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Abstract. Frontier Multimodal Large Language Models (MLLMs) ex-
hibit remarkable capabilities in Visual-Language Comprehension (VLC)
tasks. However, they are often deployed as zero-shot solution to new
tasks in a black-box manner. Validating and understanding the behav-
ior of these models become important for application to new task. We
propose an Explicit Logic Channel, in parallel with the black-box model
channel, to perform explicit logical reasoning for model validation, selec-
tion and enhancement. The frontier MLLM, encapsulating latent vision-
language knowledge, can be considered as an Implicit Logic Channel. The
proposed Explicit Logic Channel, mimicking human logical reasoning, in-
corporates a LLM, a VFM, and logical reasoning with probabilistic infer-
ence for factual, counterfactual, and relational reasoning over the explicit
visual evidence. A Consistency Rate (CR) is proposed for cross-channel
validation and model selection, even without ground-truth annotations.
Additionally, cross-channel integration further improves performance in
zero-shot tasks over MLLMs, grounded with explicit visual evidence to
enhance trustworthiness. Comprehensive experiments conducted for two
representative VLC tasks, i.e., MC-VQA and HC-REC, on three chal-
lenging benchmarks, with 11 recent open-source MLLMs from 4 frontier
families. Our systematic evaluations demonstrate the effectiveness of pro-
posed ELC and CR for model validation, selection and improvement on
MLLMs with enhanced explainability and trustworthiness.
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1 Introduction

Recently, MLLMs have advanced significantly, reflected by the frequent release
of frontier models from leading Al organizations and the expansion of vision-
language (VL) benchmarks in both scale and diversity [194[36L{42.[74.|77], as well
as numerous applications [45/60]. Despite these advances, recent research increas-
ingly highlight the limitations of MLLMs in reliability, factuality, explainability,
and logical reasoning [5}[141/25//33}53}|64}73]. Due to data privacy concerns, large
model sizes, and the closed-source nature of models, frontier MLLMs are often
used as black-boxes for zero-shot inference on new tasks. Therefore, it is crucial
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Fig. 1: Illustration of Explicit Logic Channel (ELC) for MLLM model validation and
selection (upper) and performance enhancement (lower) for novel VLC application in
zero-shot setting without the need of ground-truth annotation. In ELC, we combine
LLM, VFM and Logical reasoning to derive a prediction on explicit and concrete visual
evidence and logical validation for the VLC task.

to be able to identify reliable models and improve prediction accuracy without
fine-tuning for new tasks .

Vision-Language tasks, such as VQA and VG (Visual Grounding), in general,
require a model to make a decision to a text query on visual information, needing
a high-level understanding and concrete visual evidence to support the response.
Recently, significant progresses have been achieved for enhancing the visual-
language consistency and reliability, such as Grounded VQA and
VideoQA . The advancements can be classified into three categories:
Dataset, Training, and Metric. First, new datasets with additional annotations of
related visual information are proposed, including attention region , object ﬂgﬂ,
and scene-graph . Second, extensions of architecture and grounding objective
function are proposed to force the model also providing grounded visual cue with
the text answer on the new datasets with additional annotations [30}/31]. Third,
corresponding to the formats of the extended datasets, new metrics are proposed
which evaluate the performance on not only the text answer but also the visual
information on the additional annotations . These efforts focus on
enhancing self-explanation of models on their responses. They might not be
applicable for model validation in zero-shot applications without gt annotations.

As MLLMs are pre-trained on vast VL corpora, they are assumed to have im-
plicitly learned human-like reasoning, forming an Implicit Logic Channel (ILC)
that operates as a block-box. However, human makes decisions on explicit facts,
relationships and logical rules . To validate the correctness of ILC, we in-
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troduce a novel Explicit Logic Channel (ELC), that runs in parallel with ILC.
In ELC, a LLM is prompted to extract concept-level, task-related facts and re-
lations from the input text. A VFM then grounds these facts explicitly in the
image. Novel Logic Reasoning approaches are proposed to perform probabilistic
inference on the grounded facts and relations and make the decision with explicit
visual evidence. We further propose a Consistency Rate (CR) between the ILC
and ELC, enabling model validation, justification, and selection, even without
ground-truth (gt) annotations. The explicit visual evidence enhances user trust
in predictions, while inconsistent samples are flagged for efficient manual inspec-
tion. In addition, based on auto-selected consistent sample set, we propose an
aligned fusion to combine both channels for task performance enhancement and
model verification without gt annotation and model fine-tuning.

