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Abstract

Natural language explanation generation serves
as a key mechanism for exposing and evalu-
ating vision-language reasoning.  Prior work
on explanation-driven vision-language models
predominantly follows a post-hoc (answer-first)
paradigm, implicitly suggesting that supervised ra-
tionales can reflect underlying reasoning processes.
In contrast, modern large vision—language models
increasingly exhibit a rationale-first generation ten-
dency, which more closely aligns with structured,
stepwise reasoning. In this work, we systemat-
ically evaluate whether explanations are causally
tied to model predictions within a single genera-
tion step under a controlled experimental setup, ex-
plicitly eliminating unnecessary chain-of-thought
or other intermediate reasoning processes across
knowledge-intensive QA, visual entailment, and
compositional grounding benchmarks. We find that
larger models emerge as a prerequisite for reli-
ably supporting rationale-first reasoning at scale.
However, answer-first generation is less prone to
format-related errors in structured output. Over-
all, explanation ordering, model scale and pre-
training knowledge, task-specific fine-tuning, and
task structure jointly influence both prediction ac-
curacy and reasoning faithfulness.

1 Introduction

Previous work on explanation-driven vision-language rea-
soning (VLR), such as e-vil[Kayser et al., 2021] and nlx-
gpt [Sammani er al., 20221, constructs training datasets that
augment VLR instances with natural language explanations.
These datasets enable fine-tuning with explanation supervi-
sion to jointly learn answer prediction and rationale genera-
tion for task-specific interpretable reasoning processes. This
method, as demonstrated in Figure 1 showing that generat-
ing answer together with language explanations can improve
evidence localization, have emerged as a promising direc-
tion for jointly improving grounding and knowledge integra-
tion [Schwenk er al., 2022]. However, prior work shows that
such explanations often remain post-hoc and detached from

Answer: D. Because the numerals three and zero are written on the
cake, which indicates the person is 30 years of age as of the birthdate.
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Question: Which number birthday is
probably being celebrated?
Options: A: one | B: ten | C: nine | D: thirty

Figure 1: Conventional explanation-driven vision—language reason-
ing through post-hoc rationalization. The model generates an answer
first and then produces post-hoc explanations, primarily grounding
the justification in visual evidence, often with limited use of world
knowledge.

the underlying reasoning process [Parcalabescu and Frank,
2023].

More recently, Large Vision—Language Models (LVLMs)
have demonstrated the ability to generate explanations in
a zero-shot manner through carefully designed prompting
strategies, eliminating the need for explicit explanation su-
pervisions [Mitra er al., 2024].  Chain-of-thought and
instruction-based prompting applied to LVLMs enables mod-
els to articulate intermediate reasoning steps that combine
visual grounding with world knowledge inference [Zhou er
al., 2024]. While CoT promotes a general, task-agnostic rea-
soning process by decomposing inference into intermediate
steps, it may introduce redundant or task-irrelevant informa-
tion that can dilute focus.

Joint answer—rationale generation tends to be more task-
focused, as the rationalization is directly tied to the predic-
tion within a single generation step, avoiding unnecessarily
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{'rationales": "The cake prominently displays
the number '30', which is a common way to
indicate the age being celebrated at a
birthday. The presence of candles and the

{rationales: "The image clearly shows a

{"answer: "D", person riding a horse in an outdoor

“rationales": "The image shows a birthday
cake with the number ‘30" clearly written on
top. This directly indicates that the
celebration is for a 30t birthday. Therefore,
the correct answer corresponds to thirty."}

t t f
Large VLM Large VLM Large VLM

cake further supports that this is a birthday
celebration for that age.”,
“answer": "D" }

is outdoors and on a horse.”,
“label": "entailment}

£ b ¥
output_keys = "rationales, answer" output_keys = "answer, rationales" output_keys = “rationales, label"

{label": “entailment",
“rationales": "A person is visibly sitting on a
environment, with grass and sky visible. This | horse outside in an open area. The scene
directly matches the hypothesis that a person  contains natural surroundings, confirming both
the ‘outdoors’ and 'on a horse' aspects of the
hypothesis."}

