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Abstract

Knowledge-based visual question answering
(KB-VQA) lets vision-language systems an-
swer questions that exceed their paramet-
ric knowledge by conditioning a reader on
passages retrieved from a Wikipedia-derived
knowledge base. In pure-text long-context
LLMs, retrieved-context use follows the U-
shaped lost-in-the-middle effect of Liu et al.
(2024): information at the start and end of
context is used, the middle is lost. Whether
this transfers to deployed multimodal KB-VQA
is open. To close this gap, we design the
first controlled probe of reader-side position
dependence in multimodal KB-VQA: a gold-
position protocol in which only the gold pas-
sage’s prompt slot varies within question. We
run it on three open-source 7B/8B VLM readers
and two KB-VQA benchmarks with up to 20 re-
trieved passages. The shape flips from U to pri-
macy: gold-at-first beats gold-at-last by 16 to
26 points on all six combinations of reader and
benchmark, an effect we call Lost at the End,;
the gap holds at every scale we test, 3B to 32B,
attenuating at 32B. Three targeted ablations nar-
row the cause. A text-only control that removes
the image and changes nothing else shows the
primacy is already present in text mode and
does not depend on the image. Image-position
and distractor-shuffle ablations trace the effect
to prompt slot O of the instruction-tuned reader,
where a second answer-bearing passage placed
later is largely wasted. On a frozen reader, three
retrieval-side fixes (MMR, oracle reranking,
rank-based reordering) all fail to improve on
the deployment default. Our findings indicate
that recall@F is the wrong metric for deployed
KB-VQA and that the remaining headroom sits
on the reader side; we release our protocol as a
controlled instrument for evaluating reader-side
interventions.

* Corresponding author.
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1 Introduction

Knowledge-based visual question answering (KB-
VQA) asks fine-grained questions about entities
in an image that no vision-language model reli-
ably memorizes (Lin et al., 2024; Yan and Xie,
2024; Caffagni et al., 2024; Cocchi et al., 2025).
Systems therefore retrieve supporting passages and
pass them to a frozen reader. When the reader is fed
multiple competing passages, whether the system
returns the answer depends not only on whether
retrieval surfaces it but on where that passage sits
in the reader’s context: a passage that helps at the
start of the prompt can be invisible at the end. In a
deployed pipeline routing dozens of candidates per
query through a frozen reader, this position depen-
dence drives system reliability, yet the choices that
optimize retrieval — recall @ targets, larger candi-
date pools — implicitly assume the reader can use
whatever retrieval surfaces. That assumption has
not been characterized for multimodal KB-VQA.
Text-only long-context QA has a well-tested an-
swer: a U-shaped curve in which the middle of the
context is underused (Liu et al., 2024).

Existing multimodal-RAG position-bias work
has not characterized this setting. Yao et al. (2025)
report a U-shaped Position Sensitivity Index of 2
to 11 pp. Their benchmarks span text-only, image-
only and mixed-modality comprehension; ours is
KB-VQA, where the distractors are the wrong pas-
sages a retriever ranked most relevant. Hu et al.
(2025) observe qualitatively that LVLMs priori-
tize early candidates on the benchmarks we use,
and route around it with a top-1-only pipeline.
Without controlled measurement at deployed scale,
three basic questions are unanswered: is the U-
shape the right model for multimodal RAG, or is
the shape different? What drives the position ef-
fect, given that image proximity, retrieval similarity
and prompt position are confounded in a standard
pipeline? And do the obvious retrieval-side re-
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sponses recover the loss?

To answer these questions, we design a gold-
position protocol! (§3) that holds everything bit-
identical within question except the gold passage’s
prompt slot. Any accuracy difference must there-
fore come from position, and the prompts pair
question-by-question for an exact bootstrap. We
run it at the scale a deployed pipeline produces
(top-50 PreFLMR ViT-G (Lin et al., 2024) dis-
tractors, k up to 20, frozen instruction-tuned read-
ers with no test-time fine-tuning) on three open-
source 7B/8B VLM readers (Qwen2.5-VL-7B (Bai
et al., 2025b), InternVL3-8B (Zhu et al., 2025),
Qwen3-VL-8B (Bai et al., 2025a)) and two KB-
VQA benchmarks (INFOSEEK (Chen et al., 2023),
E-VQA (Mensink et al., 2023)).

Running this protocol yields four findings. The
shape is primacy, not U (§4.1). We use pri-
macy bias for the reader’s systematic preference
for evidence early in its prompt over otherwise-
identical evidence at later positions: gold-at-first
beats gold-at-last by 16 to 26 pp on all six reader-
by-benchmark cells — three readers times two
benchmarks — with no recency rebound on five
of six, and the gap holds across an order of mag-
nitude of reader scale, from 3B to 32B parameters.
Three ablations then locate the cause. The effect
is a text-side property of the reader (§4.2): remov-
ing the image and changing nothing else does not
shrink the gap, so primacy is not introduced by
multimodal conditioning. Primacy is anchored at
prompt slot 0 of the instruction-tuned reader (§4.3):
image-position and distractor-shuffle ablations rule
out image-token proximity and retrieval similarity
as primary drivers, and a multi-gold experiment
shows that a second answer-bearing passage placed
later contributes little once slot 0 already holds one.
The obvious retrieval-side fixes do not help (§4.4):
MMR diversification, oracle reranking, and rank-
based distractor reordering all fail to improve on
the deployment default. Together these answers
indicate that recall @k is the wrong metric for de-
ployed KB-VQA and that the remaining headroom
sits on the reader side; we discuss what this implies
for the design space of multimodal RAG in §4.5.

2 Related Work

Position bias in text LLMs. The lost-in-the-
middle U-shape of Liu et al. (2024) established that

!Code and protocol: https://github.com/
WeMWish/lost_at_the_end_code

position dependence is a property of long-context
reading, with follow-ups attributing it to attention-
bias asymmetry (Hsieh et al., 2024), showing di-
rection varies by model family (Hutter et al., 2025),
and reporting that Qwen-2.5 7B exhibits stronger
positional bias than the Llama-3 family in pure-
text RAG (Cuconasu et al., 2025). Our pattern
is primacy-dominant, contrasting with Liu et al.
(2024)’s U-shape at 13B+ and reported recency at
7B; we are partially consistent with their recency
component on one of six cells (Qwen3-VL-8B x E-
VQA; §4.1), with no recency rebound on the other
five. None of these works extend to multimodal
readers, where image conditioning adds an axis
of confound and KB-scale retrieval changes the
distractor distribution; whether the U-shape trans-
fers, persists in a different shape, or fails entirely
in multimodal KB-VQA is the question we answer.
Multimodal position bias. Several characteriza-
tions exist for the multimodal setting, none in de-
ployed KB-VQA. Tan et al. (2024) and Tian et al.
(2025) report order sensitivity in multimodal LLMs
but outside KB-grounded reading; the text-side an-
cestor is Lu et al. (2022), who found that reorder-
ing the examples in a prompt can move accuracy
from near-chance to near state-of-the-art. Yao et al.
(2025) report a U-shaped Position Sensitivity In-
dex of 2 to 11 pp across MS-MARCO, ChartQA,
and VEGA at 2 to 19 distractors, a text-only, an
image-only, and a mixed-modality benchmark; we
differ in setting (deployed KB-VQA), distractor
configuration (9 deterministic top-50 distractors
at controlled positions), and statistical methodol-
ogy (paired-bootstrap confidence intervals, not a
single point estimate). Hu et al. (2025) note quali-
tatively that LVLMs prioritize early candidates on
the same KB-VQA benchmarks we use and moti-
vate a top-1-only generation pipeline; we differ in
design intent, measuring the effect and locating its
mechanism instead of routing around it. Wu and
Albreiki (2026) concurrently characterize position
bias on the retriever side, a separate question from
the reader-side effect we study. Closest in spirit
is Wang et al. (2024), whose MM-NIAH bench-
mark inserts synthetic text and image content into
long real interleaved documents and tests whether
the model can find it, reporting that a lost-in-the-
middle pattern is present in MLLMs. We differ in
what supplies the context and in what varies. They
insert synthetic content into real documents and
vary its depth and the document’s length. Ours
is the actual top-50 output of a strong KB-VQA
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retriever, and we vary only the gold passage’s po-
sition, with distractor identity and ordering held
bit-identical within question. The two are comple-
mentary, and their setting is a natural next place to
run our protocol (Limitations).

3 Probing Protocol

The probe builds on a standard frozen KB-VQA
pipeline (Figure 1): a multi-vector retriever pro-
duces top-50 candidate passages from a fixed
knowledge base, and a vision-language reader gen-
erates an answer from the image, the question, and
a k-passage subset of those candidates. No com-
ponent is fine-tuned. Three commitments shape
the design choices below: the reader’s response to
gold position must be isolated from retrieval rank,
distractor identity, image conditioning and scoring
noise; every effect must hold at deployment scale;
and every measurement must be cross-replicable
across reader families, benchmarks, and the scoring
matchers a deployer might apply.
Deployment-scale instantiation. We evaluate on
the two canonical knowledge-based VQA bench-
marks: INFOSEEK (Chen et al., 2023), with a 98K-
passage knowledge base, and E-VQA (Mensink
et al., 2023), with a 51K-passage knowledge base,
both drawn from the M2KR release (Lin et al.,
2024). From each we draw a seed-locked subset
of 500 question ids; INFOSEEK contributes 496
after excluding four questions with too few distrac-
tors, E-VQA contributes 500. These knowledge
bases are Wikipedia-derived and contain tens of
thousands of passages; we scope our claims to that
regime and do not extrapolate to corpora orders of
magnitude larger. Retrieval uses PreFLMR ViT-
G (Lin et al., 2024), a multi-vector ColBERT-style
retriever (Khattab and Zaharia, 2020) that reports
state-of-the-art results on M2KR; we take its top-
50 candidates per query. The three readers are
Qwen2.5-VL-7B (Bai et al., 2025b), InternVL3-
8B (Zhu et al., 2025), and Qwen3-VL-8B (Bai
et al., 2025a), run frozen and decoded greedily with
a short-answer length limit, all sharing the same
fixed system prompt and numbered passage block
(App. U). Precision, library versions and compute
are documented in App. V.