To evaluate the effectiveness of ELC and CR for zero-shot VLC tasks, we
conduct experiments on two representative tasks, i.e., MC-VQA and HC-REC,
using three recent challenging benchmarks, i.e., NegBench, HC-RefCOCOg and
HC-RefLoCo. We examine 11 frontier open-source MLLMs across four leading
families, i.e., Gemma, LLaVA, InternVL and QwenVL. Our experimental results
show that, (a) the metric CR is strongly correlated with accuracy and provides
reliable evaluation without gt annotation; (b) ELC with CR enables effective
model validation and selection for VLC tasks without gt annotations; (c) the
aligned fusion of ILC and ELC further improves VLC performance while offering
explicit logical justification for enhanced trustworthiness.

Our main contributions include: (1) A general and adaptable Explicit Logic
Channel with foundation models and Logic Reasoning, enabling validation, se-
lection and enhancement of MLLMs on novel VLC tasks without gt annotation;
(2) A logic consistency metric CR for model performance evaluation without re-
quiring ground-truth; (3) A comprehensive study across 11 frontier MLLMs from
four leading families, demonstrating the effectiveness of explicit logic consistency
analysis for zero-shot VL applications.

2 Related work

LVLMs. Large Vision-Language Models (LVLMs) have grown rapidly in recent
years [411[70]. Representative VLMs, particularly CLIP cluster models [52}/62],
and those developed on BLIP [37] and ALIGN |28|, are pre-trained on mas-
sive VL corpora. Another major category is MLLMs, which adopt a pre-trained
LLM as the backbone |71]. Visual features are extracted by a vision encoder,
projected into the LLM’s token space, and inserted into the token sequence for
auto-regressive prediction. Recent MLLMs include LLaVA [43]|, GPT-4V [69],
Gemini [22], InternVL [11], and Qwen-VL [3]. In this work, we perform evalua-
tions on 11 frontier MLLMSs from four leading families. The open-source models
with less 10B parameters make them practical for real-world applications.

VLC benchmarks. Benchmarks for evaluating LVLM performance on VLC
tasks have expanded rapidly [20,|41]. VLC capabilities are commonly assessed
using Visual Question Answering (VQA) and Referring Expression Comprehen-
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sion (REC) or Visual Grounding. Early VQA datasets typically involve multiple-
choice questions or short textual answers, while later benchmarks broaden ques-
tion types, domain knowledge, and tasks such as mathematical reasoning and
chart understanding. Recent efforts also examine dataset bias [35] and negation
understanding [2,[29]. Many standard VQA datasets have become less challeng-
ing for frontier models [41] due to extensive pre-training. Thus, we adopt a recent
benchmark with negations to evaluate the effectiveness of zero-shot setting. The
REC task aims to localize an image region based on a referring expression [67].
Standard datasets include RefCOCO [72]|, RefCOCO~+ [72], and RefCOCOg [48],
constructed from MS COCO. However, RefCOCO/+ might not be adequate for
evaluating LVLM due to their concise referring phrases and limited vocabu-
lary. On the other hand, zero-shot REC remains challenging [23]. Therefore, we
conduct experiments on HC-RefCOCOg, which features richer descriptions (8.9
average words vs 3.3 and 3.4 in RefCOCO/+), and HC-RefLoCo [65], a recent
challenge with long context expression of 93 words in average.

Logic reasoning on LLMs and VLM. Enhancing the logical reasoning ca-
pabilities of LLMs have attracted research attention [13}/51]. Prior work focuses
on improving logical accuracy and consistency in generated responses. The ap-
proaches include introducing an external logic solver [164/50] or building addi-
tional dataset with logically consistent annotations to fine-tune a model |17].
In BIRD |18], probabilistic inference is used to improve the trustworthiness of
LLM. Existing NeuroSymbolic frameworks are sequential structures from Neuro-
Networks to Logic Engines, and the programming methods typically require ad-
ditional learning to perform logic reasoning [24},39.|40,/68|. Different from these
approaches, we propose a Dual-Channel framework and the ELC performs logic
reasoning on grounded facts without additional training.

3 Methodology

A VLC task can be defined as follows: given an image I and a text expres-
sion 7', the goal is to produce a logical decision D. When applying MLLM to
a VLC problem, it can be formulated as D= Furom(I,T), where D denotes
the predicted decision and Fpsrrar() represents the function of MLLM to pre-
dict the correct decision. Recent studies show that an MLLM functions as a
statistical prediction function, which predicts the next token based on the pre-
ceding sequence of visual and textual tokens, according to learned probability
distributions. Hence, the function of the MLLM can be expressed as

b:fMLLM(I7T) = argmaxpep Py (D|I,T), (1)

where D represents a potential decision set. As MLLM makes prediction directly
from the visual language inputs without explicit reasoning, it acts as a black-
box. This often leads to factual inaccuracies [49] and hallucinations |5} 25,[53],
especially when the model is applied to novel tasks without gt annotations.

