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Abstract. A common way to improve vision-language model outputs
is Best-of-N (BoN) selection: generate N candidate answers, score each
one, return the best. When the candidate pool and compute budget are
held fixed, the selected answer should be reproducible. We show it often is
not. Slightly adjusting the softmax temperature, toggling a probability-
truncation option, or enabling dropout noise during the scoring pass
is enough to change the winning answer on 41-47% of test items —
even though the candidate pool is identical. This failure is specific to
likelihood-based selection, where candidates are ranked by policy likeli-
hoods or policy /reference likelihood ratios; a deterministic reward-model
or rule-based (e.g. RLVR) reranker assigns identical scores to identical
text and is stable on a fixed pool by construction.

Standard scoring conflates answer quality with two confounding factors:
when token-level scores are summed, low-value suffixes can change the
total without improving answer quality, and score magnitudes shift when-
ever the model is updated. We propose DSPA, which separates two con-
cerns into a test-time selector and a training-time filter. At test time,
we score each candidate by comparing it token-by-token against a fixed
reference model and averaging the result, which removes the additive
length accumulation of summed scores and keeps all scores on a fixed
reference scale; this is the component responsible for selection stability.
At training time, we filter preference pairs to prevent shortcuts based on
answer length, verbatim prompt copying, or hallucinated objects; this
component improves the factual quality of the candidate pool, not the
stability of selection. We evaluate stability by replaying the scoring step
on the same frozen pool under controlled perturbations (a protocol we
call SRP), where the anchored selector reduces the answer-flip rate from
44.3% to 24.9%. Manual inspection shows roughly 70% of remaining
flips are near-ties that differ only in phrasing. On identical pools, the an-
chored selector also reduces object hallucination (POPE) from 9.6% to
6.2%; the stability gain holds at 13B scale, while the utility gain transfers
to Qwen2.5-VL-7B-Instruct.

Keywords: Vision-Language Models - Best-of-N Sampling - Test-time
Selection - Reproducibility - Hallucination Mitigation
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1 Introduction

Imagine two teams deploying the same vision-language model with the same
compute budget. Both generate eight candidate responses to each user query
and return the one that scores highest — a strategy known as Best-of-N (BON)
selection. Same candidate pool, same compute. They should pick the same an-
swer. They often do not.

Under small changes to the scoring procedure — a temperature shift of +0.05,
a minor change in how probability tails are handled, or simply enabling dropout
noise during the scoring pass — the standard baseline selector flips its winner on
41-47% of items (Table 2, Fig. 2). Our fix, an anchored selector (Sec. 4.1), lowers
this residual flip-rate to 24.9%, but the flips that remain are not all harmless.
Among the anchored selector’s residual flips, we annotated 500 cases and found
that roughly 29% involve factually non-equivalent winners — for instance, one
candidate correctly denies the presence of an object while the other hallucinates
it. Combining this conditional proportion with the 24.9% residual flip-rate yields
an estimated factual-content change probability of about 7.2% (6-8%).

This matters beyond our particular setup. The “generate several, pick the
best” pattern appears in rejection sampling for alignment [2,30], pass@k selec-
tion in code generation [3], and self-consistency voting [37]. We state our scope
at the outset: the instability we study is specific to likelihood-based selection, in
which candidates are scored by the policy’s own likelihoods or by policy /reference
likelihood ratios — the common choice when one wants Best-of-IV without train-
ing or serving a separate reward model. A deterministic reward-model or rule-
based (e.g. RLVR) reranker assigns the same score to the same text regardless
of softmax temperature or probability truncation, so on a fixed pool it is sta-
ble by construction; that regime is complementary and outside our scope. Most
prior work has studied what goes wrong when the pool grows large — the se-
lector starts gaming the scoring function, a failure called reward hacking [9, 18].
The failure we study is more basic: the pool is small, it never changes, and the
likelihood-based scoring step alone still cannot agree with itself.

The instability has two sources, both rooted in how standard scoring works.
When token-level scores are summed over the full sequence, response length can
affect the total mechanically: a 40-token answer that correctly says “The cat is on
the couch” and then rambles for 20 more tokens can change the relative ranking
against the concise 20-token version, not because it is better, but because the
additional tokens alter the sum. Separately, whenever the model is fine-tuned,
all score magnitudes shift, and the gap between the top two candidates can
narrow or reverse unpredictably. We adopt length normalization (dividing by
token count) as our primary baseline; it removes the crudest accumulation but
still scores on the policy’s own scale, which shifts with model updates. Our
ablations (Table 4) confirm that a fixed reference with per-token averaging is
substantially more stable than either alone.

