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ABSTRACT

Chain-of-thought (CoT) instructions can distort multiple-choice
VLM evaluation when a scorer appends a reasoning cue but reads
answer-label logits before the model generates any rationale. We
call this CoT-prefix scoring. On ScienceQA, Qwen2.5-VL-7B drops
from 80.76% to 45.48%, and across five option-content permutations
93.54% of CoT-prefix predictions select the first slot. Condition-
matched linear probes recover 78.94% from the same hidden states,
while free generation restores 75.24%, showing that the answer of-
ten survives the prefix and the immediate readout fails. Vocabulary
and layer diagnostics explain the mismatch: probability mass moves
toward continuation tokens, while answer information remains lin-
early accessible in late layers. The effect recurs with varying severity
across datasets and models, though not universally. These results
show that CoT-prefix scoring can confound model knowledge with
an evaluation-interface mismatch and should be avoided unless the
requested and scored output events are aligned.

Index Terms— vision—language models, chain of thought,
multiple-choice evaluation, selection bias

1. INTRODUCTION

Chain-of-thought (CoT) prompting lets a model generate intermedi-
ate steps before it answers, and this idea has been widely adopted in
multimodal reasoning [1} 2} 3]]. In multiple-choice evaluation, how-
ever, a common shortcut skips the reasoning. The evaluator appends
an instruction such as “Let me think step by step.” to the question,
then reads the answer directly from the next-token logits on the op-
tion labels, without waiting for the model to generate any explana-
tion. The prompt asks the model to start explaining, while the scorer
treats its first token as the final answer. We refer to this procedure as
CoT-prefix scoring. It is a scoring convention that has been widely
used in practice, but it has not been systematically examined.

We find that this shortcut can severely understate a strong
model. On ScienceQA [2], Qwen2.5-VL-7B [4]] loses more than
thirty points of accuracy under CoT-prefix scoring, and the failure is
content-blind. Across five permutations of the option contents, the
large majority of predictions land on the first option regardless of
what that option contains. Nothing about the questions has changed,
only the suffix. Either the suffix has erased the answer from the
model, or the answer remains inside and the one-step readout cannot
reach it.

Distinguishing answer loss from readout failure matters because
multiple-choice accuracy can shift for reasons unrelated to model
knowledge. Prompt format, answer priors, option order, and the
surface form being scored all affect the measured result [5l 6, [7].
Prior work has benchmarked LVLM selection bias and logit cor-
rection [8, 9], analyzed position effects [[10, [11], and documented
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Fig. 1. A single suffix creates an event mismatch. Direct prompting
requests and scores B; the CoT prefix requests a rationale, so im-
mediate label scoring can return A even when free generation and a
matched probe recover B.

prompt-format flaws in multiple-choice VQA [12]. What these stud-
ies do not isolate is the specific event mismatch considered here: a
continuation-inducing suffix is appended, but the evaluator immedi-
ately restricts scoring to answer labels before any rationale token is
generated. We therefore use condition-matched probes trained on
the official training split, selected on validation, and evaluated on a
locked test set, together with four controls: option-content permu-
tation, free reasoning before answer extraction, alternative scored
output events, and replication across datasets and model families.

The results support readout failure rather than answer loss. A
matched-capacity probe recovers most of the lost points from the
same final hidden state, and letting the model actually generate the
requested reasoning restores most of the direct-answer performance.
The collapse recurs, sometimes more severely, on other datasets and
models, while one counterexample shows that the suffix can help
instead. Figure |I| summarizes this CoT-prefix decodability gap. The
important distinction is that a low immediate label score need not
imply that the model has lost the answer; the requested continuation
can change which event the native readout is prepared to emit.