In contrast, humans justify decisions using explicit visual evidence and con-
crete logic rules [61]. Various modern foundation models can provide comple-
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mentary strengths that support such explicit reasoning. LLMs excel at lan-
guage understanding and semantic reasoning [77], MLLMs extend this capa-
bility to vision-language descriptions and VQA [4,[11,/44], and VFMs are pre-
trained for fundamental visual tasks such as classification, segmentation and
detection [34,/56]. Although these models are trained with different annotations,
they share large overlapping public datasets. Therefore, they should provide
consistent and complementary information when given the same same multi-
modal input. Hence, we propose a Logic Channel, that operates in parallel with
MLLM, to support model validation, selection, justification and enhancement
without requiring ground-truth. Given a VLC problem, the logic channel can
be formulated as a three-step operation. First, a set of task-relevant facts and
logical relations is extracted from the text expression by prompting an LLM.
This can be expressed as (FQ,RS) = Frrm(T|prompt), where the subscript s
indicate the semantic-level representation. Next, a VFM is employed to ground
each extracted fact in the query image I, and produce corresponding confi-
dence probabilities, i.e., F, = Furu (I|FS), where the subscript v denotes the
grounded visual evidence. Finally, basic logical rules for factual, counter-factual,
and relational reasoning are applied to derive the logical inference as

Dy = FrLr(D|I,T) = argmaxpep PLr(D|F,, R,), (2)

where the subscript LR represents Logic Reasoning.

The proposed dual-channel framework is illustrated in Figure [Il The up-

per channel employs an MLLM to produce prediction directly as a black box,
forming the Implicit Logic Channel (ILC). The lower channel, mimicking human
logical reasoning, employs an LLM and VFM to explicitly extract and ground
facts, followed by applying logical reasoning on the grounded facts for final de-
cision, forming the Explicit Logic Channel (ELC). When the foundation models
understand the VLC problem well, the two channels should be consistent and
complementary.The logical consistency between the two channels provides prin-
cipled basis for model validation, selection, justification and enhancement in
zero-shot applications.
Validation: When applying an MLLM to a new VLC task, it is common to
have a set of test samples without gt annotations. In such cases, the proposed
dual-channel system allows us to evaluate the logical consistency between the
ILC and ELC. Let Q represents the test set and ¢ € Q is a test sample. We
define the Consistency Rate (CR) between ILC and ELC as

1 . .
OR = 151 2,0 IP(@ = Dr(@), (3)

where the indicator function I returns 1 if the two channels produce consistent
predictions and 0 otherwise. For different VLC task, a suitable indicator function
has to be implemented. A higher C'R indicates that the MLLM is more reliable
and logical for the new task. In practice, C R reflects three general situations:

— Well-covered knowledge. If the knowledge required for the VLC task is well
represented in the shared training datasets of the foundation models, both
channels tend to produce correct predictions, resulting in high C'R.
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— Partially covered knowledge. If only partial knowledge is presented in the
shared training data, one of the two channels may fail to perform correctly,
leading to lower C'R.

— Novel or OOD scenarios. If both the language expressions and visual content
are novel compared to the existing training datasets, e.g., out-of-distribution
(OOD) scenarios, both channels may fail, and the CR score becomes low.

Therefore, C R can be used as a principled metric for zero-shot model selection

when the gt annotations are not available for a new VLC task. The discrepancies
between the two channels also provide cues to user to perform manual validation
and diagnose the situation without the cost of gt annotations.
Enhancement: The two channels provide complementary strengths, and fusing
their outputs can further improve prediction accuracy. The logical consistency
serves as a guide for aligned fusion. In principle, when the ILC and ELC pre-
dictions are logically consistent, the prediction is highly likely to be correct.
Our experiment results strongly support this assumption. Let Q. € Q be the
consistency subset, where, for each ¢ € Q., ]I(b(q) = DLR(q)) = 1, indicating
that D(q) and Dy r(q) are reliable predictions from the ILC and ELC channels,
respectively. For all samples in the consistent subset Q., we compute the mean
confidence scores of the reliable predictions for both channels as

1 1
L — E Py (D d u$ = — E Prr(Dl|q). 4
Prirc ‘Qc| q€0. ]W( |q) an KELC |Qc| q€0. LR( |q) ( )

Without gt labels, for ¢ € Q., predictions from both channels should be trusted
equally. When applied to a new test example g,,, the probability of aligned fusion
can be computed as

Pp(Dlgn) = Pr(Dlgn) + pipclPrr(Dln)/ nprel, (5)

where the prediction from ELC is first normalized on u%; .~ and re-scaled to
align with ILC. Aligned scores are used for final decision on maximum. Beyond
prediction, the difference between the final decision and predictions from ILC and
ELC would provide additional information on the reliabilities of the channels.