On identical N=8 candidate pools, switching only the selection rule reduces
object hallucination (POPE [23]) from 9.6% to 6.2% (Table 1). Which selection
rule you use changes whether the output is correct.
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Fig. 1: Overview. Problem: on a fixed candidate pool, small scoring perturbations
often change which answer wins (41-47% of items). Solution: we filter preference pairs
during training (Sec. 4.2) and, at selection time, score each candidate token-by-token
against a fixed reference, average, and return the top candidate in one pass (Sec. 4.1).
Audit: SRP replays only the scoring step on the same frozen pool. Numeric values are
from the dropout family (n=200); Table 2 averages all three families (n=500).

Our approach. We fix the scoring step itself with a method we call DSPA, which
has two parts addressing different failure modes: a test-time anchored selector
that scores each candidate token-by-token against a fixed reference model and
averages the result (Sec. 4.1), and a training-time filter that removes length,
verbatim prompt-copying, and object-hallucination shortcuts from the candidate
pool (Sec. 4.2).

To evaluate stability without conflating it with extra computation, we re-
play only the scoring step while keeping the candidate pool and budget fixed,
a protocol we call SRP (Same-pool/Same-budget Replay). It gives us two clean
metrics: how often does the winner change (flip-rate), and how often does each
replay agree with the original winner (agreement rate).

Contributions. (i) On an identical cached pool, scoring-only perturbations flip
the BON winner on 41-47% of items, and changing only the selection rule also
shifts hallucination outcomes (POPE 9.6%—6.2%; Table 1). (ii) Using SRP, we
show a log-ratio selector is stable exactly when the reference is frozen and sees
the full input and scores are averaged per token rather than summed (removing
either returns flip-rate to near-baseline; Table 4). (iii) We pair this selector with
a preference-construction recipe that reduces length, copying, and hallucination
confounds in the pool.
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2 Related Work

Inference-time alignment and reward hacking. Sampling multiple candidates and
scoring them is central to instruction-following alignment [2,30] and code gener-
ation [3]. As the pool grows, the selector can exploit scoring artifacts — reward
hacking [9,18] — and regularized BON variants constrain how far the selected
distribution deviates from the original model [1,16,17,35]. We ask a different
question: is the winner even reproducible when N and the pool are held fixed?

Replay-style evaluation. Recent work caches candidate pools to compare selec-
tors under imperfect verifiers [5, 14, 38|, and self-consistency aggregation high-
lights sensitivity to protocol choices [24,37]. SRP enforces a stricter boundary —
same pool, same budget, pre-specified perturbations — and measures stability
rather than comparing algorithms.

Reference-based scoring: same formula, different goals. The per-token log-ratio
between two models has appeared in dialogue reranking for diversity (MMI [21]),
generation-time steering away from degenerate text (contrastive decoding [4,22,
25]), and preference learning (DPO [31]). These uses share the arithmetic but
target different objectives, and none defines a stability target over a fixed pool.

When the same formula is repurposed for stable selection, two things go
wrong. First, if scores are summed over all tokens (as in MMI), response length
affects the total mechanically: a near-neutral suffix can shift the ranking against
a more correct but shorter answer without improving it. Second, if the reference
is the model’s own distribution (per-token PMI) or is periodically updated (some
DPO variants), the reference drifts with the model, and the same pool can rank
differently after a minor update. Per-token averaging addresses the first; a pre-
committed fixed reference addresses the second. Table 4 confirms that removing
either one returns the flip-rate to near-baseline levels.

Hallucination benchmarks [7,23,41] and aligned VLMs [31, 39, 40] provide
our factuality baselines; decoding-time strategies [15,20] can be applied after
our selector.

3 The SRP Audit Protocol

Before describing our method, we define the evaluation boundary that governs
all primary claims.