Within-question position protocol. The probe it-
self is a within-question paired design. For each
question we construct three k-passage prompts that
are bit-identical except for the index of the gold
passage: it occupies slot O in the first cell, slot

| (k—1)/2] in the middle cell, and slot k — 1 in the
last cell. The other k — 1 slots are filled with dis-
tractors that are identical in identity and ordering
across the three cells per question (App. S). Each
question therefore yields an exactly matched set
of first, middle, and last results, which is what the
paired bootstrap resamples. The gold passage is
the highest-ranked positive in the PreFLMR ViT-
G top-50; when no top-50 candidate is positive,
we fall back to the dataset’s first-listed positive for
that question (the case for 142 of the 496 INFOS-
EEK questions; we report a fallback-gold sensitiv-
ity analysis in App. E). The distractor pool is the
remaining top-50 non-positives: the hardest, topi-
cally near-gold negatives a strong retriever would
surface in deployment.

Scoring and statistics. For INFOSEEK we port
the evaluation code released alongside Chen et al.
(2023) by its first author, which the benchmark
repository links but labels community-contributed.
E-VQA does have a specified metric: Mensink
et al. (2023) define evaluation in terms of BEM (Bu-
lian et al., 2022), a learned answer-equivalence
model, and the M2KR downstream setup of Lin
et al. (2024) adopts the same choice. What the
M2KR release we consume does not ship is a scorer
implementation or a BEM checkpoint. We there-
fore report three lexical matchers (normalized sub-
string, word-boundary, exact equality), treat sub-
string as canonical, and give sensitivity in App. D;
both E-VQA verdicts we re-score hold under all
three. Lexical matching is stricter than a learned
equivalence model, so our gaps are conservative:
relaxing INFOSEEK scoring to lenient containment
widens the gap (App. D). Our text-only NQ-Open
control runs (App. M, App. O) use Liu et al.’s re-
leased scoring code on a seed-locked sample of
500 of their 2,655 paragraph-answer queries. Per-
cell accuracy uses Wilson 95% intervals; between-
cell deltas use a paired bootstrap (B=10,000, fixed
seed), and a delta is separable when its interval ex-
cludes zero. Effect-size verdicts come from a five-
way classifier whose numeric bands were fixed in a
pre-registration note before each experiment it cov-
ers (App. C). Our subsets match the full released
splits on all gated covariates (App. B).

43432



PreFLMR retriever
(frozen)

s N\
=)
“ R

Top-50 candidates

]_

(A four-engine Boeing 707,
“Gulf Falcon” livery, parked
on tarmac)

middle

Question: Who is the last
developer of this aircraft?

r
i only gold’s index varies

|
-  HOODODEDEn
DoooADnnEn
GLELELELEE

H gold (relevant passage)

Reader — answer (first)

— answer (middle)

Qwen2.5-VL-7B
| Qwen3-VL-8B

InternVL3-8B

— answer (last)

n distractor (non-relevant passage)

Figure 1: Pipeline and position-permutation protocol. The image and question are encoded by a frozen PreFLMR
ViT-G retriever, which returns 50 candidate passages. From these we construct three 10-passage prompts that
are bit-identical except for the index of the gold passage g (red): first (index 0), middle (index 4), last (index

9). Nine distractors d, . . .,

dg (grey) are identical across cells per question. A frozen reader (Qwen2.5-VL-7B,

InternVL3-8B, or Qwen3-VL-8B) generates one answer per cell.

4 Experiments

4.1 Primacy, Not U-Shape

Finding 1: Primacy, not U-shape

Gold-at-first beats gold-at-last by 16 to 26 pp on
all six combinations of reader and benchmark;
middle and last sit close together, far below
first. The shape is primacy-dominant, not the U
reported for text-only long-context LLMs.

We first establish the effect on Qwen2.5-VL-7B

reading top-10 INFOSEEK passages, varying only
the gold passage’s slot among first, middle, and last
(Figure 1). Accuracy drops sharply with gold posi-
tion: 45.2% at first, 32.3% at middle, 28.6% at last
(n=496; Wilson CIs as error bars in Figure 2). The
first-vs-last gap of 4+16.5 pp serves as the compara-
tor anchor below. Restricting to the 354 questions
with a gold in the PreFLMR ViT-G top-50 raises
absolute accuracy by 2.9 to 4.1 pp across the three
k=10 cells (and by at most 5.2 pp across the full
k-sweep) but preserves the shape (App. E).
Shape across k£ on all six cells. Figure 2
sweeps k € {1,3,5,10,20} on all six reader-by-
benchmark combinations. At k=1 all three condi-
tions are the same prompt (50-72%; Table 7): even
with gold alone the reader is the binding constraint.
As k grows every panel separates the same way —
first decays gracefully while middle and last drop
steeply and collapse together below it. We state the
pattern as “first > middle ~ last” rather than the
stricter “first > middle > last” because the middle-
vs-last ordering is reader- and dataset-specific and
can flip within CI noise (App. L, App. N). The first-
vs-last gap stays large and same-signed on all six.
No recency rebound appears at k=20 on five of six
cells; the sixth is the exception discussed next.

The one exception: a sign reversal on Qwen3-
VL-8B x E-VQA. On this single panel, last sits
above middle — by 3.0 pp at k=10 and 5.2 pp at
k=20, both separable (App. N). The reader is not
simply recency-biased: in text-only NQ-Open it
shows the opposite tail (middle > last by 3.6 pp,
separably; App. O). We do not commit to a mech-
anism; candidates include Qwen3-VL-8B’s archi-
tecture (DeepStack encoder, interleaved-MRoPE,
longer pretraining context) and E-VQA’s longer
answer surface. The first-vs-last gap here remains
large (+18.2 pp at k=10 and +20.4 pp at k=20),
so the reversal sits on top of the primacy story
rather than in place of it, and it is partially consis-
tent with the recency component Liu et al. (2024)
report at text-LLM scale.

Cross-cell generalization. Table 2 reports the
first/middle/last protocol at k=10 on all six reader-
by-benchmark combinations. Every first-vs-last
delta is large, same-signed, and separable from
zero, ranging from +16.1 pp (Qwen3-VL-8B IN-
FOSEEK) to +26.4 pp (Qwen2.5-VL-7B E-VQA);
all six fall within a factor of two of the anchor
(App. C). The two largest are Qwen2.5-VL-7B and
InternVL3-8B on E-VQA (1.6 and 1.4x). Exact-
match scoring brings both within 3 pp of the anchor
(App. D), so E-VQA'’s free-form answers widen
them through our substring matcher.

Scale: the gap holds from 3B to 32B, but attenu-
ates at 32B. Reader capacity is the obvious alterna-
tive explanation — a stronger reader might simply
use late evidence better. We hold the protocol fixed
and swap only the reader, adding Qwen2.5-VL-
3B and Qwen2.5-VL-32B on INFOSEEK at k=10
(Table 1). The gap is separable at every scale but
does not shrink steadily with it: +14.5 pp at 3B,
+16.5 pp at 7B, 4+10.5 pp at 32B. The 32B gap
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Figure 2: Position effect across & on six reader xbenchmark cells. Top row: INFOSEEK (Qwen2.5-VL-7B,
InternVL3-8B, Qwen3-VL-8B, left to right); bottom row: E-VQA (same column ordering). First decays gracefully
on all six panels; middle and last drop steeply and collapse together below it. The middle-vs-last ordering on
Qwen3-VL-8B E-VQA separably inverts at higher k£ (last > middle by 5.2 pp at k=20, paired-bootstrap CI
[+2.6, 48.0)); the other five panels show no recency rebound at k=20. Error bars are Wilson 95% Cls.

sits separably below the 7B anchor (paired gap-
of-gaps —6.05 pp [—10.28, —2.01]), whereas 3B-
vs-7B is not separable (—2.02 pp [—6.25, +2.22]),
so we claim attenuation only at 32B. The 32B
reader is more accurate at every position, but it
gains +8.3 and +8.7 pp at middle and last against
only +2.6 pp at first: scale helps the later slots
more than the first, narrowing the gap without clos-
ing it. The failure signature of §4.3 is unchanged:
distractor-lift errors (answers taken from a distrac-
tor rather than the gold) still grow with gold po-
sition (20.8 — 37.6 — 41.8%) and the chosen
distractor still sits at median PreFLMR ViT-G rank
1-2. Scale is therefore a partial and expensive miti-
gation, not a fix. The 32B row is INFOSEEK-only:
the matching E-VQA run reached 77.4 GB of peak
allocation against the 75 GB ceiling we set on an
80 GB H100 and was aborted after 50 of 1,500
prompts. We declined to quantize or reduce image
resolution, since either would introduce a precision
confound absent from every other cell, so we report
the 32B result on one benchmark.

