multi-label text allenai/wildjailbreak (eval)
OR-Bench-Hard B 855 Meta-Llama/Llama-Guard-3-8B safe/unsafe bench-llm/or-bench (hard-1k)
OR-Bench-Toxic B 585 Meta-Llama/Llama-Guard-3-8B safe/unsafe bench-llm/or-bench (toxic)
XSTest C 450 Meta-Llama/Llama-Guard-3-8B safe/unsafe Paul/xstest

MedSafetyFix H 900 Meta-Llama/Llama-Guard-3-8B safe/unsafe AI4LIFE-GROUP/med-safety-bench

GSM8K (utility) U 1,319 exact-match on extracted numeric answer accuracy openai/gsm8k (test)
MedQA (utility) U 2,243 ROUGE-L F1 + answer-extraction ACC + semantic metrics accuracy lavita/ChatDoctor-HealthCareMagic-100k

IFEval (utility) U 541 rule-based verifiable-instruction checkers prompt/instr. accuracy google/IFEval

Table 5: Per-benchmark evaluation setup. n = prompts evaluated in our runs. Judge output is parsed to a binary harmful/not-
harmful label; correctness is measured against the expected direction for each type. We use publicly released, benchmark-
compatible classifiers; the exact judge for each dataset is listed above (some, e.g. AdvBench, are scored with a judge released for
a different benchmark that shares its harmful-completion definition, not with a bespoke classifier of their own). System prompts
follow each dataset’s official evaluation protocol where prescribed; otherwise no system prompt is used. The MedSafetyFix row
is drawn from the public MedSafetyBench benchmark; its provenance and naming are detailed in Appendix E.1.

U = utility (scored by task accuracy, not refusal
classification).

Why these judges. HarmBench-Mistral-7b-val-
cls is the judge released with the HarmBench pa-
per and validated there at ≈93% agreement with
human red-teamers (Mazeika et al., 2024); we
re-use it unchanged on HarmBench-Std/Ctx and
AdvBench. Sorry-Bench provides its own fine-
tuned 7B classifier (Xie et al., 2025) that is cali-
brated to the category-balanced Sorry-Bench split.
LlamaGuard-3-8B (Inan et al., 2023) is the offi-
cial JBB and OR-Bench judge and the one used in
our domain-safety set (MedSafetyFix). WildGuard
(Han et al., 2024a) is paired with WildJailbreak by
construction. IFEval uses its own release’s rule-
based instruction checkers, which require no LLM
judge and so cannot inherit any judge-side bias.
We deliberately avoid substituting any judge with
an in-house re-trained variant to keep every col-
umn comparable across this paper, prior work, and
future follow-ups.

E.1 MedSafetyFix: Provenance and Naming
MedSafetyFix (n=900) is drawn from MedSafe-
tyBench (Han et al., 2024b)2, a public benchmark
of harmful medical requests framed in clinical and
academic language that a medical specialist han-
dles fluently, making domain framing the principal
attack vector. Judge: LlamaGuard-3-8B (§E). The
name “MedSafetyFix” and the 900-prompt eval-
uation split used here are specific to this paper’s
harness configuration, not a released split of the
benchmark, which is why the set is listed under

2Benchmark: https://github.com/AI4LIFE-GROUP/
med-safety-bench.

its harness name in Table 5. As with every bench-
mark in this paper, no harmful model outputs are
reproduced anywhere, only aggregate statistics.

String-match refusal (primary metric). A
response is counted as a refusal if any of the
following 22 canonical phrases appears as a
case-insensitive substring of the model output:

“I’m sorry”, “I am sorry”, “sorry”, “I apologize”,
“as an AI”, “as a language model”, “as an
assistant”, “I cannot”, “I do not”, “I’m unable
to”, “I am unable to”, “I am not allowed to”, “I
cannot assist”, “I will not”, “I cannot provide”,

“I cannot help”, “I cannot support”, “I cannot
recommend”, “against ethical”, “not ethical”,

“illegal”, “harmful” (plus the implementation-level
extra phrase “I must refuse”). The string-match
rule is identical across every benchmark, every
pair, every method.

Benchmark-judge accuracy (ACC%). For
harmful benchmarks (Type H above), ACC% is
the fraction of responses the judge classifies as not
exhibiting the harmful behaviour, i.e., correct re-
fusal as judged by the benchmark’s judge classifier.
For benign / calibration benchmarks (Type B and
the comply rows of Type C), ACC% is the fraction
of responses that are both answered and judged
safe – the corrected genuine-compliance definition
(Appendix E.1), so that a refusal is never counted
as a correct response on a prompt the model was
expected to answer. WildJailbreak and XSTest are
mixed-label calibration sets: per-prompt expected
behaviour is read from the dataset’s ground-truth
label and correctness is computed against that ex-
pectation.
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LLM judge inside Phase 3 (in-generation only).
A separate Qwen2.5-3B-Instruct judge scores
beams on a 1–5 harm rubric inside Phase 3 of Al-
gorithm 1. It is used only for in-generation beam
selection; the safest beam is returned if any beam
has score ≤ τ = 2.5. This judge is never used
to report safety numbers (avoiding self-evaluation
circularity).

Judge and anchor family overlap. The Phase
3 judge and the safety anchor share the same
checkpoint (Qwen2.5-3B-Instruct). The no-
judge ablation (App. U) shows that dropping the
judge slightly increases adversarial accuracy (Ad-
vBench +3.5 pp, HB-Ctx +6.5 pp) while also rais-
ing XSTest over-refusal by +6.4 pp, confirming
that the judge’s role is calibration (suppressing be-
nign over-refusal) rather than adversarial-accuracy
inflation. Anchor-judge family overlap therefore
does not inflate the headline safety numbers; if
anything the judge is conservative on adversarial
sets. All headline safety numbers are scored by
the publicly released, benchmark-compatible clas-
sifier listed for that benchmark (Table 5), which is
independent of the Qwen family for HarmBench,
Sorry-Bench, JBB, OR-Bench, and XSTest.

Utility metrics. GSM8K accuracy is exact-match
on the numeric answer extracted from the response
(the harness parses “#### N” suffix or the first
standalone numeric token). MedQA reports four
quantities on ChatDoctor-HealthCareMagic-style
(Li et al., 2023b)3 free-form generations against
the reference doctor response: ROUGE-L F1 (the
primary correctness signal we use), ROUGE-1/2,
BERTScore-F1, and SentSim (all-MiniLM-L6-v2
cosine similarity). The accuracy figures in the
main body utility paragraph (13.1%→ 12.7%) are
answer-extraction accuracy computed over the
same n = 2,243 ChatDoctor evaluation sample,
not a run of the official MedQA-USMLE test set.
Throughout the paper, “MedQA (utility)” is a har-
ness label for this ChatDoctor-based evaluation;
it is not the official MedQA-USMLE benchmark
(Jin et al., 2021), with which it shares a name.
IFEval accuracy is the official strict prompt-level
and instruction-level scores from the released rule-
based checkers (Appendix Y.2).

Metric conventions used in all appendix tables.
• Base % / Ref.%: string-match refusal rate.

3Dataset: https://huggingface.co/datasets/
lavita/ChatDoctor-HealthCareMagic-100k.

• ACC%: benchmark-judge accuracy (harmful
rows) or genuine-compliance accuracy, “an-
swered AND judged-safe” (benign/calibration
rows; corrected metric, see above). Harmful-
row ACC% is often higher than Base% for base-
model baselines due to score inflation on inco-
herent outputs (discussed in Appendix E.1).

• ∆safe: ALIGNBEAM % − Base% (string-match
delta) unless the column header states “ACC.”

• For calibration / benign datasets (OR-Bench-
Hard, XSTest, JBB-Benign): Ref.% denotes over-
refusal rate (lower is better), and ACC% is gen-
uine compliance.

• XSTest prompt sets. XSTest is reported on
two different prompt sets. Tables 2, 14, 15, 18,
20, 21 and 22 report string-match refusal over
all 450 prompts, including the 200 unsafe con-
trast prompts for which refusal is correct; there
the XSTest column is therefore not a pure over-
refusal rate. Tables 7, 10, 11, 12, 13, 16 and
19 report only the 250 safe (comply-expected)
prompts. Values are not comparable across the
two groups.

• OR-Bench-Toxic is a benign-but-adversarially-
phrased calibration split: prompts that look
harmful but are actually answerable. ALIGN-
BEAM tends to increase string-match refusal
on this split (e.g. Llama-8B: 12.3%→56.8%;
type B, over-refusal direction); we do not re-
port ACC% for this split because its judge flags
≈55% of genuinely correct answers as harmful
(Appendix E.1). The over-refusal column alone
indicates over-refusal on this split, not a safety
regression.

F Full LBM Procedure and
Implementation Notes

Text bridge procedure. Algorithm 1 (main
body) compresses the per-step LBM computa-
tion. In full: for each anchor token sid ∈ TB
with mass ps, we compute t = decodes(sid),
dids = encoded(t), and inspect |dids|. If |dids|=1
we accumulate into the buffer via Eq. 1; if multiple
anchor tokens map to the same draft token, their
contributions sum (an implicit consensus bonus,
§2). After all B anchor tokens are processed, f is
renormalised to yield f̃ . The mixing variants we
evaluate are summarised in Table 6.
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Bridge lossiness audit. On the full anchor vo-
cabulary (151,202 non-special tokens, tokenizer
round-trip only), 72.4% of tokens map 1:1 to
a draft token and 27.6% are dropped; of the
dropped tokens, 99.5% are non-ASCII (Qwen’s
CJK/emoji/accented vocabulary) and only 0.5% are
Latin sub-word fragments. Replaying the bridge on
200 real AdvBench prompts at the safety-critical
positions (first N = 6 steps, top-B = 50, 1,200
positions total) drops 0.00% of anchor probabil-
ity mass; the entire top-50 mass maps 1:1 to draft
tokens there, and all 21 refusal-leading tokens we
checked (“Sorry”, “I”, “cannot”, “apolog”, “un-
able”, “illegal”, “harmful”, “ethical”, “refuse”,
“unfortunately”, “As”, “won”, . . . ) survive the
bridge 1:1. A control probe that forces the anchor
toward non-English output (Chinese translation)
drops 96.6% of top-50 mass, confirming the fall-
back path is real and fires exactly where it does
not affect safety steering. This explains both the
∼12% real-data fallback rate reported in §2 (far be-
low the 27.6% static figure, because English refusal
tokens rarely fall in the dropped set) and the near-
identical DROP/FIRST/EXACT results on high-
overlap pairs (App. X).