Our contributions are threefold. First, we identify and name
CoT-prefix scoring as a common evaluation shortcut. Second, we
show through condition-matched probes and generation controls that
the answer survives the prefix and the failure is localized to the im-
mediate readout. Third, we trace the failure to a shift of probability
mass onto continuation tokens, and we recommend that evaluations
align the requested output event with the scored output event.
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2. EVALUATION INTERFACES AND DIAGNOSTIC
PROTOCOL

We compare three ways of obtaining an answer to the same multiple-
choice item. Every item contains an image when available, a ques-
tion, and two to five lettered choices. Direct ends the prompt after
the choices and scores the native logits of the valid answer tokens.
CoT-prefix appends “Let me think step by step.” yet still scores
the answer tokens at the very next position, without generating any
text. Free CoT lets the model produce the requested continuation
and extracts an answer only after generation. The first two condi-
tions differ only in the terminal text, so their contrast isolates the
suffix. The third also changes the output event, so its contrast with
the second isolates generation itself.

Let P.(z) denote the complete prompt under condition ¢ €
{D,C}, he(z) = fo(P.(x)) the hidden state at the final input po-
sition, and F, the output embedding of vocabulary token v. The
model’s next-token distribution is

) — exp(E, he(x))
pe(v | ) > uey €XP(EL he(z))

6]

Let A(x) be the valid answer-label tokens. Immediate scoring and
free reasoning query two different conditional events. The first reads
the label distribution at the next position,

~(e)

Yimm

= arg max )pc(a | ), 2)

while the second queries the multi-token event of generating a ratio-
nale and then an answer,

T
gjégi = Extract <arg max Zlogpg(yt | Po(z), y<t)> .

Yi,--YT =1

3)
CoT-prefix scoring applies Eq. () with ¢ = C even though Pc
requests the event in Eq. (3). We study this event mismatch rather
than CoT generation itself. Restricted-token scores are a common
task readout [13], but here they are read at a position primed for
rationale generation.

The probe replaces the label rows of the vocabulary projection
with a learned matrix W, € R®*3%%4 where the five rows cover the
maximum number of displayed choices and invalid rows are masked
at scoring time,

(c

Toonpe = arg e >(Wchc(l’))av 4)

For each condition, we extract the final-layer state at the last input
position and train a separate linear map from its 3,584 dimensions to
five choice logits, with invalid choices masked and the VLM frozen.

Training uses cross-entropy with AdamW, at most 50 epochs, and
retains the best validation checkpoint. We summarize recovery by

robe Yimm

Ap = Acc(§'P) ) — Ace(tP),

probe Yimm

Ac = Acc(g}éc) ) — Ace(3L9)), )

and define the condition gap as I' = A¢ — Ap. A large I indicates
condition-specific recovery by equal-capacity readouts. Probes of
this kind are a standard test of linear accessibility [[14]. A supervised
probe measures what can be read out of a state, not what the model
itself uses [[15[16]], and a large I" does not imply that the two hidden
states are identical.

We use the public Qwen2.5-VL-7B-Instruct checkpoint in eval-
uation mode and all official ScienceQA test questions, including
image-present and text-only items. Qwen and LLaVA represent the
LVLM family that connects pretrained visual representations with
autoregressive language models [4, 17]. Inputs share the chat tem-
plate, preprocessing, question, hint, and choices, and only the ter-
minal instruction differs. Each probe has roughly eighteen thousand
parameters, and both conditions use the same capacity and selection
rule.

We compute native accuracy as a micro-average over items with
invalid answer labels masked. Free-CoT extraction happens after
generation, and outputs without a recoverable choice count as errors.
Each item keeps its natural number of choices, and we also include
a full-string control that scores option text instead of short labels.
The evaluation is locked as follows. Probes are fit on the image-
present portion of the official ScienceQA training split, checkpoints
are chosen on the corresponding validation portion, and all reported
numbers come from the complete official test split, including text-
only items. The test split is never used to fit or select the primary
decoder.

To test whether the failure survives changes in answer content,
we permute the option contents with five pre-fixed seeds and remap
the gold answer. Because letter labels are regenerated in display
order, the first slot always remains A. For seed s, let ygs) be the
remapped gold label. We report
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where B is the coupled A/first-slot rate. A high B(Cf ) after content
shuffling indicates a stable default toward this coupled label—position
event. This control alone cannot separate position bias from label-
token bias. Separating them would require independently counter-
balanced labels.