Robustness. The re-scored E-VQA verdicts hold
under the word-boundary and strict-equality match-
ers; excluding fallback-gold rows shifts deltas by
at most 1.83 pp; multi-answer scoring flips zero
rows. Vanilla PreFLMR ViT-G top-10 (no gold in-
jection) gives 43.0% E-VQA /29.8% INFOSEEK

Table 1: Reader scale on INFOSEEK at k=10
(n=496). Protocol identical across rows; only the reader
changes. Accuracies in %, A in unrounded pp with
paired-bootstrap 95% Cls. Gap-of-gaps against the 7B
anchor is —2.02 (—6.25, +2.22) at 3B (not separable)
and —6.05 (—10.28, —2.01) at 32B (separable).

Reader first middle last A(first—last)
Qwen2.5-VL-3B 40.7 26.6 262 +14.5(+10.9,+18.1)
Qwen2.5-VL-7B (anchor) 45.2 323 28.6 +16.5 (+12.7,+20.6)
Qwen2.5-VL-32B 47.8 40.5 37.3 +410.5 (+7.5,+13.9)

for Qwen2.5-VL-7B, in range of published M2KR
systems.

Insight 1: Distribute training answers across
positions

VLM instruction-tuning corpora should include
multi-passage retrieval examples with gold an-
swers spread across all positions, not concen-
trated in the single-passage or top-1 format that
dominates current recipes (Liu et al., 2023; Dai
et al., 2023).
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Table 2: Cross-benchmark generalization of the first-
vs-last position effect at £k=10. Paired-bootstrap 95%
ClIs use 10,000 resamples and a fixed seed; all six deltas
fall in the same-magnitude band against the anchor. Per-
cell accuracies are rounded to 1 dp; A is computed from
unrounded values and may differ from displayed-value
subtraction by up to 0.1 pp.

Reader Benchmark first (%) last (%) A (pp) 95%CI ratio
Qwen2.5-VL-7B INFOSEEK (n=496) 452 286 +16.5 (+12.7,+20.6) 1.00x (anchor)
Qwen2.5-VL-7B  E-VQA (n=500) 63.2 36.8  +26.4 (+22.2,430.6) 1.60x
InternVL3-8B  INFOSEEK (n=496)  40.1 222 4179 (+14.1,+22.0) 1.09x
InternVL3-8B E-VQA (n=499) 59.1 359 4232 (+19.0,+27.5) 1.41x
Qwen3-VL-8B  INFOSEEK (n=496) 51.6 355  +16.1 (+12.5,420.0) 0.98x
Qwen3-VL-8B  E-VQA (n=500) 65.6 474 4182 (+14.2,+22.2) 1.10x

4.2 Primacy Is a Text-Side Property

Finding 2: Removing the image does not

shrink the gap

On matched KB-VQA data with only the im-
age removed, the first-vs-last gap is at least as
large as in the multimodal setting on all three
reader-by-benchmark cells tested. Primacy is
a property of the reader’s text-position prior;
multimodal conditioning does not introduce it.

How much of the multimodal effect is inher-
ited from the reader’s underlying text-mode be-
havior? A text-only ablation on a different corpus
cannot answer this: it varies corpus and modal-
ity together, leaving the difference unattributable
to either. We therefore hold the corpus fixed and
vary only whether the reader receives the image. A
cross-corpus amplification claim made in an earlier
version is withdrawn for this reason (Limitations).
Matched-corpus control. We re-run three reader-
by-benchmark cells holding everything fixed ex-
cept whether the reader receives the image: same
M2KR questions, same gold passage, same distrac-
tors in the same slots, same decoding, same scorer.
Prompts are bit-identical to the multimodal runs
minus the image block, and no retrieval is repeated.
Removing the image does not shrink the first-vs-
last gap on any cell; the point estimate grows on all
three (Table 3).

The direction is consistent; the interaction sep-
arates on one cell of three. We test the dif-
ference of gaps directly, resampling questions
jointly across all four conditions. It is separable
only for Qwen2.5-VL-7B x INFOSEEK (+6.05
pp [+1.81,+10.28]); Qwen2.5-VL-7B x E-VQA
(4+3.40 [—0.80, +7.60]) and InternVL3-8B x IN-
FOSEEK (+1.21 [-3.02,+5.44]) straddle zero.
This supports the claim that primacy does not de-
pend on the image. The stronger claim that the
image dampens primacy would require the interac-

Table 3: Matched-corpus text-only control. Same
questions, same gold passage, same distractors in
the same slots, same decoding and same scorer; the
only change is whether the reader receives the im-
age. Per-cell accuracies in %; A in unrounded pp.
Removing the image does not shrink the gap on any
cell. The paired-bootstrap difference between the two
gaps, computed over the shared question set, is +-6.05
(+1.81,+10.28) for Qwen2.5-VL-7B x INFOSEEK,
+3.40 (—0.80, +7.60) for Qwen2.5-VL-7B x E-VQA,
and +1.21 (—3.02, +5.44) for InternVL3-8B x INFOS-
EEK: same-signed on all three cells, separable on one.

Reader x Benchmark Image first middle last Af(first—last)

Qwen2.5-VL-7B x INFOSEEK (n=496) yes 452 323 286 +16.5
no 41.1 17.1 18.5 +22.6 (+18.5,+26.6)

Qwen2.5-VL-7B x E-VQA (n=500) yes 63.2 38.6 368 +26.4
no 66.0 36.6 36.2 +29.8 (+25.4,+34.2)

InternVL3-8B X INFOSEEK (n=496) yes 40.1 238 222 +17.9
no 37.1 17.1 179 +19.2 (+15.5,+23.0)

tion to separate on more than one cell.

Where the image acts. On Qwen2.5-VL-7B x IN-
FOSEEK the cost of removing the image falls very
unevenly across positions — middle loses 15.12
pp and last 10.08 pp, against only 4.03 pp at first
— and the image-at-end ablation of §4.3 breaks a
near-subset of the very same questions, suggest-
ing the two manipulations are graded doses of one
mechanism in which visual grounding partly pro-
tects evidence outside slot 0. This is an INFOS-
EEK-specific hypothesis, not an established cause:
on E-VQA every per-position difference straddles
zero. Full per-position intervals and the row-level
overlap statistics are in App. H.

Primacy is present in a different corpus too. All
three readers also show first-vs-last primacy on the
NQ-Open text-only protocol (47.4, +5.2, +6.4
pp; App- M, App. O), evidence that the effect is not
an artifact of one corpus.

Scope and reader-family direction. Primacy
is not a multimodal-RAG artifact in these read-
ers. Position-bias direction at the 7B—8B scale
is nonetheless reader-family-specific: Liu et al.
(2024) report Llama-2-7B as solely recency-biased
on the same NQ protocol, while all three readers
we test are primacy-biased, and Cuconasu et al.
(2025) independently report that Qwen-2.5 7B ex-
hibits strong positional bias in text RAG. We there-
fore scope the text-side claim to the open-source
instruction-tuned VLM families we tested; whether
it holds for Llama-3-based VLMs or proprietary
models is open (Limitations).
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Insight 2: Mitigate on the text side, not the

vision side

The gap survives with no visual input and an-
chors on a text slot, so mitigation should target
the reader’s text-position prior, not the multi-
modal interface. Position-aware fine-tuning,
data rebalancing and attention calibration de-
veloped against text-LLM primacy (Hsieh et al.,
2024; Xiao et al., 2024) are the direct candidates
to transfer.

4.3 Primacy Is Anchored at Prompt Slot 0

Finding 3: Anchored at prompt slot 0

Primacy is anchored at prompt slot 0 of the
instruction-tuned reader. Two ablations rule
out image-token proximity and retrieval simi-
larity as primary drivers, and a multi-gold test
shows evidence placed after slot O is largely
wasted. The underlying mechanism (Su et al.,
2024; Press et al., 2022; Xiao et al., 2024) re-
mains open (Limitations).

What is the reader doing wrong at later gold po-
sitions, and which axis drives it? A typical INFOS-
EEK case: asked who operates Dresden Hauptbahn-
hof with gold at slot 9, the reader returns a Munich
U-Bahn operator, lifted from the PreFLMR ViT-G
rank-1 distractor about Munich (further samples
ship with the code; App. T). The pattern is general

— when the reader is wrong, its answer is most of-
ten substring-present in whichever passage sits at
slot O or 1.

Failure-bucket diagnostic. We bucket every er-
ror in the anchor cells by string-relationship to the
prompted passages: extraction-failed (prediction
in gold only), distractor-lift (in a distractor but
not gold), ambiguous (both), hallucinated (neither).
Distractor-lift grows monotonically with gold po-
sition (30.1 — 53.3 — 56.5%) while extraction-
failed drops (36.4 — 17.9 — 13.8%), the other
two buckets staying roughly constant (App. F): the
modal failure flips from “did not use the right pas-
sage” to “used a wrong passage instead.” Among
distractor-lift rows the chosen distractor’s median
PreFLMR ViT-G rank is < 1 in every cell, which
under rank-order placement means the first or sec-
ond distractor slot. Two readings fit: a position
story (the reader locks onto slot 0) and a similarity
story (it locks onto rank-1 wherever placed). The
next two ablations rule out proximity and similarity
in turn.

Image-at-end ablation rejects proximity as pri-

Table 4: Distractor-shuffle cross-tabulation. In dis-
sociable cells B+C, slot-0 selection runs well above
the 1/9 chance baseline while rank-1 selection sits at
chance. Mechanism replicates on E-VQA.