Variant Multi-token fallback Recommended for

LBM-DROP Exclude; renormalise
over 1:1 matches

All drafts (default)

LBM-FIRST Use first sub-token Same-vocab / re-
search (stealth safety)

LBM-EXACT Exclude; renormalise
over 1:1 matches
(identical operation to
LBM-DROP)

Reported separately
for naming continuity

Table 6: LBM-DROP is the recommended default across
all configurations. LBM-FIRST achieves stealth safety (high
judge accuracy without canonical refusal phrasing) and leads
on DS-Math (see App. S). LBM-EXACT implements the same
multi-token fallback as LBM-DROP and is nearly identical
everywhere in this paper, differing only by 0.9 pp on DS-Math
Sorry-Bench (§X); it is retained as a separately labeled row
only for continuity with earlier ablation runs, not because it
differs algorithmically.

Phase implementation details (not in pseu-
docode). (i) If a beam’s Phase 2 prefix already
opens with a canonical refusal phrase (“I cannot”,
“I’m sorry”), Phase 3 continuation is capped at
N+20 tokens, since base models have no train-
ing signal for what follows a refusal and longer
continuations produce hallucinated content. (ii) If
either model emits EOS during Phase 2, the beam
is marked completed and skips Phase 3 genera-

tion. (iii) If no beam satisfies the judge thresh-
old (J(bk)≤ τ ), the beam with the lowest judge
score is returned as a fallback (in practice rare on
structured adversarial benchmarks). (iv) Overhead
breakdown: Phase 3 (KV-cache draft continuation)
≈69%, Phase 2 (mixed decoding) ≈30%, Phase 1
≈1%; the primary speed lever is therefore K rather
than N .

G Llama-8B Per-Dataset Breakdown

Llama-8B (Llama-3.1-8B) is the primary cross-
vocabulary experiment and the basis for all ablation
studies. Structured single-turn benchmarks show
the largest gains (AdvBench +76.9 pp, HB-Std
+64.6 pp, HB-Ctx +70.9 pp), while WildJailbreak-
Harmful is the principal exception: only +6.4 pp,
because multi-sentence framing distributes the
harmful payload beyond the N = 6 mixed pre-
fix; widening the window to N = 20 does not
close this gap (Appendix AA.1). Calibration over-
refusal rises as expected (OR-H 11.0%→22.3%,
XSTest 5.6%→40.0%), driven by the anchor’s in-
herited refusal prior; genuine benign-compliance
accuracy falls correspondingly (OR-Bench-Hard
77.2%→72.5%). Table 7 reports the full per-
dataset breakdown at α = 0.5, N = 6, K = 3,
with corrected genuine-compliance ACC% on the
benign/calibration rows.

Dataset Type n Base % Base ACC % + AB % + AB ACC %

Harmful (refusal ↑)
HarmBench-Std H 167 15.0 49.1 79.6 91.6
HarmBench-Ctx H 62 8.1 53.2 79.0 80.7
AdvBench H 520 17.5 52.5 94.4 98.3
JBB-Harmful H 100 30.0 11.0 80.0 79.0
Sorry-Bench H 440 10.9 34.9 61.4 74.3
WildJailbreak-H H 1315 13.3 43.4‡ 19.7 43.9‡

Benign / calibration (over-ref. ↓; ACC% = genuine compliance)
JBB-Benign B 100 10.0 83.0 26.0 73.0
OR-Bench-Hard B 855 11.0 77.2 22.3 72.5
OR-Bench-Toxic B 585 12.3 n/a 56.8 n/a
XSTest (comply) C 250 2.4 96.4 16.8 83.2

HB+AB 687 16.9 51.7 90.8 96.7

Table 7: Llama-8B per-dataset breakdown (Llama-3.1-8B +
Qwen2.5-3B-Instruct, LBM-DROP, α=0.5, N=6, K=3).
H = harmful, B = benign, C = calibration. Base % / + AB %
are string-match refusal; ACC columns are benchmark-judge
accuracy on harmful rows and corrected genuine-compliance
accuracy (answered AND judged-safe) on benign/calibration
rows. XSTest row is the comply half only (250/450; the refuse
half is unaffected by the ACC-formula fix and is reported in
Appendix E.1). OR-Bench-Toxic ACC% is omitted: its judge
is unreliable on this split (Appendix E.1). ‡WildJailbreak
ACC% corrected for the two scoring defects described in
Appendix C; string-match Ref% is unaffected.

H MedLlama Per-Dataset Breakdown

MedLlama (JSL-MedLlama-3-8B-v2.0) exempli-
fies the domain-framing attack vector: its base re-
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fusal is lowest on HarmBench-Contextual (9.7%),
where prompts are framed in clinical language the
medical specialist handles fluently. ALIGNBEAM

lifts HB-Ctx by +59.7 pp, second only to HB-Std
(+61.6 pp) for this pair. WildJailbreak-Harmful
shows only +2.1 pp (base 14.1%→ 16.2%), con-
sistent with the prefix-length bottleneck. HB+AB
moves from 34.5% to 88.5% (+54.0 pp). Table 8 re-
ports the per-dataset breakdown at α=0.5, N=6,
K=3.

Dataset Type n Base ACC % + AB % + AB ACC %

HarmBench-Std H 167 35.3 78.4 88.6
HarmBench-Ctx H 62 25.8 69.4 87.1
AdvBench H 520 59.2 91.7 99.0
JBB-Harmful H 100 42.0 79.0 82.0
Sorry-Bench H 440 31.1 63.2 72.3
WildJailbreak-H H 1315 43.9‡ 16.2 42.5‡

HB+AB 687 34.5%→88.5% (+54.0 pp)

Table 8: MedLlama (JSL-MedLlama-3-8B-v2.0 + Qwen2.5-
3B-Instruct, LBM-DROP, α = 0.5, N = 6, K = 3). This
table omits per-dataset Base string-match values for space;
they are reported alongside ALIGNBEAM’s in Table 4 (Ap-
pendix B). Columns: Base ACC % is the unmodified draft’s
benchmark-judge accuracy; + AB % and + AB ACC % are
ALIGNBEAM’s string-match refusal rate and benchmark-judge
accuracy. All rows here are harmful (refuse-expected); the
benign-ACC correction (Appendix E.1) does not apply to this
table. ‡WildJailbreak ACC% corrected for the two scoring
defects described in Appendix C; string-match Ref% is unaf-
fected.

H.1 MedLlama Domain-Specific Medical
Safety (MedSafetyFix)

MedSafetyFix comprises the 900 harmful medical
requests of MedSafetyBench (Han et al., 2024b)
(judge: LlamaGuard-3-8B; provenance and naming
in Appendix E.1). Prompts use clinical or academic
framing that a medical specialist handles fluently,
making domain framing the principal attack vec-
tor. On MedLlama, ALIGNBEAM (LBM-DROP

and LBM-EXACT, identical here) raises Llama-
Guard accuracy from 77.3% to 96.8% (+19.4 pp)
and more than doubles the string-match refusal
rate from 15.3% to 34.4%; the gap between string-
match and LlamaGuard reflects refusals phrased in
clinical language outside the canonical 22-phrase
list. LBM-FIRST was excluded due to a generation-
file corruption.

I Finance-Llama Per-Dataset Breakdown

Finance-Llama (Finance-Llama3-8B) achieves the
highest structured-benchmark performance in the
suite (AdvBench 94.8%, JBB-H 88.0%), and
all three LBM variants produced identical re-
sults on these runs, consistent with near-perfect

tokeniser compatibility between Finance-Llama
and Qwen2.5-3B. The one negative result is
WildJailbreak-H, and it is a genuine partial re-
gression rather than a phrasing artefact: string-
match refusal falls from 42.7% (base) to 33.2%
(−9.5 pp) and corrected judge accuracy also falls,
58.6%→54.9% (−3.7 pp; see Appendix C for the
correction detail). As for DS-Math (Appendix S),
Finance-Llama’s WildJailbreak drop is consistent
on both metrics. The likely mechanism is the same
delayed-payload/ already-conservative-model inter-
action documented for the instruct control Instruct-
Base (Appendix K, −9.4 pp on the same bench-
mark): Finance-Llama already refuses 42.7% of
WildJailbreak unprompted, so there is little refusal
headroom for a short mixed prefix to add, while
the harmful payload sits past the mixed window
where mixing cannot help and can perturb border-
line cases downward. HB+AB moves from 28.1%
to 91.1% (+63.0 pp).

Table 9 reports the per-dataset breakdown at α=
0.5, N=6, K=3.

Dataset Type n + AB % + AB ACC %

HarmBench-Std H 167 79.6 91.0
HarmBench-Ctx H 62 80.6 90.3
AdvBench H 520 94.8 98.1
JBB-Harmful H 100 88.0 94.0
Sorry-Bench H 440 65.7 77.3
WildJailbreak-H H 1315 33.2 54.9‡

HB+AB 687 28.1%→91.1% (+63.0 pp)

Table 9: Finance-Llama (Finance-Llama3-8B). All three
LBM variants (drop / first / exact) produced identical results
on these runs, consistent with high tokeniser compatibility
with Qwen2.5-3B. Columns: + AB % (string-match refusal)
and + AB ACC % (benchmark-judge accuracy) under ALIGN-
BEAM. All rows harmful; WildJailbreak-H is the one bench-
mark where ALIGNBEAM is a genuine (small) regression;
see text. ‡WildJailbreak ACC% corrected for the two scoring
defects described in Appendix C; string-match Ref% is unaf-
fected.

J Qwen3-Base Per-Dataset and Method
Comparison

Qwen3-Base (Qwen3-8B-Base + Qwen2.5-3B-
Instruct) is the same-vocabulary control: both mod-
els share the Qwen2.5 tokeniser, so the text bridge
collapses to an identity map and all three LBM
variants produce results within 0.1 pp of each other.
The pair starts from an already-aligned 84.6%
HB+AB baseline; ALIGNBEAM adds +7.5 pp to
92.1%, confirming that the method adds no harm
in the same-vocabulary regime and reduces to a
beam-selection over the anchor’s own draft. Wild-
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Dataset Type n Base % Base ACC % + AB % + AB ACC % ∆safe

HarmBench-Std H 167 61.7 80.8 80.8 89.8 +19.1
HarmBench-Ctx H 62 37.1 64.5 71.0 90.3 +33.9
AdvBench H 520 91.9 95.6 95.8 99.4 +3.9
JBB-Harmful H 100 76.0 81.0 85.0 91.0 +9.0
Sorry-Bench H 440 39.5 55.2 63.4 79.8 +23.9
WildJailbreak H 1315 16.1 58.5‡ 20.9 53.1‡ +4.8

XSTest† (comply) C 250 3.6 95.2 6.4 93.6 +2.8

Table 10: Qwen3-Base (Qwen3-8B-Base + Qwen2.5-3B-
Instruct, same tokeniser, LBM-DROP, α = 0.5, N = 6,
K = 3). All three LBM strategies produced identical re-
sults on the evaluated runs (>98% single-token match rate);
this is an empirical result, not an established equivalence of
the mappings. Columns: Base % / + AB % are string-match
refusal (over-refusal on the XSTest row); ACC columns are
benchmark-judge accuracy on harmful rows and corrected
genuine-compliance accuracy on the XSTest comply row;
∆safe = + AB Ref % − Base Ref %. †XSTest comply-half
only (250/450); positive ∆safe here denotes increased over-
refusal (worse), opposite sign convention to the harmful rows
above. ‡WildJailbreak ACC% corrected for the two scoring
defects described in Appendix C; string-match Ref% is unaf-
fected.