Motivation. BON selection has three steps: generate a candidate pool, score
each candidate, return the highest-scoring one. The question is whether step (3)
is reliable — whether the same pool always yields the same winner. If we re-
generated the pool each time we tested, we could not tell whether a different
winner came from a different pool or from scoring instability. Freezing the pool
isolates the scoring step, the same way one tests a bathroom scale by stepping
on it twice rather than switching people between measurements.
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As a concrete case, on a “Is there a dog in this image?” query a temperature
shift of 0.05 — small enough that most practitioners would consider it negligible
— can flip the winner from “No, I see a cat on the rug” to “Yes, there appears
to be a small dog,” on the very same eight-candidate pool.

Definition. SRP (Same-pool/Same-budget Replay) replays only the scoring step
while keeping everything else fixed. It controls four variables:

1. Same pool. The candidate set Y(z) = {y*),..., 4™} is identical across
all replays; no new decoding occurs.

2. Same budget. Each replay scores each candidate exactly once (O(N) per
item).

3. Pre-specified perturbations. Only lightweight scoring perturbations are
applied, from families defined before the experiment (full pseudocode in sup-
plementary Alg. S1).

4. Pre-specified reference. The reference model 7, is frozen and identified
by its checkpoint hash before any SRP runs, preventing retroactive adjust-
ments.

Ties are broken deterministically by smallest candidate index in the frozen pool
manifest.

What perturbations, and why? Each perturbation family represents a realistic
source of scoring variation that practitioners encounter across deployments.

Temperature jitters (£0.05 around the native 79=0.7), the magnitude rou-
tinely produced by different calibration runs or framework defaults [11]. Because
temperature rescales logits before the per-position softmax, a +0.05 change is
not a global monotone rescaling of the length-normalized scores, so near-tied
candidates can swap order.

Score-time probability truncation (+0.05 around pp=0.9): a top-p filter
applied at scoring time (not generation), keeping the most probable tokens up to
cumulative mass p and re-distributing the rest, which frameworks handle differ-
ently [12]. Like temperature it re-normalizes per position, so it need not preserve
near-tie ordering; we always include the realized token before re-normalizing to
avoid zero probabilities.

Dropout-enabled scoring (2 replays, distinct fixed seeds). Inference nor-
mally disables dropout, but misconfigurations happen; we use it as a simple,
reproducible stochastic perturbation, not a model of hardware noise [8].

All perturbations apply symmetrically to both policy and reference. An asym-
metric variant (perturbing only the policy) gave equivalent results, ruling out
correlated noise cancellation as the source of the stability gain (supplementary
material).

Metrics. We report two metrics per perturbation family.
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Flip-rate: the fraction of test items where at least one replay in the family
changes the winner.

Flip-rate, = 4] Z l[EIp € Py :y,(z) # Yo (x)}
TEX

A flip-rate of 44% means that for 44% of test items, at least one perturbation
changed the winner.
Agreement with original winner: the average per-replay match rate.

1 * *
Agreement, = X7 Z Z 1y (x) = 5 (x)].

zEX pEP:

With one replay per family, agreement = 1 — flip-rate. With two replays, a single
discordant replay suffices for a flip but only partially reduces agreement, so we
report both. Wilson interval definitions and selected paired tests are reported in
the supplementary material.

Budget accounting. SRP caches candidate pools; replays only rescore. All pri-
mary selectors run in O(N) time with a single pass per candidate. The anchored
selector additionally evaluates the fixed reference, increasing wall-clock scoring
time by approximately 1.8x per candidate. This 1.8x is a scoring-stage figure,
not a doubling of end-to-end Best-of-N cost: candidates are first produced by
autoregressive decoding (the dominant cost), whereas scoring is teacher-forced
and can be run in a single parallel pass. In our N=8, ~100-token setting, we es-
timate, from the decoding/scoring time decomposition, that the extra reference
pass adds roughly +5-10% to end-to-end wall-clock rather than 1.8x. The se-
lector remains single-pass O(N); we exclude pairwise methods such as minimum
Bayes risk (MBR) decoding, which require O(N?) comparisons [6].

4 Method

At test time, we score each candidate against a fixed reference model and av-
erage across tokens; this is the component responsible for selection stability. At
training time, we filter preference pairs to remove systematic biases from the
candidate pool; this component improves the factual quality of the pool rather
than the stability of selection. We call the combination DSPA, and we isolate the
two effects separately: selection stability in Sec. 5.5 (varying the selector while
training is held fixed) and pool factuality in Sec. 5.4 (varying the filters while
the selector is held fixed).