Cell rank-1at  n (dl) slot 0 rank 1
Qwen2.5-VL-7B x INFOSEEK (n=496)

A (rank-order) slot O 199 0.558 0.558
B (reverse) slot 8 190 0.384 0.037
C (shuffle) random 208 0.466 0.188
B+C mean 0.425@3.83x) 0.1121.01x)
Qwen2.5-VL-7B x E-VQA (n=500)

A (rank-order) slot O 213 0.601 0.601
B (reverse) slot 8 217 0.521 0.055
C (shuffle) random 197 0.462 0.168
B+C mean 0.491 4.42x)  0.111 (1.00%)

mary. If image-token proximity to early passages
drove primacy, moving the image after the pas-
sage block should shrink or invert the gap. Pre-
registered rule: a delta at or above 0.75x the an-
chor rejects proximity. Result on the anchor cell
(n=496): first-vs-last +18.55 pp, 1.12x the an-
chor. Proximity is therefore not the primary driver.
A post-hoc middle-vs-last sign flip does emerge —
A(middle—Ilast) inverts from +3.6 to —3.6 pp, sep-
arably (App. I) — so proximity plays a secondary
modulating role on adjacent slots.
Distractor-shuffle ablation rejects similarity.
The position- and similarity-anchoring readings
are confounded in the default protocol because
the rank-1 distractor sits at slot 0. We dissociate
them with a controlled shuffle on the gold-at-last
cell (n=496, INFOSEEK, Qwen2.5-VL-7B): Cell
A (rank-order baseline; rank-1 at slot 0), Cell B
(reverse-rank; rank-1 at slot 8, rank-9 at slot 0),
Cell C (per-question shuffle; rank-1 at a random
slot). Table 4 and Figure 5 cross-tabulate distractor-
lift errors by (i) which slot’s passage was chosen
and (ii) that passage’s PreFLMR rank. In the disso-
ciable cells B and C, slot-0 selection runs at 3.83 x
chance (1/9) while rank-1 selection runs at 1.01 x
(App. J). Cell B is decisive: with the least-similar
(rank-9) distractor at slot 0, the reader picks it 73
times; with the most-similar (rank-1) distractor at
slot 8, it picks just 7. The reader follows the slot,
not the similarity.

The mechanism replicates on E-VQA (Table 4,
lower panel): slot-0 selection runs at 4.42x base-
line while rank-1 sits at exactly 1.00x. On neither
benchmark does any shuffle variant separably im-
prove on the deployment default (App. P), so this
is a mechanism result, not a recommended inter-
vention.

Slot-0 privilege, not decay toward the end. “Lost
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at the end” and “slot O is privileged” predict the
same first-vs-last gap but differ on what a second
correct passage is worth. We separate them with
a pre-registered multi-gold experiment on the 240
INFOSEEK questions having at least two top-50
positives that both contain the answer (rules and
thresholds fixed before execution; App. A). Six
cells place golds at slots {0}, {4}, {9}, {0,9},
{4,9}, {0, 4}, with the remaining slots filled from
the same ranked distractor list; since k=10 is fixed,
a two-gold cell holds eight of the nine distractors
used in the one-gold cells (Table 5). A second
gold at slot 9 is worth +2.92 pp [—0.42, +6.25]
when slot 0 already holds one (C4—C1) — not
separable — and +4.17 pp [+1.25, +7.50] when
the first gold sits at slot 4 instead (C5—C2). The
pre-registered contrast C5—C3 gives +7.08 pp
[+3.33,+10.83], which also promotes the first
gold from slot 9 to slot 4. One gold at slot O also
beats two at {4,9} by +9.17 pp [+4.17, +14.58].
The registered rule ordered C4—C1 below C5—C3,
which holds and is robust (McNemar p=0.14 vs
p=0.0002); a post-hoc test of their difference gives
+4.17 pp [+0.42,48.33], which we flag as frag-
ile rather than headline, since p =~ 0.04, its lower
bound sits one question above zero, and it fails a
two-test Bonferroni adjustment. We report the null
as a bound, not a zero: with a minimum detectable
effect of 4.83 pp at n=240, a later redundant gold
contributes under 6.25 pp against a +16.25 pp gap
on the same questions. Failure buckets agree — a
gold at slot O cuts distractor-lift from 85 errors to
22 — and of the 129 correct answers under golds at
{0, 9}, only 6 are uniquely attributable to the slot-9
passage. We therefore adopt the slot-O framing: the
reader privileges the first passage slot, and what
follows is under-used whether it is a distractor or a
second copy of the answer.

What this experiment does not show. The two
golds are nearly always different chunks of one
Wikipedia article (240 of 240 share a title; me-
dian content token-Jaccard 0.16; two pairs are byte-
identical, App. G), the M2KR INFOSEEK split sup-
plies pseudo-gold passages rather than curated ora-
cles, and E-VQA as distributed in M2KR has no
multi-positive questions at all. This tests positional
privilege under redundant evidence, not multi-hop
reasoning where two distinct passages must be com-
bined; App. G gives the full construction and its
caveats.

Table 5: Multi-gold cells (Qwen2.5-VL-7B x INFOS-
EEK, k=10, n=240, pre-registered). Each cell places
one or two answer-bearing gold passages at the listed
slots; the remaining slots are filled from the same ranked
distractor list, so a two-gold cell holds eight of the nine
distractors used in the one-gold cells. A second gold
separably helps only when slot O is not already gold.
Construction and caveats: App. G.

Cell golds @ acc(%) Cell golds @ acc (%)
c1 {0} 508 C4 {0,9} 53.8
c2 {4} 375 C5  {4,9} 41.7
c3 {9} 346 Co6 {0,4} 51.3

Insight 3: Rerank for rank 1, not recall@k

Reranker training should explicitly reward plac-
ing the correct passage at rank 1 and penalize
placing it anywhere else; recall@k objectives
reward the wrong target here, since a frozen
reader privileges slot 0.

4.4 Retrieval-Side Fixes Don’t Help

Finding 4: Retrieval-side fixes don’t help on
a frozen reader

MMR diversification, oracle reranking, and
rank-based distractor reordering all fail to im-
prove on the deployment default within paired-
bootstrap CIs. With the slot-0 anchoring of §4.3,
recall@k is the wrong metric for deployed KB-
VQA.

All three act only on what the reader sees: diver-
sification of the retrieved set, reranking that pushes
gold toward the start of the context, and reordering
of the distractors themselves. We focus on training-
free retrieval-side interventions because they are
the cheapest to deploy and align with the design
space surveyed by Hu et al. (2025). Reader-side
interventions are out of scope for a frozen-reader
paper but are natural next steps.

MMR diversification does not help. We replace
top-k PreFLMR ViT-G retrieval with MMR (Car-
bonell and Goldstein, 1998) over the top-50
PreFLMR ViT-G candidates, sweeping A €
{0.3,0.5,0.7} at k € {5,10} (six cells, INFOS-
EEK, Qwen2.5-VL-7B). The pre-registered KILL
rule — registered separately from the five-way clas-
sifier of App. C — abandons the intervention if the
best MMR gain over vanilla is under 1 pp at every
(k,A). The maximum point gain is +1.00 pp, at
the threshold rather than under it, and every paired-
bootstrap CI on A(MMR — vanilla) overlaps zero;
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Figure 8 in App. R shows the flat curves.

Oracle reranking does not separably help. On
the gold-in-top-10 subset (n=254) we compare na-
tive (gold at its natural PreFLMR ViT-G rank), first
(forced to index 0) and last (index 9): accuracies
47.64%, 50.79%, 42.13%. First-vs-native is +3.15
pp, directionally positive but not separable at this
sample size; last-vs-native is —5.51 pp, separable
on the negative side. We read this as suggestive
of asymmetry rather than a characterized result
— the promotion side is underpowered at n=254
(App. Q).

Rank-based reordering does not help either. Re-
versing the distractor ranking against the rank-order
deployment default (Cells B and A of §4.3) gives
+2.42 pp [-0.60, +5.65] on INFOSEEK and —3.20
pp [—6.60,40.00] on E-VQA; neither is separable

(App. P).

Insight 4: Invest in reader-side fixes, not
more retrieval

Engineering investment should shift from re-
trieval (larger pools, diversification, reordering)
to reader-side training and inference-time in-
tervention; no retrieval-side variant we tried
improved on the deployment default.

4.5 What Reader-Side Mitigation Would Look
Like

Our results are diagnostic, so a fair question is what
a practitioner should do with them. We propose no
method, but the measurements constrain the design
space enough to name three directions.

Text-side calibration. The most actionable conse-
quence of §4.2 is negative: interventions aimed at
the image encoder or the vision—language projec-
tion target the wrong component. The transferable
candidates are those developed against text-LLM
positional bias — attention calibration that rescales
per-passage attention by position-debiased rele-
vance (Hsieh et al., 2024), and the attention-sink ac-
count of early-token dominance (Xiao et al., 2024)
— both inference-time and reader-internal, match-
ing where we locate the effect. Rank-1 reranking
objectives. §4.3 quantifies how little a correct pas-
sage is worth outside the front slot: with a gold
already at slot 0, a second answer-bearing gold at
slot 9 adds under 6.25 pp against a +16.25 pp gap.
An objective rewarding gold anywhere in the top &k
optimizes a quantity the reader largely ignores; list-
wise permutation-aware ranking (Tang et al., 2024)
and attention-based rerankers (Chen et al., 2025)

already operate on whole orderings rather than on
passages in isolation. Scale as a partial, costly
mitigation. Going from 7B to 32B shrinks the gap
by 6.05 pp but leaves it separable, leaves the failure
signature intact, and at k=10 on E-VQA exceeded
our memory ceiling on a single 80 GB accelerator.
Why the protocol is the contribution. Each di-
rection is a hypothesis our probe can adjudicate,
because the gold-position design supplies what an
aggregate benchmark cannot: a within-question
paired contrast whose only difference is a permuta-
tion, so an intervention’s effect on position depen-
dence is measured directly rather than inferred from
an accuracy delta that also moves with retrieval
quality. Concurrently, Jung and Wang (2026) pro-
pose exactly the text-side calibration above. We
have not evaluated it and make no priority claim,
but it is the natural first candidate to run through
the protocol we release.