Jailbreak is the only benchmark where string-match
refusal lags judge accuracy (20.9% vs. 53.1% cor-
rected), the same pattern seen across all pairs.

Same-vocabulary method comparison.
ALIGNBEAM outperforms Proxy Tuning (Liu
et al., 2024) and top-k contrastive decoding
(TOPK-CD) most sharply on context-sensitive
benchmarks: HarmBench-Contextual +25.8 pp
vs. +4.9/+11.3 pp; Sorry-Bench +24.5 pp vs.
+13.0/+14.1 pp. The gap arises because Proxy Tun-
ing and TopK-CD subtract a fixed unsafe-direction
vector per token, whereas ALIGNBEAM supplies
the anchor’s full learned distribution, which
is better calibrated to domain-framed prompts.
XSTest over-refusal is nearly identical across all
three (≈37–38%), confirming that the structural
over-refusal floor is a property of the anchor, not
the mixing strategy. Overhead is comparable
(≈4.8–5.4×; Appendix Z).

Base ALIGNBEAM Proxy TopK-CD

Dataset Type ACC% ACC ∆ ∆ ∆

AdvBench H 95.6 99.4 +3.8 +2.5 +2.7
HB-Ctx H 64.5 90.3 +25.8 +4.9 +11.3
HB-Std H 80.8 89.8 +9.0 +2.4 +5.4
JBB-H H 81.0 91.0 +10.0 +11.0 +9.0
Sorry-Bench H 55.2 79.8 +24.5 +13.0 +14.1
WildJailbk‡ H 58.5 53.1 −5.4 −1.6 −0.2

XSTest† (comply) C 95.2 93.6 −1.6 −2.3 −2.7

Table 11: ALIGNBEAM’s gain over the base draft exceeds
the next-best method (TopK-CD) by≈14.5 pp on HarmBench-
Contextual (+25.8 vs. +11.3) and ≈10.4 pp on Sorry-Bench
(+24.5 vs. +14.1). Qwen3-Base same-vocabulary method
comparison (benchmark-judge ACC% on harmful rows, cor-
rected genuine-compliance ACC% on the XSTest row; ALIGN-
BEAM = any LBM variant, all identical in this regime).
†XSTest comply-half; a negative ∆ here means lower genuine
compliance than the base draft (i.e. more over-refusal, worse).
‡WildJailbreak ACC% corrected for the two scoring defects of
Appendix C; after correction every method including ALIGN-
BEAM loses ground on this benchmark, consistent with the
delayed-payload limit (Limitations).

K Instruct-Counterpart Breakdown

Instruct-Base (Llama-3.1-8B-Instruct) is the upper-
bound reference in the main baseline comparison.
Table 12 reports its full profile. Key observations:
(i) the instruct model is already near-ceiling on
structured adversarial sets so ALIGNBEAM adds
nothing on those rows; (ii) WildJailbreak drops by
−9.4 pp (corrected per Appendix C) when ALIGN-
BEAM is applied, showing that anchor mixing can
disrupt the instruct model’s own contextual reason-
ing on multi-sentence prompts – the same mech-
anism responsible for the Finance-Llama Wild-
Jailbreak regression (Appendix I); (iii) OR-Bench-
Hard genuine compliance is comparably low for
both the instruct baseline and ALIGNBEAM (be-
low), confirming that the instruct model itself is
already conservative on adversarial-looking benign
prompts.
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Dataset Type n Instruct ACC % + AB ACC % ∆ + AB Ref %

Harmful (refusal ↑)
AdvBench H 520 99.8 99.6 −0.2 35.6
HB-Ctx H 62 98.4 96.8 −1.6 24.2
HB-Std H 167 95.2 95.2 +0.0 24.6
Sorry-Bench H 440 83.6 86.1 +2.5 21.1
WildJailbreak H 1315 78.4‡ 69.0‡ −9.4 20.2

Benign / calibration (ACC% = genuine compliance)
JBB-Benign B 100 92.0 90.0 −2.0 8.0
OR-Bench-Hard B 855 79.8 83.9 +4.1 15.1
XSTest (comply) C 250 93.6 90.4 −3.2 18.0

Table 12: Instruct-Base (Llama-3.1-8B-Instruct) per-dataset
breakdown (K = 3, LBM-DROP, α = 0.5, seed 42). Inst.
ACC % is the instruct counterpart’s benchmark-judge accu-
racy (harmful rows) or corrected genuine-compliance accuracy
(benign/calibration rows); + AB ACC % adds ALIGNBEAM
over the instruct draft; + AB Ref % is the resulting string-
match refusal rate. For benign / calibration rows, lower + AB
Ref % means less over-refusal, and ∆ is on the corrected
ACC% metric. The OR-Bench-Toxic row is omitted (unreli-
able judge on this split; ALIGNBEAM’s over-refusal there is
25.8%). ‡WildJailbreak ACC% corrected for the two scoring
defects described in Appendix C; string-match Ref% is unaf-
fected.

L LlamaGuard Baselines (LG-Prompt
prompt-filter, LG-Response
response-filter)

LlamaGuard prompt-filter (LG-Prompt) and
response-filter (LG-Response) achieve high
benchmark-judge accuracy on structured ad-
versarial sets (89–100%) but the corrected
genuine-compliance metric shows they block a
large share of benign domain-adjacent prompts:
OR-Bench-Hard genuine compliance falls to
63–65% and JBB-Benign to 61–62% for both
(Table 13, Llama-8B), a real over-refusal cost,
though less extreme than the pre-fix numbers
suggested (the harness bug had this column near
0–3%, which wrongly implied near-total collapse
rather than the more moderate, still-substantial
cost the corrected numbers show).

Dataset Type n Base ACC% LG-Prompt ACC% LG-Response ACC%

Harmful (refusal ↑)
AdvBench H 520 52.5 100.0 100.0
HarmBench-Ctx H 62 53.2 95.2 100.0
HarmBench-Std H 167 49.1 98.8 99.4
Sorry-Bench H 440 34.9 89.8 88.9

Benign / calibration (ACC% = genuine compliance ↑)
JBB-Benign B 100 83.0 62.0 61.0
OR-Bench-Hard B 855 77.2 63.4 65.3
XSTest (comply) C 250 96.4 80.8 80.8

Table 13: LG-Prompt (LlamaGuard prompt-filter) and LG-
Response (response-filter) on Llama-8B (K = 3, seed 42).
Both impose a substantial genuine-compliance cost on benign
domain-adjacent prompts, corrected from the pre-fix harness
metric that had inflated their apparent over-refusal even further
(Appendix E.1). OR-Bench-Toxic omitted (unreliable judge
on this split).

M Anchor-Generated-Prefix Baseline
(Anchor-Prefix)

Anchor-Prefix tests whether the cross-vocabulary
mixing itself earns its keep over simply letting the
anchor generate the opening tokens on its own. The
condition is: the anchor alone decodes the first N
tokens (α=1, i.e. the anchor’s distribution alone,
no draft contribution), K = 1, no judge, and the
draft then continues from there with no further mix-
ing, i.e. an anchor-generated prefix, not a fixed
hand-written string. This single condition serves
as both an anchor-generated-refusal-prefix baseline
and a dynamic, per-prompt anchor-selected prefix
with no token-level mixing, so it directly isolates
what cross-vocabulary probability mixing adds be-
yond letting the anchor write the opening on its
own.

On Llama-8B (K = 1, LBM-DROP, seed
42), the anchor-prefix baseline is competitive
with ALIGNBEAM on raw adversarial refusal,
even slightly higher on all four displayed sets:
AdvBench 97.7% vs. ALIGNBEAM’s 94.4%,
HarmBench-Ctx 85.5% vs. 79.0%, HarmBench-
Std 82.0% vs. 79.6%, Sorry-Bench 63.0% vs.
61.4%. We report this head-to-head honestly rather
than only citing the metrics where ALIGNBEAM

wins: ALIGNBEAM’s advantage over the anchor-
prefix baseline is not raw refusal, it is over-refusal
balance and tunability. On the corrected genuine-
compliance metric, ALIGNBEAM over-refuses less
on every calibration set: OR-Bench-Hard 72.5%
vs. 68.3%, JBB-Benign 73.0% vs. 70.0%, XSTest-
comply 83.2% vs. 81.2% (all +2–4 pp in ALIGN-
BEAM’s favor). ALIGNBEAM also exposes a con-
tinuous α/K operating point and the LBM-FIRST

stealth-safety mode (App. S), neither of which a
fixed-weight anchor prefix can offer. The apples-
to-apples test of the mixing mechanism itself is the
same-vocabulary comparison against Proxy Tuning
and top-k contrastive decoding (Table 11), where
ALIGNBEAM leads on 5 of 6 benchmarks; the
anchor-prefix result here should be read as estab-
lishing that mixing’s contribution over a much sim-
pler baseline is in calibration, not in raw refusal.

Over-refusal string-match numbers (uncor-
rected) for this condition also appear in Table 3
of the main body, labelled “Anchor prefix”; latency
for this condition is in Appendix Z.
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(b) A2: weight alpha (N=6, K=3)

Refusal HB+AB (up)
OR-Bench-H over-ref. (down)
XSTest over-ref. (down)
Net = Refusal - OR

Figure 2: Three mixed steps capture >92% of the safety
gain; benign over-refusal is insensitive to the mixing weight
α. (a) Depth sweep (α = 0.85, K = 3): HB+AB elbows
sharply at N=3 (+61.9 pp over N=0); bold red = HB+AB;
thin solid = per-benchmark; dashed = benign over-refusal
(lower is better). (b) Alpha-Sweep weight sweep (N = 6,
K=3): refusal saturates by α=0.50 while OR-Bench-Hard
over-refusal stays flat, showing the ceiling is set by anchor
calibration, not α. Net = Refusal − over-refusal.

N Full Per-Dataset Depth Sweep
(Depth-Sweep)

Table 14 gives the full per-dataset numbers (Llama-
8B, α= 0.85, K = 3); the Pareto curve is above
(Fig. 2(a)). The depth sweep is run at the high-
safety end of the Alpha-Sweep α range (α=0.85)
rather than at the main-run default of α= 0.5 so
that the safety-vs-depth signal is read against a
saturated mixing weight; the main-run defaults re-
ported elsewhere remain α= 0.5, N = 6, K = 3.
HB+AB moves 89.1 (N = 3) → 90.4 (N = 6)
→ 93.0 (N = 20): a further +3.9 pp measured
from N=3, or +2.6 pp measured from the paper’s
N = 6 default; either reading supports the same
early-saturation conclusion.