{"best_caption","caption_1",
{ "rationales": "The younger person is positioned "rationales": "The image shows a younger person
above and leaning down to kiss the older person,  leaning forward to kiss the head or forehead of an
indicating that the younger person is the active  older person. This indicates that the younger
subject performing the action. The older person  person is the one performing the action, while the
remains still and receives the gesture, which older person is receiving it. Therefore, the correct
matches the direction of the action described in  relation is that the young person kisses the old
caption_1.", "best_captions": "caption_1"} person."}

t 1 1
Large VLM Large VLM Large VLM

. 3 ¥
output_keys = "label, rationales” output_keys = "rationales, best_caption" ’,nmput,keys = "best_caption, rationales"

| Question: Which number birthday is probably being celebrated?
[Options: A: one | B: ten | C: nine | D: thirty

“You are solving a visual multiple-choice
question. Look at the image, identify relevant
visual evidence, reason about it, and select
f@the correct answer. Return only JSON with
keys: {output_keys}.

- o

Hypothesis: A person is outdoors, on a horse.
‘You are solving a visual language entailment

problem. Given the image and text hypothesis,
v determine whether the visual evidence supports,
contradicts, or does not provide enough
L4 information about the hypothesis. Classify the
- (o - relation as one of: entailment, neutral,
B e

ficontradiction. Return only JSON with keys:
S output_keys).

¥/ Caption_0: an old person kisses a young person
(Caption_1: a young person isses an old person.

You are solving a visual language
== compositional reasoning task. Given an image
= and two captions, analyze the objects, their

& “attributes, and their relationships, and select
the caption that best matches the image.
Return only JSON with keys: {output_keys}.

(a) Ilustration of one step response varia- (b) [llustration of an visual entailment example (c) Illustration of a subtask of one sample

tions, rationale-first and answer-first, in a vi- from the e-SNLI-VE test set. It predicts the re- from Winoground test set.

It shows a “im-

sual multiple-choice VQA example from the lationship (entailment, neutral, contradiction) age_I_vs_captions” subtask.

A-OKVQA validation set.

between the image and hypothesis text.

Figure 2: The instruction prompt and output format of each VLR problem remain identical across both settings, and the only difference lies

in the ordering of answer and explanation generation.

long or noisy reasoning chains. In this work, we systemati-
cally evaluate joint generation under different ordering strate-
gies, comparing rationale-first and answer-first paradigms
across diverse VLR tasks and models in both zero-shot and
fine-tuning settings. The rationale-first variant preserves the
efficiency of joint generation while ensuring that the final an-
swer is explicitly conditioned on the intermediate rationale,
even within a single-step process.

Our method provides a simple yet effective diagnostic of
explanation faithfulness in settings where the answer and ex-
planation are jointly generated within a single response. If ex-
planations truly reflect the underlying reasoning process, the
generation order should have minimal impact on the predicted
answer or overall output structure, and consistency scores
should remain stable across settings. In contrast, significant
discrepancies between answer-first and rationale-first condi-
tions indicate that explanations are not causally grounded in
the model’s decision-making process.

2 Method

In this work, we design a controlled experimental setup to
assess whether explanations are causally aligned with model
predictions within a single generation process, and to quan-
tify their consistency across different settings. Our method
consists of two key components: (i) generation-order inter-
vention, where we control whether the explanation is gen-
erated before or after the answer; and (ii) fine-tuning with
explanation supervision, where we examine how supervised
explanations affect this alignment.

2.1 Generation Order Intervention

To probe whether explanations are part of the reasoning pro-
cess, we introduce a minimal intervention that changes the
generation order of outputs while keeping all other factors
fixed. Specifically, in the rationale-first (RF) paradigm, the
model generates a short explanation before predicting an an-
swer. In the answer-first (AF) paradigm, the model predicts
the answer directly and then produces a brief post-hoc justifi-
cation. Both paradigms are implemented as prompt templates

and evaluated consistently across models and datasets, as il-
lustrated in Figure 2. They share a common instruction that
encourages explicit reasoning grounded in visual evidence
and relevant knowledge, while maintaining structured out-
puts (JSON) for reliable and efficient post-processing. This
controlled design isolates the effect of explanation order on
model behavior. While both answer-first and rationale-first
paradigms aim to support explanation-driven reasoning, they
differ fundamentally in whether explanations merely justify
predictions or actively guide them, raising the question of
how explanation ordering impacts reasoning effectiveness
and consistency.