3. RESULTS

We first report native accuracy under the two scoring conditions.
CoT-prefix scoring reduces native accuracy by more than thirty
points, from 80.76% to 45.48%, while condition-matched probes
recover nearly all of the lost accuracy from the same hidden states.
The probe reaches 84.27% for Direct and 78.94% for CoT-prefix,
so the native/probe gaps are 3.51 and 33.46 points respectively.
Across five option-content permutations, Direct accuracy stays at
80.26 £ 0.13% and CoT-prefix accuracy at 45.78 + 0.66%, with
Affirst-slot rates of 51.71 + 1.06% and 93.54 £ 0.43%. Under
uniform permutation the remapped gold label falls in the first slot on
40.0% of items, since 52.5% of the split has two choices. Shuffled
CoT-prefix accuracy therefore exceeds the pure-first-slot base rate
by only 5.8 points. The default is induced by the condition, and it
does not depend on the option contents.

Three controls separate the interface mismatch from a gen-
uine loss of reasoning ability, and the same pattern holds on the
2,017-example image-present subset. Letting the model generate
the requested chain and then parsing its final choice raises CoT ac-
curacy to 75.24% on all 4,241 items, with 215 parse failures counted
as errors, while the A/first-slot rate falls from 94.08% to 42.09%.
On the image-present subset, Direct scoring reaches 83.49%, CoT-
prefix falls to 45.27%, and generation restores 80.61%, recovering



Table 1. Cross-dataset/model checks. Q7/Q3 denote Qwen2.5-VL-
7B/3B, L7 denotes LLaVA-1.5-7B, and SQA* is the image-present
subset. A/first is the CoT-prefix first-slot rate and is omitted when
fixed letter labels are unavailable.

Data Model N Direct Prefix Aacc  Alfirst
ScienceQA Q7 4241 80.76 4548 —35.28 94.08
AI2D Q7 3,088 8248 2847 —54.02 94.66
AI2D Q3 3,088 79.02 46.73 —32.29 66.71
MMMU-10 Q7 286 4790 31.82 —16.08 -
MMBench Q7 4377 9331 99.11 +5.80 -
SQA* Q3 2,017 80.07 58.11 —21.96 65.10
SQA* L7 2,017 66.14 63.06 —3.07 46.80

35.34 of the 38.22 lost points despite 121 unparseable outputs.
Forced one-token generation closely reproduces the native accura-
cies, showing that the failure is tied to the next-token event rather
than the generation API. Conversely, scoring length-normalized
likelihoods of the full option strings reverses the ordering, 52.32%
for Direct and 55.41% for CoT-prefix. Recovery also does not de-
pend on one exact suffix: across eleven endings, generated-answer
accuracy ranges from 76.75% to 87.46%, while answer-eliciting
endings such as “Answer:” perform well under immediate scor-
ing and continuation-inducing phrases perform substantially worse.
The collapse is therefore specific to scoring short answer tokens
immediately after a continuation request.

To test whether the failure is localized to the readout, we retrain
only the readout. Rank-32 LoRA adapters [18] trained on the vo-
cabulary projection alone, using 3,000 examples, frozen transformer
layers, ten epochs, and no validation selection, raise CoT-prefix ac-
curacy from 45.48% to 70.90%, while Direct stays flat at 80.76% to
80.60%. This confirms that the failure is localized to the readout.
Table [T]repeats the native comparison on further datasets and archi-
tectures, with no fitted readouts. These include AI2D [19], a ten-
subject MMMU subset [20], MMBench [21], both Qwen sizes, and
LLaVA-1.5-7B. The collapse is severe but not universal. It reaches
54.02 points on AI2D, yet reverses on MMBench. On AI2D the pre-
fix raises the A/first-slot rate from 24.19% to 94.66% for Q7 and
from 24.61% to 66.71% for Q3. Among examples that flip from
Direct-correct to CoT-prefix-wrong, 99.17% for Q7 and 86.43% for
Q3 land on A.