The core idea is short enough to say in one sentence: instead of measuring
raw probability (which conflates quality with length and model state), we mea-
sure how much the fine-tuned model prefers each candidate relative to a fized
reference.
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4.1 Test-time selection: the anchored selector

We want a score where a longer answer does not automatically win, and where
the reference point stays fixed even when the policy changes.

To satisfy the first requirement, we score each token individually and average
rather than sum, so that appending uninformative tokens dilutes the score in-
stead of inflating it. For the second, we compare each token’s probability under
the fine-tuned model (the policy, 7p) against a fized reference model (7o) — one
that is frozen before evaluation and never updated. This reference sees the full
input — image, prompt, and all preceding tokens — so it provides a meaningful
comparison, not a context-free prior that ignores the image.

Given input = (image + prompt) and candidate y = (y1,...,yjy|):

lyl

1 7o (Yt | y<t, )
orm(y [2) = 101 log ) @

At each position ¢, the log-ratio log[m(y:)/mret(y:)] measures how much more
the policy prefers that particular token than the reference does. Averaging over
all |y| tokens yields a per-token score that does not mechanically increase with
answer length. Selection is a single O(IN) pass: return argmax, ¢y ;) Tnorm (¥ | Z)-

To see why averaging matters, appending 20 low-value tokens (mean log-ratio
0.02) to a correct 20-token answer (mean 0.15) raises the summed score from 3.0
to 3.4 — so the padded answer wins — but lowers the averaged score from 0.15
to 0.085, so the concise answer wins. The fixed reference plays a complementary
role, and two natural alternatives are worse. Using the policy’s own context-free
distribution as the denominator — per-token PMI, i.e. my(y: | y<¢) with the
image and prompt removed — keeps the score well-defined and non-zero, but
measures each candidate against a prior that ignores the image. Using a periodi-
cally updated copy of the policy makes the denominator co-move with the policy,
so the same pool can rank differently after a minor update. Pre-committing the
reference checkpoint before evaluation avoids both: the reference side of the ratio
neither ignores the input nor drifts with the policy. (The numerator still changes
across policy snapshots, so the score is not literally frozen; what is frozen is the
baseline against which all candidates are measured.)

Table 4 isolates each constraint. Removing per-token averaging (using sequence-
level sums) substantially increases the flip-rate; replacing the fixed reference with
the policy’s own distribution or a periodically updated copy also degrades stabil-
ity. Only the combination achieves the full gain. A complete selector taxonomy
is in supplementary Tab. S5.

4.2 Training-time filtering

A stable selector is necessary but not sufficient — it still picks from whatever pool
it is given. During preference training, vision-language models pick up shortcuts
that systematically corrupt the pool, and we address the three most damaging
ones.
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Prompt copying. Vision-language models sometimes copy large verbatim chunks
of the prompt (especially on caption-style questions), which looks superficially
correct but reflects no understanding; we exclude any candidate whose longest
contiguous verbatim overlap with the input exceeds K=12 tokens.

Answer length. Annotators and model judges consistently prefer longer answers
even when length adds no information [19,29,33], teaching the model that “longer
is better”; we constrain the preferred/rejected length ratio to the band 0.8-1.2.

Object-existence hallucination. If the preferred candidate in a “Is there a [ob-
ject]?” pair incorrectly says yes, the model learns to affirm object existence re-
gardless of image content — a shortcut that directly produces hallucinations. For
prompts matching object-existence patterns (matched against training-set labels
only; no evaluation annotations used), we keep a pair only when the preferred
candidate does not hallucinate the triggered object.

After filtering, candidates are segmented into sub-sentences, scored by a large
vision-language judge (LLaVA-NeXT-34B [27]), and assembled into (preferred,
rejected) pairs with at most two pairs per input. An optional fourth filter —
masking copy-prone tails in caption prompts — is enabled in the full system; its
benefit depends on prompt type (supplementary Tab. S4, block B). The policy
is fine-tuned via LoRA [13]-DPO [31].