2.2 Fine-tuning with Explanation Supervision

In the VLR task, each input (x) consists of an image and its
corresponding textual prompt. We construct target rationales
R* post-hoc, conditioned on the ground-truth answer A*. By
grounding the rationale generation on A*, we ensure that each
explanation is consistent with the correct answer and provides
a valid justification, thereby avoiding noise from potentially
incorrect intermediate reasoning.

For each training sample (z, A*, R*), we construct two al-
ternative target sequences that differ only in the ordering of
the answer and rationale: rationale-first (R* — A*) and
answer-first (A* — R*). Both sequences share the same
rationale R*, ensuring that the supervision remains content-
consistent while isolating the effect of generation order. The
construction of these post-hoc rationales differs from that
used in the original dataset and is described in Section 3. We
train the model using standard auto-regressive likelihood over
both target orderings:

L= (E($7A*7R*) llog P(R*, A* | z)] (1)
+ B 4o e log P(A", B | 2)] )

where each term corresponds to one supervision format. This
formulation explicitly enforces that the model learns to pro-
duce both answer and explanation under different generation
orders, while keeping the underlying content consistent.
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3 Experiments
3.1 Models.

In our experiments, we select 7B-scale models, Qwen-2.5-
VL-7B-Instruct (Qwen-VL)[Bai ef al., 2023] and LLaVA-
1.5-7B (LLaVA)[Liu et al., 2023], as they provide a practi-
cal balance between capacity and efficiency, enabling com-
prehensive experiments without requiring resource-intensive
deployment. Based on prior work and our zero-shot prelim-
inary results, Qwen-VL demonstrates stronger reasoning ca-
pabilities compared to LLaVA. We therefore use Qwen-VL
to generate rationales for our explanation-augmented fine-
tuning setting.

3.2 Datasets.

Visual Language Reasoning (VLR) aims to jointly interpret
images and text to produce grounded inferences, with chal-
lenges broadly falling into visual grounding and world knowl-
edge inference [Sammani and Deligiannis, 2023]. We con-
duct experiments on three major vision-language datasets that
require different types of reasoning capabilities. Table 2 sum-
marizes the key statistics for each dataset and split used in our
experiments.

A-OKVQA. This dataset is a knowledge-intensive visual
question-answering benchmark. Its questions generally can-
not be solved by simple knowledge base lookup and instead
require integrating external knowledge grounded in the visual
scene [Schwenk ef al., 2022]. A key feature of A-OKVQA
is the inclusion of human-annotated rationales, with three
free-form natural language justifications per training exam-
ple, providing explicit explanations for why an answer is cor-
rect. Figure 2a illustrates an A-OKVQA example where a
cake displays the number “30”, indicating a birthday cele-
bration. While the visual cue provides the number, correctly
answering the question requires world knowledge that num-
bers on cakes typically denote age, allowing the model to in-
fer that a thirtieth birthday is being celebrated. Therefore, this
task requires combining visual perception with commonsense
knowledge about social conventions.

The dataset contains approximately 17.1K training and
1.1K validation samples, while the test set does not provide
public labels. We use the validation set for evaluation. In our
experiments, we first test the quality of these human-written
rationales, observing that both Qwen-VL and LLaVA models
achieve near-perfect answer accuracy when conditioned on
them, indicating their strong alignment with correct answers.
We therefore directly leverage these rationales for supervised
explanation fine-tuning.

e-SNLI-VE. Visual entailment benchmarks such as e-
SNLI-VE [Do et al., 2020] require classifying whether an
image supports a textual hypothesis as entailment, neutral,
or contradiction. For example, in Figure 2b, the hypothesis
”A person is outdoors, on a horse.” is supported by visible
evidence of a person riding a horse in an open setting, yield-
ing entailment. This task emphasizes fine-grained alignment
between visual evidence and hypothesis semantics.