5 Conclusion

This paper provides the first controlled probe of
reader-side position dependence in deployed multi-
modal KB-VQA. Across three open-source 7B/8B
readers on two benchmarks, and five models from
3B to 32B, the shape is primacy, not U; the effect
survives removing the image on matched data, mak-
ing it a text-side property of the reader; primacy is
anchored at prompt slot O, to the point that a sec-
ond answer-bearing passage placed later is largely
wasted; and three training-free retrieval-side inter-
ventions fail to improve on the deployment default.
Scale attenuates the gap at 32B without closing it or
changing its signature. The practical consequence
is that recall@k measures something the reader
largely ignores, and the remaining headroom sits
on the reader side. We release the protocol as a
controlled instrument for evaluating any candidate
reader-side or training-time intervention.
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Limitations

Scope of empirical claims. Our findings hold
within:  open-source instruction-tuned VLMs
from 3B to 32B (Qwen2.5-VL-7B, InternVL3-
8B, Qwen3-VL-8B, plus Qwen2.5-VL-3B and
Qwen2.5-VL-32B on INFOSEEK); contexts at
k < 20; English KB-VQA over Wikipedia-derived
bases of 10° passages; greedy decoding; one image
per question. We do not claim proprietary VLMs
(e.g. GPT-4V (OpenAl, 2023)) or other prompt for-
mats would behave the same; Tian et al. (2025) and
Yao et al. (2025) both report proprietary-vs-open-
source differences. Our readers span three families,
and Cuconasu et al. (2025) report that Qwen-2.5
7B is more positionally biased than Llama-3 in text
RAG, so family plausibly matters; Llama-3-based
VLMs are untested here. The no-recency-rebound
claim holds on five of six k=20 cells, the sixth be-
ing the Qwen3-VL-8B x E-VQA reversal reported
in §4.1, for which we commit to no mechanism.
One task family, and a modest context budget.
Both benchmarks are single-image KB-VQA over
Wikipedia-derived text, and neither requires com-
bining two distinct passages. So we cannot separate
retrieved from parametric knowledge — for well-
covered entities a reader may not use the context
at all, which would attenuate rather than manufac-
ture a position effect, but is uncontrolled here —
and k=20 is far short of what frontier readers ac-
cept, so we cannot say whether the shape persists
at 102-103 candidates. Long-horizon personal-
memory QA with multi-gold evidence pools (Mei
et al., 2026) and long interleaved multimodal doc-
uments (Wang et al., 2024) would address both at
once, under an oracle-plus-noise construction that
keeps accuracy clear of the floor where a position
probe has no room to move. We ran neither, and
did not test the strongest recent open readers (e.g.
Qwen3.6-27B).

Mechanism attribution is partial. Section 4.3
rules out image-token proximity and retrieval simi-
larity as primary drivers and narrows the effect to
slot 0, without identifying the underlying mecha-
nism. Instruction-tuning data is a recurring can-
didate: Liu et al. (2024, §4.3) considered it but
found the U-shape in both base and instruct MPT-
30B, and Lu et al. (2022) show demonstration or-
der alone can swing in-context performance from
chance to SOTA. We find the hypothesis consistent
with our data but do not test it. The matched-corpus
control says where not to look — not the vision

encoder or the vision—language interface — but a
positive account needs attention- or representation-
level probes we leave to future work.

A claim withdrawn between review and publi-
cation. The version reviewed at ARR contained
a further finding: that the multimodal setting am-
plifies text-mode primacy by 2.2-4.5x. Reviewers
correctly observed that the supporting ablation var-
ied corpus (NQ-Open vs. M2KR) together with
modality. We ran the prescribed matched control,
it did not support the claim, and we withdrew it;
§4.2 reports the control in its place. We record it be-
cause the reviewed version is public. What replaces
it is weaker than the reverse claim would be: the
control establishes that primacy does not depend
on the image, not that the image dampens it. The
text-minus-multimodal interaction is same-signed
on all three cells but separable on one, on E-VQA
no per-position difference separates from zero, and
the control covers three reader-by-benchmark cells
rather than all six (Qwen3-VL-8B has no matched
text-only run). The position-local-protection read-
ing should be treated as an INFOSEEK-specific hy-
pothesis from row-level overlap, not an established
mechanism.

Sample size and multiplicity. Per-cell accuracies
use seed-locked subsets of 486500 questions, cho-
sen for paired-bootstrap tractability across many
cells; on smaller slices (the n=254 oracle-rerank
and n=240 multi-gold cells) the noise floor is
higher, and the directional first-vs-native oracle
gain does not clear it. We report roughly fifty
between-cell deltas without family-wise or false-
discovery correction. This does not touch the head-
line effects — every KB-VQA first-vs-last gap at
k=10 clears zero by at least 7 pp and would sur-
vive any standard correction, as would the null-
supported claims, which correction only strength-
ens — but it does confine our exposure to boundary-
positive results, and we mark the one that matters
(the post-hoc difference-of-increments interval in
§4.3) as failing even a two-test Bonferroni adjust-
ment.

Bucket diagnostic is heuristic, and mitigations
tested are training-free. The four-bucket diagnos-
tic is a string-match device, not a causal account:
it conflates surface-form with semantic failures,
cannot attribute a prediction to one source when
it appears in several passages, and has paraphrase
blind spots. Re-bucketing under a stricter normal-
izer (App. F) leaves the qualitative pattern intact,
but the quantitative shares should be read accord-
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ingly; it also works at passage-slot granularity, so
whether the answer’s location within a passage mat-
ters is outside our scope. Separately, we do not
claim that learned rerankers (Yan and Xie, 2024),
attention-based rerankers (Chen et al., 2025), or
self-reflective selectors (Cocchi et al., 2025) cannot
help — they reshape what the reader sees in ways
our oracle protocol does not test. We claim only
that simple training-free retrieval-side manipula-
tions on a frozen reader do not close the gap.

Ethical Considerations

Potential risks. This is a characterization study:
we measure how existing frozen vision-language
readers respond to ordered retrieved context, and
release no new models or datasets. The findings (a
primacy anchor on prompt slot 0) describe an exist-
ing property of deployed KB-VQA systems and do
not expose a new attack surface; any practitioner
deploying such a system can read this work and
adjust their pipeline accordingly. We do not foresee
significant misuse risk beyond what is inherent in
publishing any analysis of deployed-system behav-
ior.

Artifact licenses and intended use. All mod-
els and datasets used are publicly released, all
but the 3B reader and E-VQA under a permis-
sive license, and our use (academic measurement
of position effects on standard KB-VQA bench-
marks) is consistent with each artifact’s intended
use. Models: PreFLMR ViT-G (MIT) (Lin et al.,
2024); Qwen2.5-VL-7B-Instruct, Qwen2.5-VL-
32B-Instruct and Qwen3-VL-8B-Instruct (Apache
2.0) (Bai et al., 2025b,a); InternVL3-8B (Apache
2.0) (Zhu et al., 2025); Qwen2.5-VL-3B-Instruct
(Qwen Research License, non-commercial research
use) (Bai et al., 2025b). Datasets: M2KR bench-
mark (MIT) and INFOSEEK (Apache 2.0) (Lin
et al., 2024; Chen et al., 2023); Encyclopedic-VQA
(released through the google-research repos-
itory, no explicit dataset LICENSE file; image con-
tent drawn from iNaturalist 2021 (CC-BY) and
Google Landmarks v2 and textual content derived
from Wikipedia under CC-BY-SA) (Mensink et al.,
2023); the NaturalQuestions-Open multi-document
protocol of Liu et al. (2024) (MIT).

Data content. INFOSEEK and Encyclopedic-VQA
are derived from Wikipedia/Wikidata and curated
visual-entity datasets. We did not perform an inde-
pendent PII or offensive-content audit on top of the
curation already conducted by the original dataset

authors; our use is read-only and does not mod-
ify, redistribute, or augment the underlying corpora.
All passages we surface to readers are taken verba-
tim from the M2KR-released knowledge bases.
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A Pre-registered Methodology Notes

Most experiments were preceded by a method-
ology note (decision rules, expected effect-size
bands, comparators) committed to version control
before the run. The notes that exist are: P15a
(decision-rule protocol), P16 (allocator probe), P17
(gold-position anchor), P17b (second-model exten-
sion), P19 (MMR), P20 (E-V QA replication), P20-
VANILLA, P21-TEXT-LIU (text-only NQ abla-
tion on Qwen2.5-VL-7B), P22 (image-at-end), P23
(INFOSEEK shuffle), P24 (E-VQA shuffle), P25

(E-VQA £k=20), P26 (four-panel k-sweep general-
ization), P27 (text-only NQ ablation on InternVL3-
8B), P34-MULTIGOLD (multi-gold, with a pre-
execution amendment restricting the population),
and a REVIEW omnibus. Each note records its hy-
pothesis and, where one applies, its decision rules
verbatim. One registered element was not executed:
the P34 note pre-registers the five-way classifier of
App. C for the multi-gold contrasts, and the runner
defines but never calls it, so the multi-gold verdicts
in §4.3 rest on the paired-bootstrap intervals and
McNemar tests we report rather than on a classifier
label.

Experiments run without a pre-registration
note. For completeness we state which ex-
periments have no note rather than implying
blanket coverage: P17c (oracle-rerank demo),
P28 (transformers version regression), P29
(Qwen3-VL-8B tiers), and the post-response runs
P30, P32 and P33 (matched-corpus text-only con-
trols), P31 (3B INFOSEEK), P35 (32B INFOSEEK)
and P36 (32B E-VQA). These inherit the frozen
P17/P17b/P20 protocol unchanged, varying exactly
one factor — reader identity, library version, or
presence of the image — and none of them defines
a new decision rule. We flag them explicitly be-
cause the pre-registration guarantee applies only to
the notes listed above.