A further boundary condition comes from the number of dis-
played choices for Q3 on the ScienceQA image subset. For two-
choice items, Direct and CoT-prefix accuracy is 85.1% and 58.2%,
and CoT-prefix selects A 86.3% of the time. For three choices, the
values are 76.7% and 48.3%, with 69.9% A selection. For four
choices, the values are 80.6% and 66.4%, with 42.1% A selection.
The coupled default weakens as more choices are displayed, and
the accuracy gap narrows from 26.9 to 14.2 points. The five-choice
slice contains only 38 items, too few to interpret. Taken together,
these results show that CoT-prefix scoring systematically diverts the
immediate readout toward a coupled default, and that the effect is
strongest when few choices are displayed.

4. MECHANISTIC AND EXPLORATORY DIAGNOSTICS

Having established that the failure is localized to the readout, we now
examine what the prefix changes inside the model. The question is
not only whether the answer is still present, but where it remains
accessible and how the prefix redirects the readout away from it.
On a fixed 200-item subset (Fig. [2), we first measure the position-
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Fig. 2. Probability diagnostics on 200 fixed items. CoT-prefix pre-
serves correct-label probability in the first slot but suppresses later
positions.
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where j indexes the displayed position of the gold label, pp and pc
denote the probability assigned to the correct label under Direct and
CoT-prefix scoring, and the average is taken over items whose cor-
rect label appears at position j. The statistic therefore isolates how
much the suffix changes the correct-label probability at each dis-
played position, without conflating items with different label place-
ments.

Direct scores concentrate near the correct label, whereas CoT-
prefix creates a second mode near zero. The measured J; is near
zero, while ¢; is strongly negative for later positions, which means
the suffix suppresses the correct label almost exclusively when that
label is not in the first slot. This matches the content-shuffle result
above and explains why the A/first-slot rate rises so sharply under
CoT-prefix. A representative item illustrates the effect. Direct scor-
ing assigns 0.904 probability to the correct option C, whereas CoT-
prefix assigns 0.980 to the A/first-slot option. Free reasoning and
the condition-matched probe both recover C, and the probe assigns
it probability 0.9996. The requested reasoning succeeds even though
the immediate label event fails, so the loss is confined to the readout
rather than the representation.

Table [2] tests continuation strength directly on the full test split.
Four explicit step-by-step requests cause large drops and A/first-slot
concentration, while the minimal cue “Reasoning:” remains close to
Direct. The effect therefore tracks continuation strength rather than
one exact string. A phrase that clearly invites a long continuation
suppresses the label readout, whereas a short cue that does not com-
mit the model to generate much leaves the label distribution largely
intact.

Let R be the fixed set of common reasoning-continuation to-
kens, such as “First”, “Let”, and “The”. The unrestricted-vocabulary
masses, not renormalized over the valid labels, are

S pelalz), MY (@)= pe(v]z). ®

a€A(z) vER

M (z) =

Table ] separates two effects that would otherwise be conflated. The
first is expected once the requested output event changes. Probabil-
ity mass moves from answer labels to reasoning-continuation tokens:
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Fig. 3. Layer-wise diagnostics on 400 fixed items. Probe accuracy
rises late, where the Direct—CoT-prefix gap also widens.

Table 2. Trigger comparison on the ScienceQA test split. Aacc is
relative to Direct; probe columns report condition-matched accuracy
and A/first rates (%).

Native Native Probe Probe
Instruction Acc. Aacc Affirst Acc. Affirst
None (Direct) 80.76 +0.00 52.30 84.27 35.60
Let me think step by step. 45.56 —35.20 94.08 78.94 35.96

49.19 —31.57 90.10 79.86 35.46
5249 —28.27 86.49 79.96 35.32
5277 —27.99 85.76 79.89 36.95
77.18 —3.58 56.17 82.60 40.30

Let’s think step by step.
Let’s solve this step by step.
Let’s reason step by step.
Reasoning:

M 4 falls by about fourteen-fold, M rises four-fold, and the mean
rank of the correct answer token worsens by more than twenty thou-
sand positions. This shift alone is not a failure; a model prompted
to explain should prefer prose tokens over a bare label. The second
effect is the failure studied here. Even after restricting attention to
the valid label set, predictions concentrate on the coupled A/first-
slot label, and correct-label probability is preserved mainly when
the gold option occupies that slot (Fig.[2). Thus the suffix does more
than move probability mass out of the answer vocabulary. It also
changes the conditional distribution within the answer labels, which
explains why simply renormalizing the valid choices does not re-
cover the original decision.