Unlike A-OKVQA, the human-written explanations in e-
SNLI-VE are not designed as fine-grained rationales tightly

Subtask Input Target
caption_O_vs_images  caption O + image 0, image 1 image 0
caption_1_vs_images caption 1 + image 0, image 1 image 1
image_O_vs_captions  image O + caption 0, caption 1  caption 0
image_l_vs_captions image 1 + caption 0, caption 1 ~ caption 1
Table 1: Winoground subtasks in our experiments. Each origi-

nal sample is decomposed into four evaluation instances covering
caption-to-image and image-to-caption matching.

grounded in the decision process [Do et al., 2020]. To obtain
more controlled and answer-consistent supervision, we aug-
ment 100K training samples by generating rationales condi-
tioned on the ground-truth labels using the Qwen-VL model.
We further validate these rationales under a rationale-first set-
ting to ensure correct label prediction, yielding high-quality
triplets of image, label, and rationale, which are then used for
supervised explanation fine-tuning.

Winoground. While world knowledge inference requires
reasoning beyond the image using commonsense or factual
knowledge, visual grounding focuses on aligning linguistic
structure (entities, relations, compositional cues) with the im-
age. Compositional benchmarks like Winoground [Thrush ez
al., 2022] expose widespread failures in relational grounding
in VLMs by keeping objects and words fixed while altering
relations, as displayed in Figure 2c.

This dataset is a compositional vision-language benchmark
consisting of 400 test-only samples, where each sample in-
cludes two images and two contrasting captions [Thrush et
al., 2022]. The dataset is designed to evaluate fine-grained
compositional reasoning, requiring models to correctly align
subtle differences in visual attributes and their relationships.
Each sample can be decomposed into four subtasks as shown
in Table 1: two caption-to-image tasks (caption_0_vs_images,
caption_I _vs_images) and two image-to-caption tasks (im-
age_0_vs_captions, image_Il _vs_captions). We split the 400
samples into 200 for training and 200 for evaluation, result-
ing in 800 instances for each split (4 subtasks per sample). To
enable controlled fine-tuning experiments, we further gener-
ate rationales for the training instances of each subtask using
Qwen-VL model, providing explanation supervision for the
fine-tuning setting.

Dataset Split  Instances
AokvoA o'
e-SNLI-VE %ﬁn 1(1)2];
Winoground %2?1 288

Table 2: Summary of dataset statistics for A-OKVQA, e-SNLI-VE,
and Winoground. The number of instances corresponds to the total
number of image—question—answer tuples in each dataset split.
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3.3 Evaluation

Task-Specific Metrics. We evaluate our vision-language
models across three datasets, using task-specific metrics tai-
lored to each setting:

» For A-OKVQA, we report accuracy as the primary met-
ric. A prediction is considered correct if the generated
answer exactly matches the ground-truth answer. This
metric is standard for visual question answering and di-
rectly reflects the model’s ability to jointly understand
visual content and produce factually correct outputs.

 For e-SNLI-VE, we compute the F1 score over the three
entailment labels: entailment, neutral, and contradic-
tion. This metric provides a balanced evaluation of pre-
cision and recall for multi-class classification, while ac-
counting for label imbalance.

» For Winoground, we also use accuracy to evaluate the
image-caption matching. A prediction is considered cor-
rect if the model selects the correct matching image or
caption for the given input. We report accuracy across
all subtasks as listed in Table 1.

Consistency Score. To assess explanation faithfulness, we
compute a consistency score that measures the stability of
model predictions across different generation orders. Let PAF
and PRF denote the predictions under the answer-first and
rationale-first settings, respectively. We quantify the agree-
ment between these predictions to evaluate whether explana-
tions remain consistently aligned with the final answers.

N
1
Consistency = N E (P (z;) = PX(z)) ()
i=1

Overall Evaluation. By jointly analyzing task perfor-
mance and consistency, we measure: (i) whether explanations
are merely post-hoc or actively contribute to reasoning, and
(ii) whether explanation supervision improves alignment be-
tween explanations and model predictions.