B Subset Construction and Audits

Both subsets are drawn with
Generator (PCG64 (42)) and audited
against the full released split at a +£5 pp gate.
The INFOSEEK audit gates on image-filename
prefix, positive-passage count and answer count,
with question type and instruction prefix reported
but not gated; the E-VQA audit gates on image
source, question type, positive-passage count and
gold-answer length. Both PASS. The E-VQA
draw is taken directly from the released M2KR
split; the INFOSEEK draw is taken from a fixed
2,000-question pool used in our earlier k-sweep.

C Statistical Methodology

Per-cell accuracy uses Wilson 95% intervals
(2z=1.96). Between-cell deltas use a paired boot-
strap over question ids with B=10,000 resamples,
a PCG64 generator seeded at 42, and 2.5/97.5 per-
centiles. “Separable” throughout means the delta’s
95% interval excludes zero. Interaction quantities
(a difference of two deltas, e.g. text-vs-image gaps
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or cross-model gap-of-gaps) resample question ids
jointly across all four cells so the pairing is pre-
served.

The five-way classifier, with its bands. Given a
delta, its interval, and a comparator anchor A, the
verdict is: FLAT if the interval contains zero; oth-
erwise CONTRADICTION if the delta’s sign differs
from A; otherwise, with r = A/A, AMPLIFIED
if r > 2.0, PARTIAL if » < 0.5, and the same-
magnitude band 0.5 < r < 2.0 otherwise. We
print the thresholds here so the classifier can be
reconstructed from the paper alone.

Label provenance. The same-magnitude band
was named REPLICATION in the originating pre-
registration note (P17b), and the released result arti-
facts emit that string, apart from the 32B run, which
emits GENERALIZATION. Later notes and the ver-
sion of this paper reviewed at ARR renamed it
GENERALIZATION, on the reasoning that most uses
compare a different reader or benchmark against
the anchor rather than repeating the same cell. The
thresholds were identical and no verdict differs un-
der either name, but because a rename can read as
a reinterpretation of a result, this version simply
describes the band by its thresholds and reserves
the word for the artifacts that emit it. Readers com-
paring the paper against released artifacts should
expect to see REPLICATION there.

Determinism. Decoding is greedy, so the RNG
seed does not affect generation; it fixes only the
bootstrap resampling. Run-to-run reproducibility
of the predictions themselves depends on GPU,
batch composition and kernel backend. We dis-
able the cuDNN SDP backend for stability, and
we observed 96.6% bit-identical predictions across
a transformers 4.49-t0-4.57 upgrade on the
anchor cell, so a small amount of residual non-
determinism should be expected rather than exact
bit-equality. Legacy independent-sample Cls are
preserved as x__legacy_indep fields for repro-
ducibility audits.

D Scoring Sensitivity

E-VQA: does the matcher choice matter?
We recompute the k=10 first-vs-last delta
under all three matchers. Qwen2.5-VL-7B:
+26.40 [+22.20,+430.60] under orig (sub-
string), +26.60 [+22.40,+30.80] under wb
(word-boundary), +17.80 [+13.80, +21.80] under
exact_only. InternVL3-8B (n=499): +23.25
[+19.04, +27.45], +23.25 [+18.84,+27.66],

+19.24 [+15.23,4-23.25]. Every interval excludes
zero and every classifier verdict is unchanged, so
the effect is not an artifact of matcher leniency.
Exact-equality scoring lowers the magnitude, as
expected when free-form answers are penalized for
surface form. Normalizer-mismatch quantification:
13 of 2,997 pred-side disagreements, 0 verdict
flips.

INFOSEEK: does strict scoring create the effect?
The concern runs the other way — that the offi-
cial exact-match rule marks verbose-but-correct an-
swers wrong, and that those cluster at first. We test
it by re-scoring under lenient containment, in which
a gold answer counts if it appears inside the predic-
tion. Because the choice of lenient rule is arbitrary,
we run three variants rather than privileging one:
the official INFOSEEK normalizer with and with-
out token-boundary anchoring, and the E-VQA
normalizer with anchoring. The gap widens under
every variant — Qwen2.5-VL-7B from +16.53 to
+22.98-23.39 pp, Qwen2.5-VL-32B from +10.48
to +15.32-16.53 pp — so we report the spread
rather than a point estimate, since the conclusion
does not depend on which matcher is chosen. Tak-
ing the boundary-anchored official normalizer as
the representative case, the intervals are +22.98
[+19.15,4-27.02] and +15.32 [+11.69, +18.95].
Strict scoring therefore understates the position ef-
fect.

Naming. This lenient rule is lexical containment,
optionally anchored to token boundaries. It is not
BEM (Bulian et al., 2022), which is a learned
BERT-based answer-equivalence model; no such
model is loaded anywhere in this work, and we
make no claim about how the effect would look
under BEM itself. Both analyses in this appendix
are produced by a single committed script over the
released prediction files.

E Fallback-Gold Sensitivity

Paired-bootstrap clean-subset As for all six deltas
after restricting to questions with no fallback-gold
rule applied (INFOSEEK n=354; E-VQA n €
{432,433}). Maximum shift in any delta is 1.83
pp; classifier verdict labels are unchanged. Per-cell
accuracies move more than the deltas do, since a
shift shared by two cells cancels in their difference:
across the thirteen Qwen2.5-VL-7B x INFOSEEK
cells of the k-sweep (one at k=1, three at each
of k € {3,5,10,20}) every cell rises, by at most
5.2 pp (largest: k=3 middle, 40.32 — 45.48); the
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three k=10 cells rise by 2.9-4.1 pp.

F Bucket Re-analysis Under Stricter
Normalizer

We re-bucket all 962 P17 INFOSEEK Qwen2.5-
VL-7B error rows at k=10 (272 first + 336 mid-
dle + 354 last) under a normalizer matching the
answer-scoring normalizer. Result: at k=10 no
error changes bucket and no bucket share shifts.
Across the full sixteen-cell re-bucketing (5,004
rows, P17 and P17b), 3 errors flip and the max-
imum per-cell shift in any bucket is 0.3 pp. The
qualitative pattern in Section 4.3 survives normal-
izer choice. Figure 3 shows the bucket distribution
by gold position.

: ...
80

11.6% 12.4%

extraction_failed
distractor_lift
ambiguous_in_context
14.7% I hallucinated
60

30.1%

53.3% o
40 56.5%

share of errors (%)

20 |36.4%

17.9%  13.8%

first middle last
gold position (k=10, GOLD_IN)

Figure 3: Failure-bucket distribution shifts with
gold position. Per-cell breakdown of P17 INFOS-
EEK Qwen2.5-VL-7B error rows at k=10 (n=962;
272 first, 336 middle, 354 last). As gold moves
first — last, the modal failure mode flips from
extraction_failed (36.4% — 13.8%) to
distractor_1lift (30.1% — 56.5%).

G Multi-Gold Construction and Caveats

Population. Of the 496 INFOSEEK anchor ques-
tions, 142 have no positive in the PreFLMR ViT-
G top-50 (fallback gold, excluded), 114 have ex-
actly one, and 240 have two or more together
with at least eight non-positive distractors. A pre-
execution amendment further restricted the analy-
sis population to questions where the answer string
is independently present in both chosen golds un-
der the official normalizer, since a second gold
that does not contain the answer confirms the hy-
pothesis trivially. That check returned 240 of 240,

so the amendment did not change the population.
The note also pre-registered a sensitivity slice re-
stricted to the 228 String/Time questions, for which
substring answer-presence is most reliable; every
verdict is unchanged on that slice (C4—C1 +3.07
[—0.44, 46.58]; C5—C3 +7.46; C1—C5 +8.77).
A second gold at slot 4 rather than slot 9 is worth
no more once slot 0 is gold: C6—C1 is +0.42 pp
[—2.92,+4.17]. The two golds are the first two
positives by PreFLMR ViT-G rank; distractors are
the top-50 minus the full positive set, exactly as in
the anchor.

Redundancy, quantified. All 240 gold pairs share
a Wikipedia title. Content token-Jaccard between
the two golds has median 0.163, p10-p90 0.109—
0.671, and full range 0.076-1.000. Two of the 240
pairs are byte-identical passages that the knowl-
edge base lists under two ids, for which “different
chunks” is false; we retain them for population in-
tegrity and note that removing them cannot change
a null result. An earlier pre-registration note de-
scribed the spread as a 0.12-0.68 range; that was a
p10-p90 interval and is restated as such here.
Annotation noise. The M2KR INFOSEEK split
provides pseudo-gold passages selected automati-
cally rather than human-verified oracles. Multi-
gold results should be read with that in mind:
the positives are noisy, and a benchmark with cu-
rated multi-hop evidence would test a different and
stronger claim.

Cache reuse. The three single-gold cells are
prompt-identical to the corresponding anchor cells
restricted to these 240 questions, so their predic-
tions are reused rather than recomputed (720 of
720 cache keys matched, O prediction mismatches).
Only the three two-gold cells required fresh infer-
ence.

H Per-Position Cost of Removing the
Image

Detail for the corresponding paragraph of §4.2.
Paired-bootstrap differences (text-only minus mul-
timodal) per position cell, over the shared question
set, are given in Table 6.

On INFOSEEK the middle and last cells absorb
most of the loss, on both reader families. On E-
VQA no cell moves separably, so the protection
reading is INFOSEEK-specific and we do not gen-
eralize it.