4.3 The interaction between selector and pool

Training-time filtering improves the pool but does not by itself stabilize rank-
ing: if the selector still has a length bias, a verbose candidate can win under one
scoring configuration and lose under another. Conversely, the anchored selector
stabilizes ranking but cannot recover factual accuracy from a pool filled with
biased candidates. The two components therefore target different axes — the se-
lector drives stability, the filters drive pool factuality — and two existing results
make this split concrete. Table 4 varies only the selector (training held fixed)
and moves the flip-rate from 40.8% to 24.1%, identifying the selector as the
dominant lever for stability. In the other direction, a separately aligned model
(RLAIF-V [40]), which changes the pool but uses a standard length-normalized
selector, reduces the flip-rate only from 44.3% to 35.1% — far short of the an-
chored selector’s 24.9%. This separately-aligned-model comparison is consistent
with training alone being insufficient to match the anchored selector, although
it is not a controlled ablation of the training filters; separately, removing all
training filters raises object hallucination fourfold (Table 3). We therefore at-
tribute selection stability to the anchored selector and treat the training filters
as a pool-factuality mechanism; we do not claim the filters themselves improve
flip-rate or winner consistency.
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5 Experiments

All stability results follow SRP: candidate pools are generated once with fixed
seeds, re-scored under perturbations, and selected in a single O(NN) pass. No new
decoding occurs during evaluation.

5.1 Setup

Models. We use LLaVA-1.5 7B [26] and train with LoRA [13]-DPO using prefer-
ences scored by LLaVA-NeXT-34B [27]. The fixed reference is the matched-size
pre-fine-tuning checkpoint (LLaVA-1.5 7B before alignment). Pools use N=8
candidates unless otherwise noted. Unless otherwise stated, SRP stability is
evaluated on a fixed 500-item subset sampled once from the LLaVA-Instruct
validation split; the same subset is used for all selectors and perturbation fami-
lies.

Baselines. For LLaVA-1.5 7B, all multi-sample selectors operate on identical
cached pools so that differences reflect only the scoring rule. We compare four
baselines, all under the same SRP protocol: Greedy (N=I1, a single-output
reference); BON + length-norm, the standard baseline scoring each candidate
by its mean per-token log-probability under the policy alone (no reference); e-
margin tie-break, applied on top of length-norm, returning the shorter of
the top two when they differ by less than e=0.02 (targeting near-ties without
changing the scoring function); and RLAIF-V 7B [40], a separately aligned
model showing what alignment training alone achieves.

Perturbations. As defined in Sec. 3: temperature jitters (+0.05), score-time prob-
ability truncation (£0.05), and dropout (2 seeds), applied symmetrically to pol-
icy and reference. These define a controlled local perturbation neighborhood; we
do not claim they reproduce any particular precision or framework change.

Baseline scope. We restrict comparisons to single-pass O(N) selectors on a
cached pool using only the policy (and optionally a fixed reference). Methods
based on deterministic reward models are outside our perturbation scope be-
cause their scores are unaffected by the likelihood-level perturbations considered
here, not because they change the pool. Methods that alter the sampling distri-
bution rather than re-ranking a fixed pool — including KL-constrained [17] and
Soft-BON [35] variants — are outside scope because they change the candidate
pool itself. Pairwise methods such as MBR (O(N?)) are excluded on budget
grounds [6].

Metrics. Hallucination is measured in two ways. Benchmark-grounded (POPE [23]):
binary “Is this object in the image?”’ questions evaluated against ground-truth
labels; the hallucination rate is the fraction of incorrect “yes” answers. Judge-
estimated: a large VLM judge assesses overall factuality; reported with a “judge-
est.” note and not directly comparable to POPE scores.
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Table 1: Task utility of the selected output. LLaVA-1.5 7B; all multi-sample
selectors use identical cached pools (same seeds, N=8), so differences reflect only the
selection rule. Greedy (N=1) is a single-output reference. POPE: fraction of incor-
rect “yes” answers on binary object-existence questions. e-margin tie-break: return the
shorter candidate when the top-two length-norm gap < 0.02. CI conventions are de-
scribed in the supplementary material.

. . POPE
Selector VQAv2t OK-VQA?T TextVQAT MMET MMMU?T halluc. rate]
Greedy (N=1) 78.5 59.2 58.1 1510.5 35.1 10.5
BoN -+ length-norm 79.4 60.8 59.6 1532.8 36.4 9.6
BoON -+ e-margin tie-break 79.1 60.5 59.3 1528.4 36.2 9.8
BoN + anchored selector (ours)  79.7 61.2 60.1 1541.0 36.8 6.2

We also report stability (flip-rate and agreement with original winner; Sec. 3),
AMBER accuracy [36], pairwise win rate vs. runner-up, human preference (forced-
choice on 100 items, 2 annotators, 200 total judgments; supplementary material),
and standard benchmarks (VQAv2 [10], OK-VQA [28], TextVQA [32], MME [7],
MMMU [41]).

