A. Baselines

KVQA with Knowledge Graphs and Retrieval. We select
representative state-of-the-art approaches, including direct
question-only answering (Q Only) [14], BAN [11], MU-
TAN [3], ConceptBERT [7], KRISP [15], MAVEx [21],
VLCBERT [18], HCNMN [26], and MCAN [25]. Since
BAN and MUTAN are limited to learning unimodal visual
features, we enhance them with ArticleNet (AN) [14], which
retrieves relevant information from Wikipedia based on the
given question—image pair to support external knowledge
reasoning. These enhanced versions are referred to as “BAN
+ AN” and “MUTAN + AN” [14].

KVQA with LLMs / MLLMs. We employ PICa [23],
KAT [8], and REVIVE [12]. The results of KVQA with
Knowledge Graphs and Retrieval as well as KVQA with
Large Language Models are from prior work [5], where the
exact same experimental setup and evaluation protocols are
adopted.

IK-KVQA with Multimodal Large Language Models.
We employed three types of Multimodal Large Language
Models (MLLMs):

¢ Advanced open-source MLLMs: Including three regular-
sized models: Qwen2.5-VL-7B [2], Llama-3.2-11B-
Vision [6], and Gemma-3-12B [10]; as well as three
larger and more advanced models: Gemma-3-27B [10],
Qwen2.5-VL-72B [2], and InternVL3-78B [27]. All of
them are instruction-tuned versions.

* Proprietary state-of-the-art MLLMs: Including two
of Google’s most advanced models, Gemini 2.5 Flash
and Gemini 2.5 Pro [4], as well as OpenAI’s flagship
multimodal model, GPT-40 [9]. Both Gemini 2.5 Flash
and Gemini 2.5 Pro perform inference in the Dynamic
Thinking mode.

¢ Augmented MLLMs:

— Supervised fine-tuning (SFT) [17] is a crucial process
that trains a pre-trained MLLM on a high-quality dataset
of instructions and responses, making it more effective
at following specific commands and performing user-
facing tasks. The MLLM backbone is Qwen2.5-VL-7B.

— Chain of Thought (CoT) [20] is a prompting technique
that improves the reasoning abilities of large language
models by guiding them to break down a complex prob-
lem into a series of intermediate steps before providing a
final answer. The MLLM backbone is Qwen2.5-VL-7B.

— CoT + SFT is a well-optimized CoT-prompted SFT
baseline.

— LLaVA-CoT [22], a new multimodal model that uses
a chain-of-thought method to improve vision-language
models’ ability to reason step-by-step.

— M2-Reasoning (7B) [1] is a multimodal large language
model (MLLM) that achieves state-of-the-art (SOTA)
performance in both general and spatial reasoning by

using a high-quality data pipeline and a dynamic multi-
task training strategy.

— Self-Distillation Fine-Tuning (SDFT) [24] rewrites
task responses into its own style and fine-tunes on them
to reduce distribution shift and forgetting. The MLLM
backbone is Qwen2.5-VL-7B.

A.1. Implementation Details.

Our approach StaR-KVQA has been implemented using
PyTorch 2.7.0 as well as Python 3.10, and all experiments
have been conducted on the NVIDIA L20 GPU. During
training, the batch size (with accumulation) is set to 16, the
learning rate is 1e—4, the LoRA rank is 32, the LoRA alpha
is 64, the traininig epoch is 3. In the OK-VQA dataset, K is
set as 3, and in the FVQA dataset, K is set as 4.

We adhere to the established evaluation setting and fix
the random seed to 42 throughout data loading, parameter
initialization, and decoding. Consistent with prior work [5],
we report single-run results in the main tables to maintain
strict comparability with published baselines. We did not
sweep over seeds or report standard deviations; we view
multi-seed evaluation as complementary and leave it to future
extensions or large-scale replication studies.

To ensure a level playing field across closed- and open-
source models, we (i) supply only the image and the question
as inputs, without chain-of-thought or auxiliary prompts; and
(ii) adopt each model’s default inference hyperparameters
(decoding temperature and maximum generation length),
avoiding any model-specific tuning. This protocol matches
the default settings recommended by the model providers
and prevents gains from hyperparameter overfitting.

B. Metric

For the open-ended task, i.e., direct answer (DA) setting,
we evaluate generated answers using the following accuracy
definition:

#humans that provided that answer 1>
3 )

Accuracy = min (
(D

i.e., an answer is considered fully correct (100% accuracy)
if it matches the responses of at least three annotators. Be-
fore comparison, all responses are normalized by lowercase,
converting numbers to digits, and removing punctuation and
articles. We deliberately avoid soft similarity measures such
as Word2Vec [16], which may incorrectly cluster seman-
tically distinct words (e.g., “left” vs. “right”). Likewise,
we exclude machine translation metrics such as BLEU and
ROUGE, as they are mainly suited for multi-word sentence
evaluation rather than short answers typically found in VQA.



C. Theoretical Notes for StaR-KVQA

This appendix offers compact analyses that formalize how (i)
typed, path-grounded traces (planner + reasoning composer),
(i1) the single-model selector, and (iii) single-model self-
distillation contribute to StaR-KVQA. The statements are
backbone-agnostic and match the components introduced in
Sec 4.