Row-level overlap with image-at-end. Let S¢ g
be the questions answered correctly under the
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Table 6: Per-position cost of removing the image. Paired-bootstrap differences (text-only minus multimodal) for
each position cell, over the shared question set. On INFOSEEK the middle and last cells absorb most of the loss on
both reader families; on E-VQA no cell moves separably.

Cell first

Qwen2.5-VL-7B x INFOSEEK
Qwen2.5-VL-7B x E-VQA
InternVL3-8B x INFOSEEK

middle last

—4.03 [-7.26, —0.81]
+2.80 [-0.20, +5.80]
—3.02 [-6.85,+0.81]

—15.12 [-18.75, —11.49]
—2.00 [—5.40, +1.40]
—6.65 [—10.08, —3.42]

—10.08 [-13.71, —6.45]
—0.60 [—4.00, +3.00]
—4.23 [-7.46, —1.01]

image-at-start default but wrongly under image-
at-end, and Spope the same for image-removed
(Qwen2.5-VL-7B x INFOSEEK). At middle,
| Send|=67, | Snone|=87, and 66 of the 67 lie inside
Shone (Jaccard 0.750 against a chance level of 0.31).
At last, | Send|=53, | Snone| =72, overlap 52 (Jaccard
0.712, chance 0.27). Moving the image and delet-
ing it therefore damage the same specific questions
rather than merely similar numbers of them, which
is what motivates reading them as one mechanism
at two doses. This is a descriptive row-level obser-
vation on one cell; we did not design an experiment
to test it.

I Image-at-End Post-Hoc Finding

Under image-at-end, middle accuracy drops dispro-
portionately (21.77% vs. 32.26% under image-at-
start, —10.48 pp), while last drops less (25.40%
vs. 28.63%, —3.23 pp). The middle-vs-last order-
ing inverts: A(middle — last) flips from +3.63 pp
at image-start to —3.63 pp at image-end (paired-
bootstrap CI [—6.05, —1.41] excludes zero). Image
position therefore exerts a mild recency-style pro-
tection on adjacent passages but is too small to over-
ride the first-position prior, consistent with prox-
imity playing a secondary modulating role on the
middle/last contrast while the first-vs-last anchor
remains driven by text-position. Figure 4 compares
the two templates.

J Distractor-Shuffle Cross-Tabulation
(INFOSEEK)

Figure 5 plots the INFOSEEK cross-tabulation re-
ported numerically in Table 4: for each shuffle cell,
the share of distractor-lift errors that selected the
passage at slot O against the share that selected
the passage at PreFLMR ViT-G rank 1. Disclo-
sure: the pre-registration’s verdict picker averages
over all three cells, including the degenerate Cell
A in which slot 0 and rank 1 coincide, and on that
average it returns MIXED-LEANING-POSITION; re-
stricted to the dissociable cells B and C it returns

B image at start (P17) image at end (P22)
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Figure 4: Image-token proximity is not the primary
driver of first-vs-last. Per-cell accuracy under image-
at-start (P17 default) vs. image-at-end. First-vs-last gap
preserved (1.12x anchor); middle/last ordering inverts
under image-at-end (App. I discusses).

POSITION. We report the B+C reading through-
out, since Cell A cannot separate the two axes by
construction, and the released artifact records both.

K Shuffle Replication on E-VQA (P24)

Figure 6 shows the cross-tabulation for the P24
shuffle replication on Qwen2.5-VL-7B x E-VQA
gold-at-last (n=>500). The qualitative pattern is
identical to the INFOSEEK result (Figure 5): slot-
0 anchoring dominates in dissociable cells B+C
(4.42x chance, vs 3.83x on INFOSEEK), while
rank-1 selection sits at chance (1.00x, vs 1.01x
on INFOSEEK). Aggregate-accuracy comparisons
across the three cells against the deployment de-
fault are audited in App. P.

L Full k-sweep on Six
Reader x Benchmark Cells (P26 + P29
Tier 2)

Table 7 reports per-cell accuracies for the 6-panel
k-sweep summarized in Figure 2. The pattern is
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B slot 0 share (position axis)
I PreFLMR rank-1 share (similarity axis)

0.6 0.558  0.558

0.5 0.466
0.4 0.384

0.188

share of distractor-lift errors

-+++ chance = 1/9

C shuffle
(top-1 at random)

B reverse-rank
(top-1 at slot 8)

distractor ordering

A rank-order
(top-1 at slot 0)

Figure 5: Reader follows prompt slot, not retrieval
rank (INFOSEEK). Distractor-lift error breakdown for
the three shuffle cells (gold fixed at slot 9). Slot-0 selec-
tion (blue) dominates in dissociable cells B+C; rank-1
selection (orange) runs at the dashed baseline. Numbers
are in Table 4; the E-VQA replication is in App. K.

consistent across all six cells: first decays grace-
fully, middle and last drop steeply and collapse to-
gether; no recency rebound at k=20 on five of six
cells. The sixth cell (Qwen3-VL-8B x E-VQA)
shows a separable last > middle effect at k=10 and
k=20, discussed in §4.1 and App. N. Small middle-
vs-last inversions occur on twelve sub-cells across
the sweep, every one is within CI noise except the
Qwen3-VL-8B x E-VQA cells discussed in §4.1,
the largest of the remainder being InternVL3-8B
INFOSEEK k=3 at +2.82 pp. InternVL3-8B x
E-VQA incurs OOM exclusions on large prompts
at every k, giving per-cell n between 486 and 499
(most affected at k=20: n € {486, 487,487} for
first/middle/last after 13—14 exclusions per position
cell); all other cells use the full subsets, n=496 for
INFOSEEK and n=>500 for E-VQA.

Table 7: Full k-sweep accuracies (first/middle/last %}
one prompt at k=1) across six reader x benchmark
cells.

Reader x Benchmark k=1 k=3 k=5 k=10 k=20

Qwen2.5-VL-7B x INFOSEEK ~ 54.4  48.0/40.3/41.1 47.0/37.3/347 45.2/32.3/28.6  43.5/26.6/26.0
Qwen2.5-VL-7B x E-VQA 70.2  65.0/53.8/50.0 64.0/48.6/42.2  63.2/38.6/36.8  62.8/33.0/34.0
InternVL3-8B x INFOSEEK 50.2  44.4/28.8/31.7 43.8/27.4/280 40.1/23.8/222  38.7/20.6/19.8

InternVL3-8B x E-VQA 69.7  63.2/45.9/45.1  59.5/42.3/40.0  59.1/36.5/35.9  54.9/29.4/29.6
Qwen3-VL-8B x INFOSEEK 58.7 55.0/41.5/40.7 52.2/37.1/389 51.6/33.9/35.5 50.4/31.9/32.9
Qwen3-VL-8B x E-VQA 722 67.4/524/534  66.6/49.4/50.6  65.6/44.4/47.4  66.4/40.8/46.0

M Text-only NQ-Open Ablation on
InternVL3-8B (P27)

We run the NQ-Open text-only protocol on
InternVL3-8B using the identical 500-question
subset from P21 (sampled from Liu et al. (2024)’s

B slot 0 share (position axis)
I PreFLMR rank-1 share (similarity axis)

0.7

0.601  0.601

0.462

0.168

share of distractor-lift errors

-+++ chance = 1/9

C shuffle
(top-1 at random)

B reverse-rank
(top-1 at slot 8)

distractor ordering

A rank-order
(top-1 at slot 0)

Figure 6: Shuffle ablation replicates on E-VQA.
Distractor-lift error breakdown for the three shuffle cells
on Qwen2.5-VL-7B x E-VQA gold-at-last (n=>500).
Same protocol as Figure 5; slot-0 dominance is stronger
(4.42x vs 3.83x chance baseline of 1/9).

2,655 paragraph-answer queries, PCG64 seed
42). Per-cell accuracies (Wilson 95% CI):
first 55.00% [50.62,59.31]; middle 51.20%
[46.83, 55.56]; last 49.80% [45.44,54.17]. Paired-
bootstrap deltas (B=10,000, seed 42): first—last
+5.20 pp [+1.20,49.40]; first—middle +3.80
pp [+0.00,+7.60]; middle—last +1.40 pp
[—2.00, +5.00] (CI includes zero: middle and last
are flat, as on Qwen2.5-VL-7B, whose P21 run
on the same subset gives first 63.60%, middle
55.40%, last 56.20%, i.e. first—last +7.40 pp
[+3.80,411.00]). This establishes that primacy is
present for InternVL3-8B on a second corpus and
a different task format.

N Qwen3-VL-8B Multimodal Replication
(P29 Tiers 1, 2)

We replicate the full position-effect protocol
on Qwen3-VL-8B-Instruct (n=496 INFOSEEK,
n=500 E-VQA, subsets identical to P17/P20).
Tier 1 establishes the k=10 row of Table 2: first-
vs-last +16.1 pp [+12.5,420.0] on INFOSEEK
(0.98x anchor; first 51.61%, middle 33.87%,
last 35.48%) and +18.2 pp [+14.2,422.2] on E-
VQA (1.10x; first 65.60%, middle 44.40%, last
47.40%). Both fall in the same-magnitude band
of the pre-registered classifier. Tier 2 extends to
k € {1,3,5,20}; per-cell accuracies are plotted
in the two right-column panels of Figure 2. Pre-
registered verdicts for the recency-rebound test on
k=20:

* Qwen3-VL-8B x INFOSEEK at k=20:
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A(last—middle) = +1.0 pp, paired-bootstrap
CI [-1.0, +3.0]. No recency rebound.