5.2 Task utility

Table 1 shows that the anchored selector does not sacrifice standard bench-
mark accuracy. For LLaVA-1.5 7B, all multi-sample selectors operate on identi-
cal pools; greedy (N=1) is shown as a single-output reference. VQAv2 gains are
modest — unsurprising given the fixed pool ceiling.

The e-margin tie-break yields no POPE improvement (9.8% vs. 9.6% for
length-norm). Resolving near-ties alone, however, does not improve factuality:
tie-breaking without changing the scoring function turns out to be insufficient.
The notable result is POPE hallucination: the anchored selector cuts the rate
from 9.6% to 6.2%, a 35% relative reduction on the same candidates.

5.3 Stability under scoring perturbations

Table 2 reports stability under SRP. The baseline BON selector flips its winner
on 41-47% of items (average 44.3%); the anchored selector reduces this to 24—
26% (average 24.9%), and agreement with the original winner rises from 55-60%
to 77-78%.

The e-margin tie-break helps modestly (37.1%), but it does not change how
scores are computed and does not improve factuality (POPE 9.8% vs. 6.2%).
RLAIF-V, a separately aligned model with a standard length-normalized selec-
tor, lands between the baseline and the anchored selector on flip-rate, consis-
tent with training alone being insufficient to match the selector (Sec. 5.5). As a
cost-effectiveness trade-off, the anchored selector reaches 24.9% flip-rate (POPE
6.2%) for an estimated +5-10% end-to-end overhead (not a doubling; Sec. 3),
versus 37.1% for the near-free tie-break and 35.1% for training-only RLAIF-V.
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Table 2: Stability under SRP (averaged across perturbation families). Per-
family breakdown in Fig. 2; full table in supplementary Tab. S3. n=500. CI conventions
are described in the supplementary material.

Flip-rate Agreement with

Model (avg%) | orig. winner (avg%) 1
BoN + length-norm (LLaVA-1.5 7B) 44.3 57.2
BON + e-margin tie-break 37.1 63.2
RLAIF-V 7B (length-norm) [40] 35.1 65.6
Anchored selector (ours) 24.9 77.5

Native light-perturbation bridge — Flip-rate Native light-perturbation bridge — Consistency

Flip-rate (%) 4

Base RLAIF-V DSPA Base RLAIF-V DSPA

Fig. 2: Stability per perturbation family. Left: flip-rate |; right: agreement with the
original winner 1. Bar groups correspond to the compared selectors: length-normalized
baseline, RLAIF-V, and the anchored selector. Within each group, bars correspond to
the three SRP perturbation families. The in-plot label “Native” denotes the dropout
replay family with native score-time 7 and p but dropout-enabled scoring seeds; the
other two bars denote score-time temperature perturbation Ar (£0.05) and score-
time top-p perturbation Ap (40.05). Relative to the length-normalized baseline, the
anchored selector improves the across-family averages by 19.4 pp in flip-rate and 20.3
pp in agreement. Exact per-family values are reported in supplementary Tab. S3.

Looking at individual flip cases, we see three recurring patterns. In some,
the baseline flip is factuality-damaging: the perturbed winner hallucinates. In
others, the anchored selector holds steady under the same perturbation. The
most common pattern, however, is a benign near-tie — both candidates convey
the same information in slightly different words. Representative flip categories
are summarized in supplementary Tab. S1; near-ties account for the majority of
residual instability (Sec. 6).

5.4 Ablation: training-time filters

Table 3 ablates the training filters while keeping the anchored selector. Removing
any one filter causes a moderate increase in judge-estimated object hallucination
(6.2%—6.9-7.6%). Removing all three, however, produces a disproportionate
fourfold jump to 23.6%.
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Table 3: Training-filter ablation (summary). All rows use the anchored selector.
“All three primary filters off” refers to the length-matching, prompt-copy, and object-
existence filters of Sec. 4.2; the optional fourth filter (caption-tail masking) remains
enabled in all rows, as in the full system. Object hallucination rate and overall halluci-
nation rate: judge-estimated (not directly comparable to POPE). Additional single-off
summaries and pool-size comparisons are reported in supplementary Tab. S4.