C.1. Notation and Standing Assumptions

Let (I,Q,a*) ~ D denote image, question, and ground-
truth answer. A frace is T = (P, P,,C). Our model with
parameters 6 induces

pG(T>a|IvQ) :pe(Ptvpv|IaQ)p9(C|I7QaPt7Pv)
po(a|l,Q,T). 2

We reuse two structural predicates from Sec. 4.2:

Cover(C; P, P,) > Kk, Vis(C; I) > p, 3)
encoding path—sentence coverage and visual attestability.
Define the feasible set 7, , = {T": Cover > &, Vis > p}.

C.2. Generalization Benefit from Typed and Verifi-
able Traces

We compare an answer-only class with a trace-constrained
class that must produce 1" € 7 , alongside a.

Hypothesis classes. Let H,ps = {h: (I,Q) — a} and

Hirace = {h: (I,Q) = (Tha)st. T €T, ,pt. (4

Both are realized by the same architecture but trained with
different supervision.

Theorem 1 (Rademacher shrinkage via verifiable struc-
ture). Assume bounded losses ((a,a*) € [0,1] and
lirace (T a; a*) € [0, 1] with Lipace(T, a; a*) > €(a, a*) and
equality whenever T € T, ,. Then for any sample size N
and 6 € (0,1), with probability at least 1 — 0,

RD(htrace) S 7/?\VN(htrace) + 2 mN (Htrace) + ln(Ql]\//ts) )
Q)

and moreover RN (Hirace) < RN (Hans)
I(Tw,p)/II(T), where Rn(-) is the empirical
Rademacher complexity and 11(+) the growth function.

Intuition. Enforcing typed, verifiable traces prunes implausi-
ble labelings (fewer admissible traces per example), which
lowers the effective complexity term and tightens the bound.
Practical takeaway. Structure acts as an inductive bias with-
out changing the backbone.

C.3. Selector as Maximum Likelihood under a
Consistency-Noise Model

Our best-triplet selector uses the single-model setup to score
candidates. The score can be interpreted as a log-likelihood
under a simple noise model.

Model. For candidate b, define binary indicators

Yb(am), Y;)(em), Yb(ahgn), Yb(wh) € {0,1} for answer correct-

ness, explanation=-answer entailment, path—explanation

alignment, and explanation coherence. Assume conditional

independence given a latent quality ¢p:

Pr(Yb(J) =1|q)=oc(wjg), j € {ans, ent, align, coh},
(6)

with logistic o and weights w; > 0. Let géj ) € [0,1]
be soft proxies estimated by the model; the log-likelihood
is log L (@) = 30, 8 log o (wja) + (1~ ;”) log(1 —
a(wjgp))-

Proposition 2 (Selector equals MLE/MAP ranking). The
maximizer §, = argmax,logLy(q) is monotone in
sp(b) == >, wj(2yl§j) — 1). Therefore selecting b* =
arg max, sy (b) agrees with MLE (and with MAP under any
log-concave prior).

Intuition. The weighted consistency cues act like indepen-
dent “votes.” A larger weighted sum implies a larger MLE
quality and thus a higher rank. Practical takeaway. Our
LLM-as-a-judge ranking matches likelihood-based selection
under a reasonable noise model.

C.4. Single-Model Self-Distillation Reduces Super-
vision{Generation Shift

Let P be the generator distribution over traces (from
MLLM,) and Qg the student’s distribution after fine-tuning.
Let £ € [0, 1] be a bounded loss on completions.

Lemma 1 (Risk gap upper bounded by divergence). For any
(1,Q),

|ErnpL(T) — Erng,L(T)| < VZKLP[Qs). ()

Proof. By total variation (TV) and Pinsker’s inequality:
|Epf — Eqof| < 2TV(P,Q) for f € [0,1], and

TV(P,Q) < {/3KL(P||Q). Combining gives the stated
bound. O

Theorem 3 (Self-distillation alignment). If fine-tuning re-
duces KL(P||Qg) on augmented traces (i.e., the student
learns from traces in the generator’s style), the supervi-
sion—generation risk gap is O(\/KL(P||Qg)) by Lemma 1.
Using a single-model setup (shared format/tokenization) typ-
ically attains a smaller KL than heterogeneous teachers.



Intuition. Learning from “in-style” traces narrows the distri-
bution gap, which directly controls the risk gap. Practical
takeaway. Single-model self-distillation stabilizes training
and mitigates forgetting.

C.5. Training Objective as a Joint-Likelihood
Lower Bound

Our loss in Sec. 4 supervises (P, P,), C, and a. It can
be seen as maximizing a lower bound on log pg(a* | I, Q)
marginalized over feasible traces.