* Qwen3-VL-8B x E-VQA at k=20: A(last—
middle) = +5.2 pp, paired-bootstrap CI
[+2.6,48.0]. Separable last > middle (CI
excludes zero positively; see §4.1 for fram-
ing). At k=10 the same effect is present at
+3.0 pp [+0.2, +5.8].

This is the only cell of six showing a separable last
> middle effect in the default protocol.

O Text-only Ablation on Qwen3-VL-8B
(P29 Tier 3)

A third NQ-Open text-only run on Qwen3-VL-8B-
Instruct (same 500-question subset as P21 and P27).
Per-cell accuracies: first 62.0%, middle 59.2%, last
55.6%. Paired-bootstrap deltas: first—last +6.4 pp
[+3.2,+9.6]; middle—last +3.6 pp [+1.2,+6.2]
(CI excludes zero positively; Qwen3-VL-8B shows
separable middle > last in text mode, unlike
Qwen2.5-VL-7B and InternVL3-8B, which are
flat). The text-mode middle > last on Qwen3-VL-
8B inverts in multimodal E-VQA to last > mid-
dle by 5.2 pp, the sign reversal reported in §4.1;
note that this contrast concerns the shape of the
middle/last tail rather than the magnitude of the
first-vs-last gap, and it is the only cell of six where
that tail separably inverts.

P Operational Audit of Shuffle
Interventions

The body uses the Cell A / Cell B / Cell C
cross-tabulation to establish that the reader follows
prompt slot, not retrieval rank (the mechanism ques-
tion). Here we report the corresponding aggregate-
accuracy comparisons, which speak to a different
question: does any shuffle variant improve on the
deployment default (Cell A = rank-order, the con-
figuration a normal pipeline would produce)?
INFOSEEK (Qwen2.5-VL-7B, gold-at-
last, n=496). Per-cell accuracies (Wil-
son 95% CI): A 28.83% [25.02,32.97]; B
31.25% [27.33,35.46]; C 28.02% [24.25,32.13].
Paired-bootstrap deltas (B=10,000, seed=42):
A(B—A) = +2.42 pp [-0.60, +5.65] (not separa-
ble); A(B — C) = +3.23 pp [+0.40, +6.05] (sep-
arable); A(C' — A) = —0.81 pp [—3.43,+1.81]
(flat).

E-VQA (Qwen2.5-VL-7B, gold-at-last, n=>500).
Per-cell accuracies: A 36.80% (matches the k=10
E-VQA last cell exactly, confirming protocol deter-

minism); B 33.60%; C 34.20%. Paired-bootstrap
deltas: A(B — A) = —3.20 pp [—6.60,+0.00]
(flat, point-negative); A(B — C) = —0.60 pp
[—3.80,42.40] (flat); A(C — A) = —2.60 pp
[—5.80,40.60] (flat).

Reading. The mechanism evidence (Cell B+C
slot-0 dominance at 3.83—4.42 x chance, rank-1 at
chance) is robust and benchmark-independent. The
aggregate-accuracy story is different: on neither
benchmark does any shuffle variant separably im-
prove on the deployment default. The A(B—C) =
+3.23 pp on INFOSEEK that might initially read
as “demoting rank-1 helps” is driven partly by Cell
C dipping ~ 0.8 pp below default by chance, and
disappears against the operationally relevant Cell
A baseline.

Scope of the test. Cell B is an extreme interven-
tion: it reverses all rankings, not just demotes rank-
1. A surgical variant (“move rank-1 to slot 1 only,
leave the rest alone”) was not tested and could plau-
sibly behave differently. We do not recommend
any training-free position-based intervention in the
body of the paper.

Q Oracle Reranking Visualization

Figure 7 shows the oracle-rerank result described
in §4.4. Paired-bootstrap intervals on the n=254
subset: first—native +3.15 pp [—0.39,+6.69];
last—native —5.51 pp [—9.84, —1.18]. The first-
vs-last contrast on the same subset is +8.66 pp
[+3.54, 414.17], separable and consistent with Ta-
ble 2.

R MMR Unit Tests

8/8 PASS on synthetic ground-truth ordering at
A € {0,0.5,1}. The unit tests fix the expected se-
lection order at the extremes (A=1 reduces to pure
relevance, A=0 to pure diversity) and at A\=0.5,
and check that the first pick is the arg-max query
similarity regardless of A.

S Distractor-Pool Determinism

We confirm bit-identical dy, . . ., dj_o across {first,
middle, last} cells per qid. We also verify P24 Cell
A predictions are bit-identical to the P20 gold-at-
last cell (cache reuse 500/500, distractor SHA256
hash failures = 0).

T Qualitative Error Samples

A sixty-row sample (five rows per bucket X
four buckets x three cells) of P17 INFOSEEK
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Figure 7: Oracle reranking does not separably help
on a frozen reader. Qwen2.5-VL-7B on n=254 gold-
in-top-10 INFOSEEK subset. Solid bracket: paired-
bootstrap CI excludes zero. Dashed bracket: CI includes
zero. Forcing gold to last yields a separable loss; forcing
gold to first yields a directional gain that does not clear
the noise floor at this sample size.

Qwen2.5-VL-7B errors ships with the code re-
lease at https://github.com/WeMWish/
lost_at_the_end_code, under results/
pl7/qualitative_examples.md.

U Prompts and Decoding

All three readers share one system prompt and one
user-message template, defined once and imported
by each runner. The system prompt, verbatim and
identical across readers:

You are a visual question
answering assistant. Use the
retrieved context to answer the
question. Respond with a short
phrase only, no explanation.

The user message, verbatim:

{question}
Context:
[1] {passage 1 content}

[2] {passage 2 content}

[k] {passage k content}

Passages are l-indexed and joined by a lit-
eral ——- rule on its own line. Passage text
is the M2KR passage_content field used
verbatim, with no re-wrapping.  Note that
the two benchmarks differ here: INFOSEEK
passage_content already begins title:

36 -~ MMR (k=5)

~é~ MMR (k=10)
34 1

32 } 1
vanilla k=10 = 29.80%
30 ---¢
|
[

28 \

- L
vanilla k=5 = 27.40%

26 1

24

acc (%)

0.3 0.5 0.7
MMR A

Figure 8: Diversification doesn’t help. MMR at three
A values fails to improve over vanilla top-k at k=5 or
k=10. Every paired-bootstrap CI on A(MMR —vanilla)
overlaps zero.

content: ., whereas E-VQA pas-
sages carry no title field and contribute raw content
only. There is no explicit answer cue; the assistant
turn is opened by the chat template.
Decoding, identical for every cell in the
paper. Greedy (do_sample=False),
max_new_tokens=32, no beam search,
no top-p, no repetition penalty, bfloatlé6
weights. Because decoding is greedy, no sampling
seed enters the predictions.
Reader-specific image handling — the only place
the three readers differ. Qwen2.5-VL-7B and
Qwen3-VL-8B receive the system prompt through
the chat template and place the image-token block
first in the user message. InternVL3-8B has
no per-call system slot in its model.chat ()
path, so the same system text is prepended to the
user text and the image is marked with a leading
<image>\n. Preprocessing follows each model’s
own recommendation, so that neither is handi-
capped: Qwen2.5-VL-7B and Qwen3-VL-8B re-
size to a 1024 vision-token budget (min_pixels
= 956Xx56, max_pixels = 1024x28x28 =
802,816 for Qwen2.5-VL-7B and 1024x32x32 =
1,048,576 for Qwen3-VL-8B, whose patches are
16 pixels), while InternVL3-8B uses dynamic tiling
of up to 12 tiles of 448 x 448 plus a thumbnail. Only
Qwen2.5-VL-7B exposes the image-position tog-
gle used for the image-at-end ablation (§4.3).
Text-only mode (§4.2). The image content block is
removed from the user message entirely and no im-
age argument is passed to the processor; everything
else, including the system prompt, the passage
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block and the decoding configuration, is unchanged.
Empirically the resulting prompts are a median 611
tokens shorter on INFOSEEK and 272 on E-VQA
than their multimodal counterparts on the same
(question, passage ordering) pairs, bounded above
by each reader’s vision budget.

Because prompt construction and decoding are
identical across position cells by construction, the
position effect cannot be a prompt-formatting or
sampling artifact.

V Compute and Reproducibility

H100 80GB; bfloatl16 weights; torch 2.11.
P17-P27 (Qwen2.5-VL-7B and InternVL3-8B
experiments) were run under transformers
4.49.0. P29 (QWEN3-VL experiments; see App. N)
was run under transformers 4.57.0, which is
the minimum version supporting Qwen3-VL. We
verified that the library upgrade introduces a small
accuracy drift on Qwen2.5-VL-7B (+0.81 pp on the
P17 anchor cell, with 96.6% bit-identical predic-
tions); this is well below our smallest reported ef-
fect size and does not flip any pre-registered verdict.
We accordingly retain transformers 4.49.0 as
authoritative for the P17-P27 numbers reported
throughout the paper and use transformers
4.57.0 only for Qwen3-VL. The post-response runs
P30-P36 ran under t orch 2.11.0+cul28; P35 and
P36 record transformers 4.49.0 in their re-
leased logs, and P30-P34 record no library version,
inheriting the repository pin of transformers
4.49.0. Both the cul30 and cul28 CUDA builds
of torch 2.11 appear across the experiment set,
which is one source of the residual nondetermin-
ism quantified in App. C. Total session compute
is approximately $3-$5 USD plus $0.40 for the
P21 text-only ablation, $0.50 for the P24 shuffle
replication, $0.50 for the P25 k=20 replication, $5
for the P26 four-panel k-sweep, $0.50 for the P27
InternVL3 text-only ablation, and $1-$7 for the
P29 Qwen3-VL experiments (tier-dependent; see
App. N).
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