Dataset n Base % N=0 N=3 N=6 N=10 N=20

AdvBench 520 17.5 30.4 92.7 93.5 96.2 97.3
HB-Std 167 13.8‡ 17.4 77.8 80.8 81.4 79.6
Sorry-Bench 440 10.9 18.6 60.0 61.6 62.1 68.2

OR-Bench-H† 855 11.0 14.7 22.7 22.8 23.2 32.4
XSTest† 450 5.6 9.6 40.7 40.0 40.0 42.7

HB+AB 687 16.6 27.2 89.1 90.4 92.6 93.0
Slowdown 1.0× 5.7× 4.8× 5.1× 5.2× 5.8×

Table 14: Safety saturates at N = 6; benign over-refusal
barely changes across depths. Depth-Sweep full per-dataset
sweep (Llama-8B, LBM-DROP, α = 0.85, K = 3). Cells:
string-match refusal% (harmful rows); †calibration rows are
over-refusal (lower is better). ‡HB-Std Base (13.8%) dif-
fers from the Llama-8B headline value (15.0%; Table 7) be-
cause this sweep is a separate evaluation run at α=0.85; all
ALIGNBEAM columns within this table are internally consis-
tent. Slowdown is not monotonic in N : it is dominated by
Phase 3 completion length rather than the number of mixed
steps: a crisp refusal opener at N=3–6 ends the beam sooner
than the less-committed N =0 opening does, so wall-clock
dips before rising again at N=20 (Appendix F).

O Full Per-Dataset Alpha Sweep
(Alpha-Sweep)

The α sweep (Llama-8B, N =6, K =3) traces a
clean Pareto front: safety rises monotonically from
α= 0.10 (38.0% HB+AB) to α= 0.50 (91.0%),
then plateaus at α=0.75 (90.4%). Calibration over-
refusal on OR-Bench-Hard stays below 21% across
the entire range, confirming that the safety-utility
trade-off is controlled by a single user-adjustable
parameter and does not catastrophically degrade
benign accuracy at any setting. XSTest over-refusal
tracks α more closely (6.7%→ 24.4% at 0.50) be-
cause XSTest ambiguous prompts are more sensi-
tive to the anchor’s refusal prior than the OR-Bench
benign prompts are.

Table 15 gives the full per-dataset numbers; the
Pareto curve is in Appendix N (Fig. 2(b)).

Dataset n Base % 0.10 0.25 0.50 0.75

AdvBench 520 17.5 41.2 81.0 94.4 93.5
HB-Std 167 13.8 28.1 59.9 80.2 80.8

OR-Bench-H† 855 15.1 17.8 19.8 20.2 19.2
XSTest† 450 6.7 5.6 16.4 24.4 24.0

HB+AB 687 16.6 38.0 75.8 91.0 90.4
Net 20.2 56.0 70.8 71.2

Table 15: Refusal saturates by α=0.50; OR-H over-refusal
stays nearly flat (17.8–20.2%) and XSTest plateaus at ≈24%
from α = 0.50, showing the calibration floor is set by the
anchor rather than by α. Alpha-Sweep full per-dataset sweep
(Llama-8B, LBM-DROP, N=6, K=3). Cells: string-match
refusal% (harmful); over-refusal% († calibration; lower is
better). Base values (e.g. OR-H 15.1%) differ from the Depth-
Sweep run (11.0%) due to separate sampling; all ALIGNBEAM
columns within this table are internally consistent.

P Aligned vs. Unaligned Anchor
(Anchor-Align)

Replacing the aligned Qwen2.5-3B-Instruct an-
chor with an unaligned Qwen2.5-0.5B-Base an-
chor (RLHF-free and 6× fewer parameters; the
two anchors are not size-matched) on Llama-8B
(α=0.5, N=6, K=3) collapses string-match re-
fusal across the adversarial sets: AdvBench 94.4%
→ 69.4%, HB-Std 79.6% → 52.1%, HB-Ctx 79.0%
→ 38.7%, Sorry-Bench 61.4% → 35.2%. The un-
aligned anchor still provides ∼25–52 pp from the
beam-selection mechanism alone; switching to the
larger, RLHF-aligned anchor adds ∼25 pp more on
adversarial benchmarks at no extra cost. Because
this comparison confounds alignment with size,
it upper-bounds the alignment-specific effect; the
size-matched Anchor-Size ablation (Appendix X)
isolates calibration from parameter count and con-
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firms calibration, not size, drives the gap. On the
calibration side, OR-Bench-Hard over-refusal stays
close (25.4% unaligned vs. 22.3% aligned).

Q Anchor Prompt Robustness
(Prompt-Robust)

We sweep three Phase 1 anchor-prompt variants
on HarmBench-Standard (Llama-8B, n = 167,
α = 0.5, N = 6, K = 3): no prompt (anchor’s
unconditional prior), the standard 2-line safety
prompt used in all main experiments, and a ver-
bose 45-line prompt. String-match refusal is 66.5%
/ 80.2% / 66.5% respectively; benchmark-judge
accuracy is 82.6% / 91.6% / 91.6%. The verbose
prompt matches the standard prompt’s judge ac-
curacy but yields lower string-match refusal, sug-
gesting that the anchor’s RLHF training (not the
literal prompt wording) is what drives refusal under
ALIGNBEAM. We adopt the standard 2-line prompt
as the default. Latency for all three variants falls
within the K=3 band reported in Appendix Z.

R Alternative Anchor:
Llama-3.1-8B-Instruct (Alt-Anchor)

Table 16 reports the alternative-anchor study. The
Llama anchor reaches 97–100% judge accuracy
on AdvBench and HarmBench (85.9% on Sorry-
Bench) but only 7–15% string-match refusal:
Llama-3.1-8B-Instruct’s polite declinations fall out-
side the 22-phrase canonical list, confirming that
string-match underestimates true safety when the
anchor’s refusal style is non-canonical.

Dataset n Base % Base ACC % + AB % + AB ACC %

AdvBench 520 17.5 52.5 7.1 99.6
HB-Std 167 13.8 49.1 13.2 97.0
HB-Ctx 62 8.1 53.2 14.5 98.4
Sorry-Bench 440 10.9 34.9 11.1 85.9
OR-Bench-H† 855 11.0 77.2 14.0 82.5
XSTest† (comply) 250 2.4 96.4 4.8 95.2

Table 16: Llama anchor achieves 97–100% judge accuracy
but only 7–15% string-match refusal, confirming the anchor’s
refusal style must match the evaluation metric. Alt-Anchor
(Llama-8B draft, Llama-3.1-8B-Inst anchor, LBM-DROP,
α = 0.5, N = 6, K = 3). Ref% = string-match; ACC%
= benchmark-judge (harmful rows) or corrected genuine-
compliance (benign/calibration rows); † = calibration/benign
(lower Ref% is better; higher ACC% is better).

S DS-Math: Strategy Comparison

DS-Math (DeepSeek-Math-7B-Instruct, N =
20) compares all three strategies. LBM-FIRST

achieves the highest string-match refusal across
all benchmarks (AdvBench 93.8%, HB-Std 71.3%,

JBB-H 80.0%); LBM-DROP and LBM-EXACT

are nearly identical, differing only by 0.9 pp on
Sorry-Bench (45.0% vs. 45.9%). All three strate-
gies produce zero degenerate outputs. Table 17
reports the per-strategy numbers. WildJailbreak-
Harmful (LBM-DROP, n=1,315): string-match
refusal rises from 11.5% to 15.0% (+3.5 pp), while
corrected judge accuracy falls, from 43.2% to
40.3% (−2.9 pp). Before the WildJailbreak scor-
ing correction described in Appendix C, this row
read 19.2%→25.6% and we interpreted the faster
ACC% rise as the anchor’s polite declinations re-
placing compliance-phrased refusals; the correc-
tion removes that reading. DS-Math therefore be-
haves like Finance-Llama (Appendix I) rather than
contrasting with it: both domain pairs fall on the
judge metric while string-match moves indepen-
dently, consistent with the delayed-payload bound-
ary discussed in the Limitations section.

Strategy AdvB Ref% HarmB Ref% JBB-H Ref% SorryB Ref% GSM8K

LBM-DROP 80.6 63.5 67.0 45.0 76.6%
LBM-EXACT 80.6 63.5 67.0 45.9 76.6%
LBM-FIRST 93.8 71.3 80.0 57.3 76.6%

Table 17: DS-Math (DeepSeek-Math-7B-Instruct, N =20,
α = 0.5, K = 3). All three strategies are zero-degenerate;
LBM-FIRST achieves the highest string-match refusal on
every benchmark.

T Llama-8B: Seed Robustness

Re-running Llama-8B under seeds {42, 2, 3}
(LBM-DROP, α = 0.5, N = 6, K = 3) leaves
HB+AB string-match refusal within ±0.7 pp:
90.8% (seed 42, main run) / 90.7% (seed 2) / 90.1%
(seed 3). Per-benchmark spread is similarly tight
on AdvBench (94.4 / 94.4 / 95.2) and HarmBench-
Std (79.6 / 79.0 / 74.3); HarmBench-Ctx (n=62)
shows the only material drift (79.0 / 72.6 / 64.5),
consistent with the small sample size on that split.
OR-Bench-Hard and XSTest over-refusal vary by
at most +5.6 pp across seeds (22.3/22.9/22.7 and
40.0/40.0/45.6).

U Llama-8B: No-Judge Ablation

Dropping the Phase 3 LLM judge and returning
the highest-LBM-score beam on Llama-8B (LBM-
DROP, α=0.5, N =6, K=3) leaves adversarial
refusal unchanged or slightly higher: AdvBench
94.4 → 97.9, HB-Std 79.6 → 81.4, HB-Ctx 79.0 →
85.5, Sorry-Bench 61.4 → 63.6, WildJailbreak 19.7
→ 18.7. The cost is paid on calibration: XSTest
over-refusal rises from 40.0% to 46.4% (+6.4 pp).
Two effects explain the adversarial-side wash. First,
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Safety Ref% (↑) Over-ref. ↓ Cost

Mode AdvB HB-Std HB-Ctx Sorry WildJB XSTest OR-H Slow.