4 Results

4.1 Performance

Knowledge-intensive Visual Question Answering. Ta-
ble 3 shows that Qwen-VL consistently outperforms LLaVA
across all settings, indicating stronger reasoning capability
on A-OKVQA. On the Easy split, both models achieve rel-
atively high accuracy with only minor differences between
rationale-first (RF) and answer-first (AF), suggesting limited
sensitivity to generation order for simpler questions. In con-
trast, the Hard split reveals clearer order effects: Qwen-VL
shows higher performance in the rationale-first setting, while
LLaVA benefits more from answer-first generation. Con-
sistency scores further support this observation: Qwen-VL
maintains higher cross-order agreement than LLaVA in the
zero-shot setting, indicating more stable reasoning. After
fine-tuning, consistency improves substantially for both mod-
els, particularly for LLaVA. These results suggest that ex-
planation supervision primarily enhances the alignment and

robustness of predictions across generation orders on A-
OKVQA dataset, rather than dramatically improving task ac-
curacy, and that generation order becomes a more informa-
tive diagnostic under harder reasoning conditions. The results
highlight that the interaction between explanation order and
prediction is highly model-dependent.

Qwen-VL LLaVA
Difficulty RF AF Consistt. RF AF Consist.
zero-shot
Easy (1075) 86.2 87.8 91.5 76.7 76.0 82.2
Hard (70) 80.0 75.7 82.2 65.7 75.7 74.3
fine-tuned
Easy (1075) 86.5 88.0 922 78.8 78.6 90.5
Hard (70) 771  75.7 84.3 739 76.3 90.0

Table 3: Answer accuracy (%) under different response modes (RF
vs. AF) and consistency score (%) by task difficulty for zero-shot
and fine-tuned models on the A-OKVQA validation set. Support
counts are shown by difficulty category.

Visual Language Entailment Table 4 shows Qwen-VL de-
livers stronger, more balanced reasoning than LLaVA in all
settings. Explanation order (RF vs AF) affects both models
in zero-shot settings, but effects are larger and less predictable
for LLaVA; for Qwen-VL the RF/AF gap is small for entail-
ment/neutral but large on harder contradiction cases (79.2%
vs 52.1%). Fine-tuning substantially raises F1 across all la-
bels, especially neutral and contradiction labels. Explanation
supervision fine-tuning markedly improves explanation order
consistency for both models (e.g., Qwen-VL consistency up
t0 93.5%, LLaVA up to 92.4% for contradiction label).

Qwen-VL LLaVA
Label RF AF Consistt. RF AF Consist.
Zero-shot
Entailment (5217) 81.3 817 83.9 63.3 67.2 88.3
Neutral (3799) 551 54.1 70.3 142 114 69.0
Contradiction (5720) 79.2 52.1 58.1 62.4 75.6 63.5
fine-tuned
Entailment (5217) 83.4 87.1 88.2 80.5 834 89.3
Neutral (3799) 71.0 73.5 86.3 67.6 72.6 75.5
Contradiction (5720) 87.4 88.4 93.5 835 86.4 92.4

Table 4: Per-label F1 scores (%) and consistency (%) for e-SNLI-
VE test set. Support counts are shown per label.

4.2 Vision Language Compositional Reasoning

The results in Table 5 show two distinct failure modes. First,
in zero-shot Qwen-VL, RF vs AF can swing widely (for ex-
ample 71.5% vs 42.5% and 55.5% vs 82.5%), showing sub-
stantial explanation-order sensitivity. Secondly, performance
of LLaVA strongly suggests a first-position bias: it is predict-
ing the first image as best matched, resulting in near-perfect
on Caption_0_vs_Images (94.7%/95.0) but collapses on Cap-
tion_1 _vs_Images (0.8%/0.8%), and similarly drops on Im-
age_1_vs_Captions (8.5%/0.7%). The very high consistency
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in some of these settings indicates that predictions are sta-
ble but consistently biased. By contrast, Qwen-VL is less
position-biased but more sensitive to response format. After
fine-tuning, some gaps shrink, in particular for LLaVA model.
While fine-tuning makes performance more balanced, com-
positional reasoning challenges remain for both models. A
likely reason is limited supervision: only 200 training sam-
ples (800 subtask instances) are probably insufficient to re-
liably learn robust explanation-driven compositional reason-
ing.