Object Overall
Setting halluc. rate] halluc. rate]
(judge-est.)  (judge-est.)

AMBER Pairwise Human pref.
accuracy? win ratet (wins/200)1

DSPA (full: filters + anchored selector) 6.2 29.7 81.7 48.2 192
RLAIF-V 7B (anchored selector) 9.6 43.9 80.1 46.8 -
All three primary filters off 23.6 36.6 7.5 45.8 182

This suggests a compounding effect. Without length matching, the model fa-
vors verbose candidates. Verbosity creates more opportunity for prompt copying.
And copying-heavy candidates can mask hallucinated objects that the object-
existence filter would have caught. Once all three filters are gone, the biases feed
off each other. Pool-size ablations (supplementary Tab. S4, block C) tell a con-
sistent story: for DSPA, moving from greedy to N=8 cuts object hallucination
from 10.5% to 6.2%; for RLAIF-V, the drop is smaller (12.1%—9.6%).

5.5 Which constraint drives stability?

Table 4 holds the training procedure constant and varies the selector. We test
sequence-level summation (reintroduces length bias), self-anchoring against the
policy’s own context-free distribution (per-token PMI: the denominator my(y; |
y<¢) drops the image and prompt, so it is well-defined but ignores the visual
input), a co-moving reference that is periodically updated (score magnitudes
drift), and the full anchored selector.

Sequence-level summation brings the flip-rate back to 40.8% — nearly as
bad as the unanchored baseline. Self-anchoring and a co-moving reference fare
somewhat better (35.4% and 33.6%) but are still far from the 24.1% achieved
by the full design. Both constraints matter; neither alone is enough.

5.6 Pool size and length

Varying the pool size N (supplementary Fig. S2) shows that, with the anchored
selector, larger N reduces hallucination and improves the pairwise win rate with-
out inflating response length, whereas the unanchored baseline produces steadily
longer outputs (the length-accumulation bias of Sec. 4.1). This is a quality-vs-
N analysis, not stability-vs-N: because changing N also changes the compute
budget, it falls outside SRP’s same-pool/same-budget boundary, and we restrict
stability claims to the fixed N=8 setting.
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Table 4: Selector constraint ablation. Each row relaxes one constraint of the
anchored selector while keeping training-time filtering fixed. n=200; dropout family
only.

Agreement with

Selector variant Flip-rate | orig. winner 1
Seg-level log-ratio (no per-token avg) 40.8 58.6
Per-token, self-anchored (PMI; context-free denominator) 35.4 64.9
Per-token, co-moving reference 33.6 66.2
Anchored selector (fixed ref + per-token avg, ours) 24.1 78.4

5.7 Generalization

At 13B scale, the anchored selector reduces the average SRP flip-rate from
38.5% to 22.3%, consistent with the 7B results. Applying it to Qwen2.5-VL-7B-
Instruct [34] without architecture-specific tuning reduces judge-estimated object
hallucination from 38.4% to 8.7% (matched-family Qwen2.5-VL-32B-Instruct
judge); the higher Qwen baseline (vs. 9.6% for LLaVA) reflects judge-estimated
rates on open-ended responses, not the binary POPE of Table 1, so the two are
not directly comparable though both reductions are large. We measure SRP flip-
rate directly only on LLaVA (including 13B); the Qwen result is a cross-family
transfer of the wtility gain, not a stability measurement, so taken with the 13B
result it is consistent with the instability arising from how likelihood scores are
computed rather than from a model family — but our cross-family evidence is
for utility, not flip-rate. Full results in supplementary Tab. S6-S7.

5.8 Reference robustness

Does stability depend on the reference checkpoint? On a 200-item subset, swap-
ping to a different-family reference or a union pool leaves flip-rate and agree-
ment within overlapping confidence intervals (all McNemar tests non-significant,
p > 0.5); a stronger reference is slightly better, but on this subset we detect
no significant difference, which bounds rather than establishes equivalence. A
placebo shuffle gives ~50% agreement (the null band), and a delete-k test shows
the selector stays well above null as the pool shrinks (supplementary Fig. S1,
Tab. S2-S3).