3.1 Logic Consistency for MC-VQA on Factual Evidence
A representative task of VLC is multiple-choice VQA (MC-VQA). Given an

image I, a question T' and a set of candidate answers A = [a1, - ,ak], the
model must choose the correct answer (¢ € [1, K]). A related variant replaces
the question with a set of candidate captions T = [T1, - - - , Tk], where the model

selects the most suitable caption (¢ € [1, K]). It can be formulated as

¢ =arg max Pu(c|I,T,A) or ¢=arg max Ppy(c|I,T). (6)
c€[1,K] c€[1,K]
In both cases, the MLLM operates as a black-box choice function.
To evaluate joint vision-language understanding, MC-VQA datasets typically
design questions or captions that reference objects or concepts that are present or
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Fig.2: ELC (Explicit Logic Channel) and logic consistency for MC-VQA task on
factual and counter-factual reasoning, with an example from NegBench for illustration.

absent from the image. Logically, solving such tasks requires decisions grounded
in factual evidence (presence of positive elements) and counter-factual (absence
of negative elements). As modern LLMs possess powerful capabilities in language
understanding, concept extraction, and semantic reasoning, for each text query,
we prompt the LLM to extract positive (pos) and negative (neg) objects or
concepts for explicit logical justification.

The dual-channel system for MC-VQA is presented in Figure 2] with an ex-
ample from NegBench for illustration. For each question, the MLLM receives
the image, the text query, and answer choices, and is prompted to output both
the predicted answer and confidence values (0%-100%) for all K options (i.e.,
Pps()). In the ELC, an LLM is first prompted to extract the pos and neg nouns
from the text query. These nouns are then passed to a VEM. For each object cat-
egory, the VFM locates all instances in the image and computes their detection
probabilities. The probability of an object category is obtained as the maximum
over all its detected instances. Let there be K pos object categories and L neg
object categories, their presence probabilities are denoted as {P(OF)}L, and
{P(OL)}L_,. The presence of pos objects provides factual evidence on 7', while
the presence of neg objects provides counter-factual evidence. The corresponding
probabilities are computed logically as

P(pos) = min{P(0,),--- , P(O;)}, P(neg) = max{P(0y), --,P(O;)}. (7)
The final probability of factual and counter-factual evidence is computed as

P(pos), neg = ()
Ppr(c|I,T) = { 1 — P(neg), pos= @1 (8)
(P(pos)(1 — P(neg))]? , pos # 0 & neg # 0

where the geometric mean is used for normalization as done in . The ELC
selects the choice with the maximum posterior Prg(T|I) as the correct answer.

For validation, the two channels are run independently, and C'R is then com-
puted. With a small set of logical consistent samples, the system can further
enhance the performance by applying the aligned fusion strategy in Eq. ,
fusing outputs from both the ILC and ELC channels.
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Fig. 3: ELC (Explicit Logic Channel) and logic consistency for HC-REC task on object
association, with an example from HC-RefCOCOg for illustration.

3.2 Logical Consistency for HC-REC on Association

Referring Expression Comprehension (REC) is another representative task in
VLC. Given an image I and a text expression 7', the goal is to localize the referred
object (O). Recent Human-Centric REC (HC-REC) benchmarks introduce rich
or long contextual descriptions, making them challenging for VL.C . In HC-
REC, correct prediction depends on the presence of the target person, associated
objects, and understanding their visual relations in the image.

The dual-channel system for HC-REC is shown in Figure 3] with an example
from HC-RefCOCOg for illustration. In ILC, the MLLM receives the image and
text query, and is prompted to directly predict the bounding box coordinates of
the referred person, along with its confidence score (i.e., Py(hm|T)). In ELC,
an LLM is prompted to extract person-related and object-related nouns from 7.
Then, these nouns are passed to a VFM to locate all instances of the described
persons and associated objects. Each detected person is cropped, and fed to a
VLM along with the referring expression to obtain a vision-language matching
score. For associated objects, their presence probabilities are based on detection
confidence scores. Assume that there are (K + 1) extracted nouns, which consist
of one person H and K object concepts, denoted as {H, Oy, -+ ,0Of}. The VFM
locates a set of instances for person and objects. For each detected instance, let
h; denote the ith detected person, and oj; the /th instance of object O;.