Qwen-VL LLaVA
Sub-Task RF AF Consist RF AF Consist.
zero-shot
Caption_0_vs_Images 71.5 42.5 66.5 947 95.0 94.6
Caption_1_vs_Images 55.5 825 71.5 0.8 0.8 98.7
Image_O_vs_Captions 84.0 76.5 87.5 44.5 90.2 50.1
Image_1_vs_Captions 74.0 87.0 81.5 85 0.7 63.2
fine-tuned
Caption_0_vs_Images 66.5 69.5 84.0 51.5 39.0 59.5
Caption_1_vs_Images 61.5 62.0 80.5 50.5 65.0 52.5
Image_0_vs_Captions  79.0 90.0 79.0 77.0 725 64.5
Image_1_vs_Captions 65.0 61.5 69.5 36.0 39.0 63.0

Table 5: Winoground sub-task accuracy (%) RF and AF response
modes, and consistency (%) between RF and AF predictions, for
zero-shot and fine-tuned models.

The results indicate that the impact of explanation order
on model predictions varies significantly across models, with
Qwen-VL exhibiting stronger reasoning capability in zero-
shot settings, while supervised fine-tuning further enhances
prediction robustness and cross-order consistency for LLaVA
model.

4.3 Error Analysis

Parsing Errors. Rationale-first (RF) generation introduces
substantially more output noise and parsing ambiguity com-
pared to answer-first (AF). In particular, Qwen-VL under
RF frequently produces code-fenced JSON blocks and free-
form abstentions (e.g., “None of the options provided” for
A-OKVQA samples or generate a caption instead of sim-
ply predicting the best matched choice of “caption_0” on
Winoground task), which deviate from the expected answer
format and break simple label extractors. While AF reduces
outright abstentions, it still exhibits inconsistent formatting
in explanation generation, especially with LLaVA model. It
generally outputs cleaner single-letter predictions, but it re-
mains prone to occasional long free-text responses and repeti-
tive fragments. In zero-shot setting, rationale-first settings in-
troduce higher parsing complexity and noise, making down-
stream extraction of structured answers less robust compared
to answer-first generation. Fine-tuning helps enforce consis-
tent output formatting and largely eliminates parsing errors,
enabling more reliable extraction of structured predictions
across both generation settings.

Qualitative Analysis.
sistent prediction across all experimental settings.

Qwen-VL exhibits a strong and per-
As the

generated responses displayed in Table 6 regarding the exam-
ple shown in Figure 3, neither response ordering (rationale-
first vs. answer-first) nor fine-tuning alters its predictions. In
contrast, LLaVA demonstrates substantially higher sensitivity
to generation order and benefits more noticeably from fine-
tuning. After fine-tuning, LLaVA achieves the correct answer
in both response modes; however, its rationales remain par-
tially inconsistent or unfaithful to the predicted answer. For
example, the fine-tuned answer-first output predicts “D. air
traffic” while simultaneously describing the vehicles as pas-
senger shuttles. While fine-tuning can improve final answer
accuracy, it does not necessarily ensure coherent or seman-
tically aligned explanations. The findings also highlight the
strong influence of generation order on multimodal reasoning
behavior, particularly for LLaVA, where rationale generation
order can directly affect prediction outcomes.

Figure 3: Question: What are the orange vehicles for?

Options: A. police B. shuttle D. air traffic

Gold Answer: D. air traffic

C. passengers

Rationales:  "There are large planes.”, "They are there for the
pilots to tell them where to go or not go.”, "They keep an eye on the
planes.”

5 Related Work

Recent advances in vision—language reasoning (VLR) have
increasingly focused on integrating natural language expla-
nations (NLEs) into prediction pipelines. Early efforts, such
as e-ViL [Kayser et al., 2021], established a benchmark
for explainable vision—language tasks and evaluated mod-
els that generate human-readable explanations alongside an-
swers. These approaches emphasize explanation quality
and interpretability, but primarily treat explanations as auxil-
iary outputs rather than tightly coupled reasoning processes.
NLX-GPT [Sammani et al., 2022] enables simultaneous pre-
diction and explanation generation also through explanation-
supervision fine-tuning for VLR . However, the explanation
generation process is often only loosely aligned with the in-
ternal reasoning that produces the answer, and explanations
may remain post-hoc in nature.