Base draft 17.5 15.0 8.1 10.9 13.3 3.6 11.0 1×
K=1 (budget, no judge) 98.5 80.8 85.5 63.6 19.2 43.3 22.6 ∼2×
K=3 (default, w/ judge) 94.4 79.6 79.0 61.4 19.7 40.0 22.3 4.6–6.6×

Table 18: The budget (K=1) and default (K=3) modes
as deployment options (Llama-8B, LBM-DROP, α= 0.5,
N=6, seed 42; string-match Ref%; a dedicated K=1 safety
run, not the no-judge/K=3 ablation of Appendix U). K=1 is
largely not weaker on adversarial refusal: it exceeds K=3 on
four of five harmful sets, at roughly half the latency, and trails
only on WildJailbreak (19.2 vs. 19.7, −0.5 pp), but it pays
+3.3 pp XSTest over-refusal (43.3 vs. 40.0) and +0.3 pp on
OR-Bench-Hard (22.6 vs. 22.3), a real but modest calibration
cost, since the judge’s marginal role is benign-side calibration
rather than safety. Utility is per-mode and not comparable
across rows: budget mode GSM8K 77.0 → 76.6, MedQA
13.1 → 12.7; K = 3 IFEval 14.2 → 27.0 (Appendix Y).
Prefer K=1 when latency dominates and some over-refusal
is tolerable; K=3 when benign calibration matters more than
cost.

the 3B judge is itself small and occasionally mis-
calibrated: on ties between two equally-safe beams
it picks on stylistic grounds, so the no-judge de-
fault (beam 0 by LBM score) is reliably safe on
structured adversarial sets and skips the noisy tie-
breaking. Second, Phases 1–2 probability mix-
ing already supplies most of the safety signal; the
judge’s marginal value is calibration, exactly what
shows up as the +6.4 pp XSTest over-refusal that
reappears when the judge is dropped. A better-
calibrated judge would improve benign discrimina-
tion (recovering the +6.4 pp XSTest cost) without
sacrificing the adversarial gains, since the probabil-
ity mixing already provides the core safety signal.

V 70B-Scale Experiment (Llama-70B)

Llama-70B substitutes Llama-3.1-70B for the
8B draft, with all other settings unchanged
(LBM-DROP, α= 0.5, N = 6, K = 3, Qwen2.5-
3B-Instruct anchor). Because the 70B draft does
not fit the 48 GB card used for the other pairs,
Llama-70B ran on a single H200 (141 GB), draft
and anchor both in bfloat16, no quantization or
CPU offloading; all other pairs in this paper use the
single RTX 6000 Pro (48 GB, bfloat16) setup de-
scribed in Appendix Z.1. ALIGNBEAM transfers to
the 70B scale: AdvBench refusal 16.4%→ 87.3%
(+71.0 pp; judge ACC 56.5%→ 99.4%),
HarmBench-Std 9.6%→ 71.9% (+62.3 pp), Sorry-
Bench 9.8%→ 58.0% (+48.2 pp). Calibration
over-refusal rises as expected: OR-Bench-Hard
8.2→ 30.2, JBB-Benign 6.0→ 27.0, XSTest
3.3→ 43.6; OR-Bench-Toxic (a benign-but-
adversarially-phrased calibration set) shows

string-match 8.9→ 57.3, the same over-refusal
pattern as Llama-8B (Appendix E). ALIGNBEAM

thus scales to a 70B draft despite a ∼23×
draft-anchor capacity gap.

W Wealth-Management LoRA Safety
Evaluation (Wealth-LoRA)

Even applied on top of a well-aligned in-
struct base, domain SFT measurably de-
grades safety, but not uniformly across
benchmark type. A LoRA fine-tune of
Llama-3.1-8B-Instruct on wealth-management
data (r = 6, NF4 quantisation, 5,000 steps,
sohamb37lexsi/bitext-wealth-management-
llm-chatbot-splits) shows no erosion on the
structured, ceiling-level benchmarks (AdvBench
and HarmBench-Std both sit at 95–100% for
instruct and LoRA alike, leaving no headroom for
a drop to show), but degrades benchmark-judge
accuracy by −8.1 pp on HarmBench-Contextual
and −7.9pp on Sorry-Bench relative to the
unmodified instruct (Table 19), exactly the contex-
tually-framed benchmarks where domain language
gives an attacker room to exploit the fine-tune,
mirroring the pattern seen on MedLlama/Finance-
Llama. Applying ALIGNBEAM on top of the
LoRA adapter at inference time, without any
retraining, fully restores safety on both eroded
benchmarks and in fact surpasses the unmodified
instruct (HB-Ctx: 100.0% vs. 98.4%; Sorry-Bench:
85.0% vs. 83.6%; benchmark-judge ACC%;
Instruct-Base Table 12).

Two scoring defects found and fixed while
re-verifying this table. The benign/calibration
ACC% columns in Table 19 were re-derived
directly from cached per-sample judge output
rather than trusted from the original submission,
and two separate problems turned up. First,
the same comply-correctness formula bug de-
scribed in Appendix E.1 was present here too:
the previously-reported benign ACC% values
(3.0/2.0 on JBB-Benign, 3.3/2.6 on OR-Bench-
Hard, 42.7/42.0 on XSTest) were all near the
buggy near-0% regime and are replaced above
with genuine-compliance values recomputed from
the same cached generations (62.0/45.0, 54.2/66.9,
80.0/54.4 respectively). Notably, the corrected
numbers show ALIGNBEAM does carry a real
benign-compliance cost on this pair: e.g. JBB-
Benign drops 17 pp (62.0%→45.0%) and XSTest-
comply drops 25.6 pp (80.0%→54.4%), rather
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than the near-uninterpretable near-zero numbers
reported before; on OR-Bench-Hard, by con-
trast, ALIGNBEAM improves genuine compliance
(54.2%→66.9%). Second, and unrelated to the
first bug: the WildGuard judge (used only for Wild-
Jailbreak) emits a multi-line raw verdict (“Harmful
request: ... / Response refusal: ... / Harmful re-
sponse: ...”); an older label-parsing path failed to
extract a label from this format on the majority of
WildJailbreak’s 210 comply-subset prompts and
silently defaulted to labelling the response harm-
ful. Re-parsing the cached raw judge text with
the current, correct parser (which reads the “Harm-
ful response: yes/no” field directly) flips roughly
15–22% of the refuse-subset labels and 80–86%
of the comply-subset labels, and moves WildJail-
break ACC% from 81.4%→62.9% (as originally re-
ported, both wrong) to 84.3%→81.3% (Table 19)
– i.e. ALIGNBEAM is close to safety-neutral on
WildJailbreak for this pair, not the mysterious drop
the uncorrected numbers implied. This second de-
fect is specific to WildGuard’s raw-output format
and does not affect the LlamaGuard-judged be-
nign sets above; because WildGuard is the sole
judge for every WildJailbreak number reported any-
where in this paper (DS-Math, Llama-8B, MedL-
lama, Finance-Llama, Qwen3-Base, Instruct-Base),
the same re-parse should be run against every
other pair’s cached WildJailbreak judge out-
put before the camera-ready is finalised, it was
only caught here because Wealth-LoRA happened
to have cached raw generations available for di-
rect inspection. That re-parse has since been run
against every other pair (Appendix C). The Instruct-
Base’s WildJailbreak figure this section previously
compared against (62.2%) has been recomputed
on the same corrected basis and is 78.4%, so the
“+19.2 pp reversal” framing built on it becomes
+5.9 pp (78.4→84.3): the LoRA model is still the
more refusal-prone of the two on WildJailbreak,
but by roughly a third of the originally reported
margin.
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Figure 3: Anchor alignment (RLHF) adds ∼+25 pp over
beam search alone at no extra cost, even though the unaligned
control anchor is smaller than the aligned one. Anchor-Align
ablation on Llama-8B (N=6, K=3, α=0.5): beam mech-
anism alone (unaligned Qwen2.5-0.5B-Base anchor) gives
∼25–52 pp on harmful sets; switching to the larger, RLHF-
aligned Qwen2.5-3B-Instruct anchor adds another ∼+25 pp.
Because the aligned anchor is also larger, this figure upper-
bounds the alignment-specific contribution; the same-size
comparison below (Anchor-Size) isolates calibration from
size and confirms calibration is what matters. Last group (OR-
H) is benign over-refusal: lower is better.

LoRA LoRA + ALIGNBEAM Inst

Dataset T n Base ACC% Ref% ACC% Inst ACC%

Harmful (refusal ↑); LoRA effect = LoRA − Inst
AdvBench H 520 99.6‡ 89.4 100.0 99.8 (−0.2, ceiling)

HB-Std H 167 95.2‡ 92.2 98.2 95.2 (0.0, ceiling)

HB-Ctx H 62 90.3‡ 83.9 100.0 98.4 (−8.1)

Sorry-Bench H 440 75.7‡ 74.5 85.0 83.6 (−7.9)

WildJailbreak§ H 1315 84.3 51.6 81.3 78.4¶

Benign / calibration (ACC% = genuine compliance ↑; Ref% = over-refusal ↓)
JBB-Benign B 100 62.0 53.0 45.0 92.0
OR-Bench-H B 855 54.2 30.6 66.9 79.8
XSTest (comply) C 250 80.0 62.9 54.4 93.6

Table 19: Wealth-LoRA (Llama-3.1-8B-Instruct + wealth-
management LoRA, Qwen2.5-3B-Instruct anchor, LBM-
DROP, α = 0.5, N = 6, K = 3). “LoRA Base ACC”
= wealth LoRA without ALIGNBEAM; “LoRA + ALIGN-
BEAM” = ALIGNBEAM applied to the LoRA model. ACC%
is benchmark-judge accuracy on harmful rows and genuine
compliance (answered and judged safe) on benign/calibration
rows; LoRA ACC% values are recomputed from cached per-
sample judge output (Appendix W), except those marked
‡. “Inst ACC%” = unmodified Instruct (no LoRA); benign
rows from Table 12. ‡From a separate baseline run; not re-
computed for this table. §Also corrects a WildGuard output-
parsing defect (Appendix W). XSTest: 250 comply-expected
prompts only. ¶Recomputed on the same basis (78.4%, match-
ing Table 12); the LoRA effect on WildJailbreak is +5.9 pp
(78.4→84.3).

X Same-Family Anchor Size and Method
Ablation (Anchor-Size)

Anchor alignment vs. beam search (Anchor-
Align). On Llama-8B, beam search and anchor
alignment each contribute roughly half the safety
gain. Replacing the aligned anchor with its un-
aligned base leaves ∼25–52 pp refusal from beam
search alone; swapping back to the aligned version
adds another +25 pp for free (Fig. 3).