Proposition 4 (ELBO-style lower bound with feasible
traces). Let Ty , be the feasible set. For any auxiliary distri-
bution q(T | I, Q) supported on Ty, ,,

logpy(a™ [1,Q) = Eyllogpe(Pr, Py |1, Q)]
path term
+E,logpe(C|I,Q, P, P,)]
explanation term
+Eqlogpg(a*|I,Q,T)]

answer term

—KL(q(T|1,Q) [ po(T | 1, Q. a”)) -
®
Proof. Write logpg(a* | I,Q) =

log > rer., po(T,a|1,Q), insert ¢(T[1,Q), and
apply Jensen:

logZT:q(T)pe((j;’f;*) > E,[logpo(T,a*) —log q(T)].

Factorize py(T, a*) using the model and rearrange. O

Intuition. Supervising paths, explanations, and answers max-
imizes a tractable surrogate of the marginal likelihood; better
selection of ¢ (stronger traces) tightens the bound. Prac-
tical takeaway. Improving the selector/feasibility checks
translates into better training signals.

C.6. Putting Pieces Together

Theorems -3 and Prop. 4 jointly suggest: (i) typed, verifi-
able traces reduce effective hypothesis space; (ii) the single-
model selector is equivalent to MLE/MAP under a simple
consistency—noise view; (iii) single-model self-distillation
reduces supervision—generation shift; and (iv) the training
objective maximizes a joint-likelihood lower bound whose
tightness benefits from stronger traces and selection.

D. Use of Large Language Models

In preparing this article, Large Language Models (LLMs)
were employed only for stylistic refinement. Their role was
limited to editing the wording of certain sections in order to

improve readability and fluency of the manuscript. The intel-
lectual contributions—including the development of ideas,
design of experiments, analysis of results, and formulation
of conclusions—were carried out entirely by the authors. No
part of the research process, data interpretation, or scien-
tific claims relied on the use of LLMs. The authors assume
full responsibility for the content presented and ensure its
originality and accuracy.

E. Data Ethics Statement

To evaluate the efficacy of StaR-KVQA, we conducted exper-
iments which only use publicly available datasets, namely,
OK-VQA [14] and FVQA [19]. We also confirm that no
personally identifiable information was utilized, and this
research did not involve any human or animal subjects.

F. Prompts

Following the methodology of ROG [13], we process the
reasoning paths in two stages. First, we serialize each path
by separating its constituent steps with a <SEP> token and
terminating the sequence with </PATH>. Second, these
serialized paths are parsed and converted into a structured
format where consecutive steps are linked by an arrow (—),
e.g.,dog.color -+ dog.size.



Prompt of Dual-Path Planner

Given the image and the question below, generate exactly two relation paths
to help answer the question using a knowledge graph reasoning approach.
Follow the instructions precisely:

1. **vision_path**: Infer a visual reasoning path based on detectable
objects, scenes, or attributes in the image.

2. **text_path**: Derive a semantic reasoning path from the meaning of the
question using background knowledge.

IMPORTANT:

- Output ONLY two lines.

- Use the exact format:

vision_path: <PATH> relationl <SEP> relation2 <SEP> ... </PATH>
text_path: <PATH> relationl <SEP> relation2 <SEP> ... </PATH>

- Do NOT include any explanations, additional text, or extra lines.

- Replace relations with appropriate knowledge graph predicates (e.g.,
object.type, sports.use).

- Use <SEP> to separate each step in the path.

- End each path with </PATH>.

Example:

Question: What sport can you use this for?

text_path: <PATH> sports.equipment <SEP> sports.name </PATH>

image_path: <PATH> vehicle.type <SEP> vehicle.brand <SEP> sports.use </PATH>

Now answer the following:

{{Image}} {{Question}}

Figure 1. Prompt of Dual-Path Planner.

Prompt of Reasoning Composer

Based on the vision reasoning path {{vision_path}} and the text reasoning path
{{text_path}} , analyze the image to answer the question: {{ Question}} .

Use both paths as your primary guide for reasoning. Apply the visual path to
identify relevant objects or features in the image, and interpret the text
path to understand the semantic relationship needed. Combine both to reach a
clear conclusion.

Do not say the instruction is unclear or incomplete. Assume the paths are
valid and sufficient. Avoid emojis, disclaimers, or speculative language. Be
factual, concise, and directly derive the answer from the two reasoning paths.

Figure 2. Prompt of Reasoning Composer.

Prompt of Best-Triplet Selector

You are a judging module that outputs exactly one lowercase letter from the
provided choices.
Think silently; do not write your reasoning.

Primary criteria:

1) ExplanationsAnswer entailment.

2) PathsExplanation alignment (C explicitly references vision_path / text_path).
3) Visual plausibility from Image.

4) Coherence and concision.

5) a_pred vs ground_truth correctness (normalized; allow clear synonyms).

Output constraints:
- Output exactly one character from {{choices_letters}} .
- No spaces/newlines/punctuation.

Image: {{ Image}} Question : {{ Question}}

{{ #each candidates as Icand idx|}}
{{ choices_letters[idx]}}:

text_path : {{ cand.text_path}}
vision_path : {{ cand.vision_path }}
C: {{ cand.C}}

a_pred: {{ cand.ans}}

{{ /each}}

ground_truth: {{ ground_truth}}

Figure 3. Prompt of Best-Triplet Selector.
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