More recently, reasoning-oriented methods have explored
intermediate reasoning steps, such as chain-of-thought (CoT)
prompting and compositional reasoning approaches applied
to challenging benchmarks like Winoground. These methods
aim to improve performance by explicitly generating step-by-
step reasoning. However, empirical gains on compositional
vision—language tasks remain limited, suggesting that sim-
ply adding intermediate reasoning steps does not necessarily
yield substantial improvements in fine-grained alignment or
compositional understanding [Mitra er al., 2024].
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Datasets such as A-OKVQA [Schwenk et al., 2022] and
[Lu et al., 2022] further promote explanation-driven VLR by
providing rationales grounded in commonsense and external
knowledge, enabling models to learn explanation-supported
reasoning. These datasets highlight the importance of multi-
step inference and knowledge integration, but existing work
largely focuses on improving prediction accuracy or explana-
tion quality, without systematically analyzing how explana-
tion order influences the reasoning process itself.

6 Conclusion

Despite these developments, prior work has largely over-
looked a key factor: the generation order of explanations
and answers. In practice, explanations may be generated
before, after, or jointly with the answer within a single re-
sponse, yet the impact of this ordering on model behavior has
remained underexplored. In this work, we explicitly isolate
and analyze the effect of generation order under controlled
settings, revealing that explanation order can significantly al-
ter model predictions. Our results show that Qwen-VL ex-
hibits stronger reasoning capability but remains sensitive to
generation order, while LLaVA demonstrates weaker reason-
ing and, in some cases, strong positional biases. Moreover,
we find that explanation supervision via fine-tuning substan-
tially improves consistency and robustness across generation
orders, though residual order sensitivity persists, especially
on compositional tasks. These findings suggest that expla-
nations are not merely auxiliary outputs but interact directly
with the reasoning process, highlighting the need to consider
generation structure when evaluating explanation faithfulness
in vision—language models.
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Response Mode [ Response

Qwen-VL Zero-shot

Rationale-first

{

"rationale": "The orange vehicles in the
image appear to be small utility vehicles
typically used by airport ground crews

for transporting equipment or personnel.
They are not police cars, shuttles for
passengers, or part of air traffic control
systems.",

"answer": "B. shuttle"

}

Answer-first

{

"answer": "B. shuttle",

"rationale": "The orange vehicles in

the image appear to be small shuttles or
service vehicles typically used on airport
runways for transporting luggage, supplies,
or personnel between different areas of the
airport."

}

Qwen-VL Fine-tuned

Rationale-first

{
"rationale": "The orange vehicles are
used to shuttle people around. The orange
vehicles are shuttles. The orange vehicles
can carry many people quickly.",

"answer": "B. shuttle"

}

Answer-first

{

"answer": "B. shuttle",
"rationale": "The orange vehicles
shuttle around the airport. The orange

vehicles move quickly to transport people
or luggage. The orange vehicles are
shuttles."

}

LLaVA Zero-shot

Answer-first

:Eanswer": "D",

"rationale": "The orange vehicles are
air traffic controllers, ensuring the safe
and efficient movement of airplanes on the
runway."

}

Rationale-first

{

"rationale": "The orange vehicles are
likely shuttles or trucks that are used

to transport passengers or luggage to and
from the airplanes. They are present near
the airplanes on the runway, which suggests
that they are involved in the airport
operations.",

"answer": "B"

}

LLaVA Fine-tuned

Rationale-first

"rationale": "The orange vehicles are used
to guide the planes. The orange vehicles
are used to guide the planes. The vehicles

are moving around an airport, which is

where air traffic control takes place.

air traffic controllers use vehicles to
communicate with pilots.",

"answer": "D. air traffic"

}

Answer-first

{

"answer": "D. air traffic",

"rationale": "The orange vehicles are
used to transport passengers. The orange
vehicles are shuttles. The vehicles are
shuttles."

}

Table 6: Response outputs from Qwen-VL and LLaVA across set-
tings and response modes.
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