6 Discussion

The anchored selector brings the flip-rate from 44.3% down to 24.9%. As noted
in the introduction, roughly 29% of remaining flips involve factually different
answers — a residual risk of about 6-8%. Here we examine those residual flips
in more detail.
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Most remaining flips are harmless. We sampled 500 of the anchored selector’s
flip cases uniformly from all perturbation families (these are individual flips, not
the same as the fixed 500-item SRP evaluation subset from Sec. 5) and had two
independent annotators label each one. A flip case is an (item, perturbation
family) pair where the winner changes; one item can contribute up to three
cases. A flip is semantically equivalent if the two winners convey the same factual
content and differ only in phrasing — “The cat is on the couch” versus “There is
a cat sitting on the couch.” Inter-annotator agreement was £k=0.82 (Cohen’s ).

71% of flips turned out to be semantically equivalent near-ties. Holding the
observed average flip-rate fixed at 24.9%, the 29% factual non-equivalence pro-
portion implies an estimated factual-change probability of roughly 7.2%; the
Wilson 95% CI for that conditional proportion, propagated at the fixed flip-
rate, is 6.3-8.2%. Because a single item can contribute up to three flip cases,
these cases are not fully independent, so this interval should be read as condi-
tional on the point flip-rate rather than as a joint confidence interval; a per-item
cluster bootstrap is left to future work. Annotation protocol and per-category
breakdowns are in the supplementary material.

The remaining ~29% of flips do involve genuinely different answers, typi-
cally when candidates cluster near the decision boundary (score gap < 0.02).
The anchored selector shifts the score-gap distribution toward larger margins
(supplementary App. D), which is why most items are now stable.

Three sources of residual instability stand out: benign near-ties between se-
mantically equivalent candidates (the most common, inflating the metric without
affecting factuality); cross-family references, which compress score margins and
widen the confidence interval; and a hard floor — with all training filters re-
moved, the selector avoids length inflation but cannot conjure factual content
that was never generated.

Limitations. SRP evaluates stability within a specific perturbation neighborhood
— temperature jitters, probability truncation, dropout. A full precision switch
or a major architecture change could behave differently, and we have not tested
those. Our primary experiments use LLaVA-1.5 7B, with a 13B check and cross-
architecture transfer to Qwen2.5-VL-7B-Instruct; we would like to see results
on a wider range of models. The annotation study covers 500 flip cases with
two annotators (k=0.82), which is enough to establish the rough proportion of
benign flips but not enough for fine-grained subcategory analysis. Two evidence
gaps also remain by design. First, we isolate the stability contribution of the
selector (Table 4) but do not separately report flip-rate or winner consistency
for the training-filter ablations of Table 3; we therefore frame the filters as a pool-
factuality mechanism rather than a stability mechanism, and a direct stability
ablation of the filters is left to future work. Second, our stability claims are made
at the fixed N=8 budget; how flip-rate and winner consistency scale with N —
which also changes the compute budget — falls outside the same-pool/same-
budget scope of SRP and we leave it unquantified.
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7 Conclusion

Best-of-N selection is widely used, but its winner is fragile: 41-47% of items
change their selected answer under small scoring perturbations on a fixed pool.
Our audit protocol (SRP) holds pools and compute constant while replaying
controlled perturbations. Scoring against a fixed reference and averaging per to-
ken reduces the average flip-rate to 24.9%, and roughly 71% of what remains
are near-ties that differ only in phrasing. Training-time filtering plays a comple-
mentary role, improving the factual quality of the candidate pool rather than
selection stability.

The SRP stability gain transfers from LLaVA-7B to LLaVA-13B, while the
hallucination-reduction gain transfers to Qwen2.5-VL-7B-Instruct. Both SRP
and the anchored selector are modality-agnostic: the scored input can be an
image—question pair or a text-only prompt, and the selector needs only token
probabilities from a policy and a frozen reference, so any system that selects
among cached candidates can be audited and stabilized the same way. The
training-time filtering is largely transferable as well — length matching and
prompt-copy control apply to any modality — with only the object-existence fil-
ter being vision-specific, replaceable by a task-appropriate factuality or ground-
ing check. We will release the SRP audit scripts, pool manifests, and item-level
outputs at https://github.com/PengfeiZheng-721/DSPA; reference check-
points are available from the author upon reasonable request.
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