To locate where the answer becomes decodable, we fit the same
linear readout to the layer-¢ states A" and compute
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In the fixed 400-item run (Fig. , both A(DD and Ag) remain near
chance through early and middle layers, then rise sharply. The gap
G widens only in the late layers, where answer information be-
comes linearly organized. This layer profile is consistent with the
view that answer identity is computed late in the network and that
the readout depends on a late-layer representation. The prefix does
not remove this representation, but it changes how the final position
aggregates it.

A shuffle control confirms that the probes read content rather
than label frequencies. Permuting hidden states across examples
drops linear accuracy from 86.25% to 33.75%, near the empirical

Table 3. Full-vocabulary competition on the ScienceQA image sub-
set (N = 2,017); Change compares CoT-prefix with Direct.

Diagnostic

Direct CoT-prefix Change

2.15x107% 1.51x107% | 14x
Reasoning mass 3.73x1072 1.49x10~"  4.00x
Answer rank (mean) 5,251 26,562 +21,311
Reasoning top token (%) 4.3 9.9 +5.6 pp

Answer mass

random-choice baseline of 32.65%, and drops the full decoder from
86.25% to 38.75%. Probe recovery therefore depends on example-
specific state information. Taken together, these diagnostics show
that the answer remains linearly organized in the late layers, while
the prefix redirects the immediate readout toward continuation to-
kens. The information is still present, but the scoring interface no
longer exposes it. This is why a probe or a generation step can re-
cover the answer while the native label logits cannot.

5. CONCLUSION

We identify CoT-prefix scoring, where an evaluator appends a rea-
soning instruction but reads answer-label logits before any rationale
is generated. On ScienceQA, this convention lowers Qwen2.5-VL-
7B accuracy by more than 35 points and drives predictions toward
the first slot regardless of its content. Condition-matched probes re-
cover most of the answer from the same hidden states, while free
generation restores most of the direct-answer performance. Vocab-
ulary, probability, and layer-wise diagnostics locate the mismatch:
the prefix redirects probability mass toward continuation tokens, yet
answer identity remains linearly organized in late layers. The failure
therefore lies in the alignment between the requested continuation
and the immediate scoring event, not simply in whether the repre-
sentation contains the answer. Its severity varies across datasets and
models and is not universal.

Practically, our results suggest a simple evaluation checklist. If
a prompt asks for a rationale, the scoring rule should read the to-
ken event that corresponds to that request (e.g., the generated an-
swer after the rationale, or a dedicated answer field), rather than the
immediate label logits at the first post-prefix position. When label-
logit scoring is required for compatibility, the prompt should avoid
continuation-seeking instructions, or explicitly constrain the next to-
ken to be an answer label. Reporting should also specify the exact
interface (labels vs. free-form generation), the label tokenization,
and whether decoding is conditioned on an intermediate rationale,
since these choices can dominate measured accuracy.

Our study is limited to a set of multiple-choice benchmarks and
two VLM families. Linear probes establish decodability rather than
causal use by the native decoder, and content shuffling cannot fully
separate position bias from label-token bias without independently
counterbalanced labels. We also study only a limited set of reason-
ing instructions and answer interfaces. These limits do not change
the main evaluation lesson: when a prompt requests a rationale,
the scorer should evaluate the event the model is actually asked to
produce. Future work should test broader model families, open-
ended tasks, and training or decoding interventions (e.g., interface-
aware instruction tuning or constrained decoding) that retain the ben-
efits of reasoning prompts without breaking immediate answer read-
out. More broadly, evaluation protocols should treat the prompt-and-
scorer pair as part of the method specification, not an interchange-
able implementation detail.
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