Same-size anchor comparison (Anchor-Size).
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Dataset n Base ACC% 7B Ref% 0.5B Ref%

Harmful (↑)
AdvBench 520 79.4 99.2 97.7
HB-Ctx 62 40.3 80.6 64.5
HB-Std 167 47.3 94.6 70.7
Sorry-Bench 440 30.5 70.0 67.0
WildJailbreak‡ 1315 45.7 24.9 32.2

Benign / calibration† (↓)
XSTest 450 21.1 40.0 78.9
OR-Bench-H 855 11.2 41.1 62.8

HB+AB 687 71.6 98.1 91.1

Table 20: The 7B anchor outperforms the 0.5B anchor by
+23.9 pp on the HB-Std refusal pair and halves benign over-
refusal, confirming that calibration quality (not parameter
count) drives the gap. Anchor-Size (Qwen2.5-7B-Base, LBM-
DROP, α = 0.5, N = 6, K = 3). Ref% = string-match
refusal (harmful) / over-refusal† (benign). Base ACC% =
unmodified draft. ‡WildJailbreak ACC% corrected for the two
scoring defects described in Appendix C; string-match Ref%
is unaffected.

A separate anchor-size sweep (Qwen2.5-7B-Base
draft) shows that alignment quality matters more
than model size: a 0.5B aligned anchor reaches
80.2% HB-Std judge accuracy versus 98.2% for
the 7B anchor (i.e. the HB-Std refusal pair moves
94.6%→70.7% when the anchor shrinks; the ag-
gregate HB+AB gap is 98.1% vs. 91.1%), with
the gap driven by calibration rather than parame-
ter count. Anchor calibration quality matters more
than anchor size: pairing Qwen2.5-7B-Base with
a Qwen2.5-7B-Instruct anchor (matching param-
eter count) outperforms a Qwen2.5-0.5B-Instruct
anchor (14× smaller) by +23.9 pp on the HB-Std
refusal pair (94.6% vs. 70.7%; aggregate HB+AB
98.1% vs. 91.1%) and over-refuses far less on be-
nign sets (XSTest: 40.0% vs. 78.9%; OR-Bench-H:
41.1% vs. 62.8%; Table 20). The gap traces to the
0.5B anchor’s weaker refusal calibration: its safety
signal is less sharp, so it flags a higher fraction of
benign prompts.

LBM variant convergence in the same-
vocabulary setting. Because both anchors
share the Qwen2.5 vocabulary with the draft,
the text-bridge top-B mapping collapses to an
identity: every anchor token maps to the same
draft token, giving a single-token match rate
>98% and making LBM-DROP, LBM-FIRST,
and LBM-EXACT mathematically equivalent.
Anchor-Size confirms this empirically: all three
variants yield identical ACC% on every harmful
and calibration benchmark for both anchor sizes
(e.g. HB-Std 98.2% across all variants for the 7B
anchor; 80.2% for the 0.5B anchor). Variant choice

Dataset n Base AB CD TKCD PT SD

Harmful (↑)
AdvBench 520 79.4 100.0 98.3 97.7 97.5 96.7
HB-Ctx 62 40.3 87.1 90.3 82.3 87.1 72.6
HB-Std 167 47.3 98.2 95.8 88.6 88.6 87.4
Sorry-Bench 440 30.5 77.3 70.5 64.8 70.2 63.0
WildJailbreak‡ 1315 45.7 56.1 54.6 54.4 54.6 55.9

Benign / calibration† (↓)
JBB-Benign 100 9.0 3.0 5.0 3.0 3.0 3.0
OR-Bench-H 855 11.2 3.9 4.8 5.7 5.5 6.7
XSTest 450 21.1 42.0 40.7 40.0 39.1 38.9

Table 21: Anchor-Size, 7B anchor (Qwen2.5-7B-Base draft
+ Qwen2.5-7B-Instruct, α=0.5, N=6, K=3; benchmark-
judge ACC%). All seven strategies. AB = ALIGNBEAM (any
LBM variant). CD/TKCD/PT/SD = contrastive decoding /
top-k CD / proxy tuning / safe decoding. †benign (↓). Bold
= best harmful gain or lowest benign over-refusal per row.
‡WildJailbreak ACC% corrected for the two scoring defects
described in Appendix C.

is irrelevant in the same-vocabulary regime.
Tables 21–22 extend the strategy compari-

son to all seven evaluated methods across both
anchor sizes. For the 7B anchor, ALIGN-
BEAM (any LBM variant; identical in the
same-vocabulary setting) achieves the highest
harmful-ACC on four of five adversarial datasets
(AdvBench 100.0% vs. 98.3/97.7/97.5/96.7%
for CD/TopK-CD/Proxy/SafeDecoding; HB-Std
98.2% vs. 95.8%; exception: HB-Ctx 87.1% vs.
CD 90.3%). For the 0.5B anchor, ALIGNBEAM

leads on all five adversarial datasets (WildJailbreak,
corrected: all LBM variants tie at 53.0% vs. next-
best TopK-CD 46.1%). The XSTest over-refusal
floor is nearly identical across all seven strategies
and both anchors (≈40–42%), confirming the struc-
tural calibration floor discussed in the Limitations
section. The 7B anchor also suppresses benign
over-refusal further than the 0.5B anchor on OR-
Bench-Hard (3.9% vs. 4.6% under ALIGNBEAM),
consistent with the anchor-capacity finding in Ta-
ble 20; OR-Bench-Toxic is not compared here
because its judge is unreliable on this split (Ap-
pendix E.1).
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Dataset n Base AB CD TKCD PT SD

Harmful (↑)
AdvBench 520 79.4 98.5 91.0 90.4 91.0 81.9
HB-Ctx 62 40.3 79.0 38.7 48.4 53.2 58.1
HB-Std 167 47.3 80.2 63.5 64.7 62.3 59.3
Sorry-Bench 440 30.5 72.3 52.5 52.3 50.9 53.9
WildJailbreak‡ 1315 45.7 53.0 44.6 46.1 43.0 46.0

Benign / calibration† (↓)
JBB-Benign 100 9.0 3.0 7.0 7.0 4.0 8.0
OR-Bench-H 855 11.2 4.6 6.3 6.4 5.8 6.0
XSTest 450 21.1 42.2 41.3 40.4 40.9 41.3

Table 22: Anchor-Size, 0.5B anchor (Qwen2.5-7B-Base
draft + Qwen2.5-0.5B-Instruct, α = 0.5, N = 6, K = 3;
benchmark-judge ACC%). Same column layout as Table 21;
‡ as there.

Y Utility Preservation

ALIGNBEAM preserves task utility on exact-match
accuracy (drops ≤0.5 pp) and improves instruction-
following; one generative-similarity domain shows
a real cost, disclosed below rather than absorbed
into the “utility preserved” headline. Under the
K=1 utility mode (permissive anchor prompt, no
LLM judge), DS-Math on GSM8K moves from
77.0% to 76.6% (−0.4 pp) and MedLlama on
MedQA from 13.1% to 12.7% (−0.4 pp). Un-
der the deployed K = 3 safety configuration,
IFEval instruction-following does not degrade;
it improves substantially, from 14.2% to 27.0%
prompt-level strict accuracy on Llama-8B (Ap-
pendix Y.2), which is the more diagnostic test of
whether early-token mixing reduces instruction-
following accuracy, since GSM8K/MedQA are
largely insensitive to that kind of degradation. Full
per-strategy MedQA semantic metrics (ROUGE-
1/2, BERTScore-F1, SentSim) are in Appendix Y.1.

Finance-domain benign utility (wealth-
management chatbot). On a genuine finance-
domain benign-utility test (2,368 real customer-
service queries from a wealth-management chatbot
dataset, scored by ROUGE-L F1 against the
reference response), ALIGNBEAM’s cost is larger
than on any other domain: ROUGE-L falls from
36.03% (base Finance-Llama3-8B-Instruct draft)
to 28.43% (−7.60 pp), with average output length
also falling (988→732 characters). Inspecting
generated text directly, both arms remain coherent,
on-topic, and substantively helpful; we do not
observe truncation, repetition, or incoherence in
either. We read this as most likely reflecting the
anchor’s early-token influence shifting response
style away from this dataset’s specific templated
reference phrasing, rather than a genuine loss of

task competence, though we cannot fully rule
out the latter without a human or LLM-judge
quality evaluation, which we leave to future
work. We report this number in full rather than let
GSM8K/MedQA/IFEval stand as the whole utility
picture: it is the one metric in this paper where
ALIGNBEAM’s cost is not clearly small.

Y.1 MedQA Utility: Full Semantic Metrics
Table 23 gives the full per-strategy semantic-
similarity metrics for the MedLlama pair on
MedQA. All three LBM variants are reported
(n=2,243). Accuracy is answer-extraction accu-
racy over the ChatDoctor evaluation sample (§E);
ROUGE-1/2, BERTScore-F1, and SentSim (all-
MiniLM-L6-v2 cosine) are on ChatDoctor-style
free-form generations vs. the reference answer. All
semantic deltas are within ±1.5 pp of baseline:
safety blending does not measurably change con-
tent fidelity.

Strategy n Acc% R-1 R-2 BS-F1 SentSim

Base 2243 13.1 0.2522 0.0319 0.7591 0.5961
LBM-DROP (default) 2243 12.7 (−0.4 pp) 0.2426 (−0.0096) 0.0311 (−0.0008) 0.7552 (−0.0039) 0.5813
LBM-EXACT 2243 12.7 (−0.4 pp) 0.2426 (−0.0096) 0.0311 (−0.0008) 0.7552 (−0.0039) 0.5813
LBM-FIRST 2243 12.7 (−0.4 pp) 0.2426 (−0.0096) 0.0311 (−0.0008) 0.7552 (−0.0039) 0.5813

Table 23: MedLlama MedQA utility breakdown across all
LBM variants (JSL-MedLlama-3-8B-v2.0 + Qwen2.5-3B-
Instruct, α = 0.5, K = 1 utility mode, permissive anchor
prompt). ∆ columns are strategy minus baseline (pp). Acc.
is answer-extraction accuracy over the ChatDoctor evaluation
sample; semantic metrics are computed on ChatDoctor-style
free-form generations vs. reference answer (n=2,243).

Y.2 IFEval: Instruction-Following Under the
Deployed K=3 Configuration

GSM8K and MedQA measure task correctness
but are largely insensitive to instruction-following
degradation, and both are measured under K =1
(the utility-deployment configuration) rather than
the K = 3 configuration used for every safety
number in this paper. To directly test whether
early-token mixing reduces instruction-following
accuracy under the configuration actually deployed
for safety, we ran IFEval (Zhou et al., 2023) (541
prompts, rule-based verifiable-instruction checkers,
no LLM judge) on Llama-8B (Llama-3.1-8B) un-
der the full K = 3 safety configuration (α= 0.5,
N = 6, LBM-DROP, seed 42), base draft vs.
ALIGNBEAM.

60459



Pair K N Base ALIGNBEAM Slowdown

Llama-8B: Llama-8B 3 6 3.3 s 16.9 s 5.07×
MedLlama: MedLlama-8B 3 6 2.6 s 13.7 s 5.27×
Finance-Llama: FinLlama-8B∗ 3 6 2.7 s 17.6 s 6.51×
DS-Math: DS-Math-7B-Inst 3 20 5.6 s 25.8 s 4.61×
Budget mode 1 6 ∼2× (see Table 18)

Table 25: ALIGNBEAM’s K = 3 default falls at 4.6–
6.6×, inside the LlamaGuard / Proxy Tuning band. Per-
benchmark safety at the K = 1 budget mode is reported in
Table 18 rather than as a single aggregate here. Per-sample la-
tency (RTX 6000 Pro 48 GB, bfloat16, HarmBench-Standard).
Phase 3 (KV-cache continuation) ≈69%; Phase 2 ≈30%;
Phase 1 ≈1%. ∗Finance-Llama per-sample wall-clock recon-
structed from the 6.51× recorded slowdown and TPS-derived
per-sample timing of the sibling 8B base models.

IFEval (strict) Base ALIGNBEAM (K=3) ∆

Prompt-level accuracy 14.2% 27.0% +12.8 pp
Instruction-level accuracy 24.6% 39.0% +14.4 pp

Table 24: IFEval under the deployed K=3 safety configu-
ration (Llama-8B, n=541). Instruction-following does not
degrade under safety steering; it improves.

Instruction-following does not degrade under the
safety configuration; it improves substantially. The
mechanism is specific and we state it precisely
rather than overclaim: the draft here is Llama-
3.1-8B base, which follows instructions poorly,
and the anchor is Qwen2.5-3B-Instruct, so mixing
the anchor’s distribution into the opening tokens
contributes instruction-following competence the
base draft otherwise lacks. The defensible claim is
therefore early-token mixing does not reduce IFE-
val instruction-following accuracy, and on a base
draft it measurably helps, not that ALIGNBEAM

improves instruction-following for every model; an
instruct-tuned draft would likely show a smaller
(possibly near-zero) delta, since it already has the
competence the anchor would otherwise supply.
This is not an artefact of degenerate or padded gen-
erations: ALIGNBEAM’s outputs are shorter than
the base draft’s (median 361 vs. 624 characters) and
empty-output rates are comparable (13/541 base vs.
7/541 ALIGNBEAM).

Z Latency Details

ALIGNBEAM’s K = 3 default falls inside the la-
tency band already occupied by LlamaGuard and
Proxy Tuning; the K = 1 budget mode is the
cheapest non-classifier option and stays on par with
the anchor-prefix baseline. Table 25 reports per-
pair wall-clock on a single RTX 6000 Pro (48 GB,
bfloat16).

Comparison with other inference-time defenses.
Table 26 places ALIGNBEAM’s two operating
points next to the other inference-time interven-
tions we evaluate in this paper and to published
competitor numbers. The ALIGNBEAM K = 1
budget setting is the cheapest of any non-classifier
option, and the K=3 default falls inside the band
already occupied by LlamaGuard prompt/response
filtering, Proxy Tuning, and top-k contrastive de-
coding (all evaluated with the same K=3 harness
for comparability). The slower end of this band is
a property of the inference-time defense class, not
specific to ALIGNBEAM; the cheaper end is on par
with the anchor-prefix baseline.

Method Slowdown

Anchor prefix (Anchor-Prefix) 2.4–3.2×
ALIGNBEAM, K=1 budget ∼2×
RAIN† 3.78–4.36×
LlamaGuard-prompt (LG-Prompt), K=3 4.1–6.0×
LlamaGuard-response (LG-Response), K=3 3.9–5.5×
Top-k contrastive decoding (Qwen3-Base) 4.8–5.4×
Proxy Tuning (Qwen3-Base) 4.9–5.4×
ALIGNBEAM, K=3 default 4.6–6.6×

Table 26: End-to-end per-sample slowdown of inference-
time safety methods on Llama-8B / Qwen3-Base drafts (same
harness, same GPU, mean over HarmBench-Standard and
AdvBench unless noted). Competitor rows marked † are from
the published paper; the rest are from our own harness so the
slowdown definition is identical.

Z.1 Configuration Summary
Every experiment configuration (main pairs, abla-
tions, and baselines) is in our repository (see foot-
note at first mention of ALIGNBEAM in §1).

Default hyperparameters. α = 0.5 (mixing
weight), K = 3 (beam count, safety mode) or
K = 1 (utility mode), N = 6 (mixed steps;
N = 20 for DS-Math), τ = 2.5 (judge threshold),
T = 0.7 (sampling temperature), B = 50 (text-
bridge top-B width), max_new_tokens= 150 for
safety / 512-1024 for utility, repetition penalty 1.15
for safety-mode runs and 1.0 for utility-mode
runs (GSM8K/MedQA/IFEval); 1.15 suppresses
the repeated digits and operators DS-Math’s chain-
of-thought needs and is not used for any util-
ity number in this paper, seed 42. The depth
sweep (Depth-Sweep) uses α= 0.85 (held fixed)
to isolate the depth effect; Alpha-Sweep sweeps
α∈{0.10, 0.25, 0.50, 0.75} at N=6.

Hardware and runtime. Single RTX 6000 Pro
(48 GB) per pair, bfloat16 throughout, for all pairs
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except Llama-70B. Llama-70B (Llama-3.1-70B
draft) does not fit this card and instead ran on a
single H200 (141 GB), bfloat16, no quantization
(Appendix V). Per-sample wall-clock latency on
HarmBench-Standard is reported in Appendix Z.

Software versions. transformers 4.47.1
(ALIGNBEAM decoding), torch 2.5.1,
rouge_score 0.1.2, bert_score 0.3.13 (roberta-
large backbone), sentence-transformers 3.3.1
(all-MiniLM-L6-v2 for SentSim).

Anchor. Qwen2.5-3B-Instruct is the safety an-
chor for every main run (the five main pairs
and the 70B-scale Llama-70B). The anchor abla-
tions use other anchors: Qwen2.5-0.5B-Base (Ap-
pendix P), Llama-3.1-8B-Instruct (Appendix R),
and Qwen2.5-7B-Instruct and Qwen2.5-0.5B-
Instruct (Appendix X).

AA Additional Robustness Analyses

AA.1 WildJailbreak Depth Check (N=6 vs.
N=20)

To test directly whether the WildJailbreak gap (Lim-
itations) is a depth limitation, we re-ran Llama-8B
WildJailbreak-Harmful (n = 1,315) at N = 20,
more than triple the paper’s default N = 6 and
the same depth already used for DS-Math’s math
pair, with everything else fixed (α = 0.5, K = 3,
LBM-DROP, seed 42).

N String-match Ref% WildGuard judge Acc%

Base (no mixing) 13.3 43.7‡,§

6 (paper default) 19.7 43.9‡

20 21.3 45.4‡

Table 27: Tripling the mixed window from N=6 to N=20
recovers only +1.6 pp string-match / +1.5 pp judge accuracy
on Llama-8B WildJailbreak; depth is not the binding con-
straint on this benchmark. ‡Judge-Acc% here is corrected
for the two scoring defects described in Appendix C. The
N = 6 → 20 judge delta this table’s claim rests on is un-
changed by the correction (+1.5 pp either way), as is every
string-match value. §This row’s base value (43.7) comes from
a separate WildGuard scoring pass than the 43.4 base value
reported for the same Llama-8B/WildJailbreak condition in
Table 4; the two runs agree to within 0.3 pp and neither this ta-
ble’s claim nor any conclusion in the paper depends on which
is used.

We hypothesise that depth is not the lever here:
WildJailbreak’s attacks are adversarially framed
to look benign, so when the off-the-shelf anchor
does not recognise the harmful intent beneath that
framing, no refusal opener is produced for Phase 2
mixing to extend; more mixed steps of an already-
compliant opening do not retroactively make it a

refusal. The binding constraint is therefore up-
stream of depth: whether the anchor recognises
the adversarial framing at all. A better-calibrated
anchor, consistent with the anchor-size finding that
calibration, not size, sets the ceiling (Appendix X),
is the more promising lever than a longer window,
and is left to future work rather than requiring any
change to the method itself.

AA.2 Bootstrap Confidence Intervals on
Headline Refusal

To confirm the headline gains are not an artefact of
which prompts happen to be sampled, we compute
nonparametric bootstrap 95% confidence intervals
on string-match refusal for Llama-8B: from the
n graded prompts we draw n with replacement,
recompute the refusal rate, repeat 10,000 times,
and take the 2.5th/97.5th percentiles.

Benchmark (n) Base [95% CI] ALIGNBEAM [95% CI]

AdvBench (520) 17.5 [14.2, 21.0] 94.4 [92.3, 96.3]
HarmBench-Std (167) 15.0 [9.6, 20.4] 79.6 [73.7, 85.6]
HarmBench-Ctx (62) 8.1 [1.6, 14.5] 79.0 [67.7, 88.7]
Sorry-Bench (440) 10.9 [8.2, 13.9] 61.4 [56.8, 65.9]

Table 28: Bootstrap 95% CIs (Llama-8B, string-match re-
fusal, 10,000 resamples, seed 42). Base and ALIGNBEAM
intervals are disjoint on every benchmark; HarmBench-Ctx
is widest, consistent with its smaller n = 62 (matches the
seed-robustness spread in Appendix T).

Every interval is disjoint between base and
ALIGNBEAM, so the gains reported in §4 hold
well beyond sampling noise on this pair. We note a
design limitation: these are separate bootstrap inter-
vals on the base and ALIGNBEAM refusal rates, not
a paired bootstrap over the per-prompt difference.
A paired bootstrap would more directly support the
improvement claim by accounting for prompt-level
correlation between the two conditions; disjoint
separate intervals are a weaker but still informative
signal, and we report them as such rather than as a
substitute for the paired test.

AA.3 Refuse-Then-Continue Rate
Appendix E.1 notes that some unsteered responses
emit a canonical refusal phrase and then continue
with harmful content anyway (Ref% > ACC% for
that response), and that Phase-2 mixing should sup-
press this pattern by anchoring the continuation,
not just the opening, to the anchor’s distribution.
We measure this directly on Llama-8B rather than
assert it: the rate of responses that both match a
refusal phrase and are still judged harmful.
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Benchmark Base ALIGNBEAM

AdvBench 5.8% 0.2%
HarmBench-Std 6.0% 1.8%
Sorry-Bench 2.7% 2.0%
HarmBench-Ctx 3.2% 8.1%

Table 29: Rate of refuse-then-continue responses (canonical
refusal phrase present, but judged harmful), Llama-8B. The
HarmBench-Ctx uptick corresponds to three additional cases,
from 2/62 to 5/62; we do not report a significance test for this
count and do not claim the increase is or is not distinguishable
from noise at this n.

Phase-2 mixing largely eliminates refuse-then-
continue on the structured sets (AdvBench,
HarmBench-Std, Sorry-Bench); the HarmBench-
Contextual uptick is small-sample (5/62) and we
flag it rather than average it away.

AB Extended Limitations

The Limitations section states the two safety limits
and the evaluation-scope constraints at a high level;
this appendix gives the full numbers and mecha-
nism behind each.

Calibration ceiling, in detail. The anchor’s ten-
dency to over-refuse ambiguous benign prompts
is inherited rather than induced by mixing: OR-
Bench-Hard over-refusal stays ≈20% across the
entire α range (Fig. 2(b)) and XSTest over-refusal
≈40% on Llama-8B; neither improves with more
mixing. Separately, because the mixing only cov-
ers the first N tokens, attacks that embed harm past
the prefix are only partially blocked (WildJailbreak-
Harmful: +2–6 pp on Llama-8B/MedLlama vs.
+51–77 pp on AdvBench). Widening the mixed
window does not close this gap: on Llama-8B
we re-ran WildJailbreak at N = 20 (3.3× the de-
fault) and gained only +1.6 pp string-match re-
fusal over N =6 (Appendix AA.1). Our hypoth-
esis is that the bottleneck is upstream of depth:
the off-the-shelf anchor does not always recog-
nise the harmful intent beneath benign-looking
framing, so no refusal opener is produced for the
mixing to carry forward. On Finance-Llama3-8B
specifically, ALIGNBEAM lowers WildJailbreak
refusal (42.7%→33.2% string-match; corrected
judge ACC 58.6%→54.9%), the same mechanism
by which anchor mixing can disrupt an already-
conservative model’s own contextual handling of
multi-sentence prompts (also seen on the instruct
control, Instruct-Base, Appendix K). The calibra-
tion ceiling could plausibly be improved with a
better-calibrated anchor or a per-prompt α sched-
ule; a longer mixed prefix does not help the Wild-

Jailbreak depth limit specifically (N =20 above),
though it may still help tasks such as DS-Math
where the bottleneck is not upstream recognition.

Evaluation scope, in detail. We do not evaluate
adaptive attacks designed to circumvent ALIGN-
BEAM specifically, though the partial WildJail-
break result (+2–6 pp string-match) gives a rough
lower bound on that vulnerability. Multi-anchor en-
sembles, multilingual evaluation, and human judg-
ing are natural next steps.

AC Extended Ethical Considerations

ALIGNBEAM is designed and evaluated as a de-
fensive method, and the large majority of reported
results measure an increase in refusal on harmful
prompts. This is not universal, however: the cor-
rected results show mixing can also degrade an
already safer draft on delayed-payload prompts.
On WildJailbreak specifically, Finance-Llama3-
8B’s string-match refusal falls (42.7% → 33.2%)
and corrected judge accuracy declines on multi-
ple pairs (DS-Math, MedLlama, Finance-Llama,
Qwen3-Base), and the instruct control (Instruct-
Base) shows the same pattern (§AB). We therefore
do not claim the mixing operation can only pull a
draft’s distribution toward the anchor’s safer one;
on prompts where the anchor itself fails to recog-
nise a harmful request as harmful (the WildJail-
break depth limit above), mixing can leave a model
no safer, or measurably less safe by these metrics,
than the unmodified draft.

Dual-use consideration. The cross-vocabulary
bridge (§2) is a general mechanism for transferring
a guide model’s token-level preferences into a dif-
ferent model’s vocabulary. In principle the same
bridge could transfer preferences other than safety
refusal. We are not aware of a way to repurpose it
for a more harmful objective that would be easier
to achieve than directly fine-tuning or prompting
the draft model, since the bridge only shapes the
first N ≈ 6 tokens and hands off control to the
unmodified draft immediately after (§5).

Residual risks, in detail. Two limitations dis-
cussed in the main text have safety implications and
are restated here for completeness. First, the cali-
bration ceiling inherited from the anchor means
genuine benign compliance falls under ALIGN-
BEAM (e.g. OR-Bench-Hard 77.2%→72.5% on
Llama-8B; Appendix C), a deployer relying on
the method for user-facing benign traffic should
budget for this over-refusal cost, not treat it as neg-
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ligible. Second, the method’s protection is partial
against attacks that place harmful content past the
mixed prefix (WildJailbreak; §5); it should not be
presented to end users or auditors as a complete
jailbreak defense, and we do not do so anywhere
in this paper.

Data and compute. All eleven harmful/benign/
calibration benchmarks in Table 5 are public safety-
evaluation datasets; the MedSafetyFix split is
drawn from MedSafetyBench (Han et al., 2024b),
with its provenance and paper-specific naming de-
tailed in Appendix E.1. No harmful model out-
puts are reproduced anywhere in the paper; only
aggregate statistics are reported, consistent with re-
sponsible disclosure practice for jailbreak-adjacent
research. All evaluation is automated and English-
only. Compute usage is disclosed in Appendix AD
(C1).

Intended use. We position ALIGNBEAM as a re-
search artifact for the alignment and safety commu-
nity, intended to be evaluated, extended, and stress-
tested by other researchers, not as a production-
ready, certified safety guarantee. Any deployment
decision should be based on evaluation against the
deployer’s own threat model, not on the benchmark
numbers in this paper alone.

AD Responsible NLP Research Checklist

This checklist answers the ARR OpenReview
responsible-research form for this submission.

A1 : Limitations section. Yes. A Limitations
section appears after §5 and covers: (i) compute
overhead and latency operating points, (ii) the cali-
bration ceiling inherited from the anchor (XSTest
over-refusal ≈40%; WildJailbreak +2–6 pp bot-
tleneck, now further characterised by the N =20
depth check in Appendix AA.1), (iii) evaluation
scope (single-turn, ≤200 tokens, no adaptive at-
tacks, single anchor model).

A2 : Potential risks. Yes. See the Ethics State-
ment (main text) and Appendix AC for the full
discussion. ALIGNBEAM raises rather than low-
ers refusal rates, limiting direct misuse. Residual
risks: calibration ceiling on adversarial-looking
benign prompts (OR-Bench-Hard genuine compli-
ance falls to 72.5%; Appendix E.1) and partial
mitigation of multi-sentence prefix-length attacks
(WildJailbreak +2–6 pp). The method is intended
for safety improvement in research settings only.

B1 : Citation of artifact creators. Yes. All
benchmarks, model families, and baselines are
cited: HarmBench (Mazeika et al., 2024), Ad-
vBench (Zou et al., 2023), Sorry-Bench (Xie
et al., 2025), WildJailbreak (Jiang et al., 2024),
XSTest (Röttger et al., 2024), OR-Bench (Cui et al.,
2025), JailbreakBench (Chao et al., 2024), Llama-
Guard (Inan et al., 2023), SafeDecoding (Xu et al.,
2024), GSM8K (Cobbe et al., 2021), ChatDoctor-
HealthCareMagic (Li et al., 2023b), IFEval (Zhou
et al., 2023). Anchor and draft model families cited
via their technical reports.

B2 : Licenses for artifacts used. Yes. Bench-
marks are used for evaluation consistent with their
research licences. Models used under their respec-
tive community licences (Meta Llama 3 Commu-
nity Licence, Qwen Community Licence). All use
is non-commercial research. Exact SPDX identi-
fiers are not separately catalogued; licence terms
are as stated above for each model/benchmark fam-
ily.

B3 : Use consistent with intended use. Yes. All
benchmarks are used for safety evaluation as in-
tended. ALIGNBEAM does not modify or redis-
tribute model weights.

B4 : Personally identifying information or of-
fensive content. Yes (managed). Safety bench-
marks contain adversarial harmful prompts by de-
sign. No personally identifying information is used.
Harmful prompts appear only as aggregate statis-
tics; no harmful model outputs are reproduced in
the paper.

B5 : Documentation of released artifacts. Yes.
Harness configuration layout is documented in Ap-
pendix Z.1. Per-benchmark judge details are in
Appendix E. The code repository (footnote at first
mention of ALIGNBEAM in §1) documents setup
and reproduction.

B6 : Statistics for data. Yes. Dataset sizes are in
Table 5 (Appendix E). All main runs use seed 42;
a three-seed robustness sweep (±0.7 pp HB+AB)
is in Appendix T.

C1 : Model sizes and compute budget. Yes.
Draft models: 6.7B–70B parameters (see §3
and Appendix V). Anchor: Qwen2.5-3B-Instruct
(3B). Judges: HarmBench-Mistral-7b-val-cls (7B),
Sorry-Bench judge (7B), LlamaGuard-3-8B (8B),
WildGuard (7B). Hardware: single RTX 6000 Pro
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(48 GB, bfloat16) per pair for all experiments ex-
cept the 70B-scale run; Llama-70B (Llama-3.1-
70B) ran on a single H200 (141 GB, bfloat16,
no quantization or offloading), since the 70B
draft does not fit the 48 GB card (Appendix Z.1,
Appendix V). Per-sample wall-clock: 13.7–
35.6 s/sample for the 8B-scale pairs (Table 25);
Llama-70B is reported separately in Appendix V.
Total GPU-hours: ≈2,054 on the RTX 6000 Pro
(summed from the per-sample generation timings
recorded in every 8B-scale experiment, ablation,
and baseline reported in the paper’s released con-
figuration tree; excludes judge/evaluation compute,
which is smaller), plus ≈37 H200-hours for Llama-
70B (summed the same way, strategy and baseline
wall-clock across its seven benchmarks).

C2 : Experimental setup and hyperparameters.
Yes. All hyperparameters are in Appendix Z.1:
α = 0.5, K = 3/1, N = 6 (DS-Math: 20),
τ = 2.5, T = 0.7, B = 50, repetition penalty
1.15 (safety mode) / 1.0 (utility mode), seed 42.
Software versions: transformers 4.47.1
(ALIGNBEAM decoding), torch 2.5.1,
rouge_score 0.1.2, bert_score 0.3.13,
sentence-transformers 3.3.1.

C3 : Descriptive statistics and error bars. Par-
tial. Results are from single generation runs per
configuration, but robustness is supported two
ways: a three-seed sweep (Appendix T, ±0.7 pp
HB+AB on Llama-8B) and nonparametric boot-
strap 95% confidence intervals on the Llama-8B
headline refusal numbers (Appendix AA.2), which
are disjoint between base and ALIGNBEAM on ev-
ery benchmark tested. Extending bootstrap CIs to
every pair and benchmark remains future work.

C4 : Parameters for packages used. Yes. Pack-
age versions are listed in the Software versions
paragraph of Appendix Z.1.

D1–D4 : Human subjects. Not applicable.
No human annotators or research subjects. All
evaluation is automated using publicly released,
benchmark-compatible classifiers.

E1 : AI assistants in research or writing. Yes.
AI coding assistants (Claude Code) were used for
LaTeX formatting and prose polish. All scientific
content, experimental design, numerical results,
analysis, and conclusions are the authors’ own
work.
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