To estimate the probability of each person being the target, we adopt an
evidence-accumulation approach, as inspired by the principle of perceptual decision-
making ﬂ§| Formally, it can be expressed as

Puita|T) = g (S0, POOWIR) + POuI)). )

where P(h;|H) represents the presence probability of person h;, and P(Oylh;)
denotes its association with object Oj. Assuming that there are L detected
instances of object Oy, i.e., {okl}le, the association rate between h; and og; can
be computed as

Ra(ori, hi) = Aini(ont, hi) [A(on), (10)
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Fig.4: ELC (Explicit Logic Channel) and logic consistency for task of HC-REC on
long context text query, with an example from HC-RefLoCo for illustration.

where A;n¢ (o, hi) denotes the intersection area of oy, and h;, and A(oy;) is the
area of og;. The overall association probability between h; and Oy becomes

P(Op|h;) = maxjep, ) {Ra(ok, hi)} - (11)

Finally, the person with the highest accumulated probability Prg(h;|T) is se-
lected as the grounded person in the ELC.

For model validation, both channels operate independently and the CR is
computed across multiple IoU levels, e.g., IoU thresholds of 0.5, 0.75, and 0.9.
When fusing two channels for performance enhancement, we incorporate IoU-
weighted probabilities for each candidate person, and extend the aligned fusion
Eq. to HC-REC as

Pp(hm|T) = PM(hm|T) + maX;e[1, K] [IOUmi . (%L&CPLR(hAT))] (12)
Pr(hi|T) = I0oUsp, - Pry(hin|T) + EJLLCPLR(hi‘T)

The person with the highest Pr() value is selected as the final prediction.

3.3 Logic Consistency for HC-REC on Correlation

Recent VLC tasks involving very long referring expressions have introduced new
challenges for MLLM, especially in zero-shot settings. With the powerful capa-
bilities of LLMs in language understanding, summarization and semantic cate-
gorization, we can leverage these strengths by prompting the LLM to extract
essential visual facts from long text descriptions, and use them to guide explicit
logical reasoning (i.e., ELC) for visual-language verification.

In HC-REC with very long context input, the challenge is not only the text
length, but also the presence of many non-informative or weakly relevant sen-
tences. For VLC, sentences containing essential visual facts are far more infor-
mative for locating the target person than sentences describing general context
or unrelated events . Consider the following example of long referring ex-
pression for an image of human activities in a public park: “ This is a scene of
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a public park in Sunday. People play various activities in the morning. A young
lady in red sportswear is sitting on a bench for a rest. A blue bottle is placed on
the bench beside her.” The first sentence (S1) is a description of the environment,
and does not lead the attention to the target young lady (H). The second (S2)
is not closely related and may incorrectly draw attention to every person in I.
The third (S3) provides the core description that uniquely identifies the target
H. The fourth (S4) provides secondary but relevant information. Following the
recommendations in [12]|, we prompt the LLM to classify each sentence into one
of the three categories, i.e., Essential Fact, Non-Essential Fact or Environment,
for the task of HC-REC. The full prompt template is presented in Suppl. Mat.
The dual-channel system for HC-REC with long context expression is pre-
sented in Figure[d] with an example from HC-RefLoCo for illustration. The ILC
operates the same as in Figure [3] while the ELC is adapted to focus on the effec-
tiveness of sentence-level information. The long context expression is first split
into sentences and the LLM is prompted to classify each sentence into one of the
three categories. Then, a VFM detects all persons in the image and each person
box is cropped. Each cropped person patch is paired with each sentence to form
a VL pair, and fed to a VLM to obtain a VL matching probability. If there are IV
detected persons and K sentences, the set of predicted Human-Sentence matches
can be denoted as {{Pyar(hn|Sk)} -, }2_,. Naturally, pairings between Essen-
tial Facts and the correct person would results in higher probabilities, while other
pairs produce lower matching scores. Following the principle of human decision-
making theory |7], the final logical prediction can obtained as a weighted function

PunlinlT) = 300 Purar(hnlSi)u(Sy) (13)

where u(Sy) is a utility weight of Sy that reflects its informativeness for percep-
tual decision-making. On common-sense knowledge, the sentences of Essential
Facts should receive higher utility weight, Non-Essential Facts sentences should
have moderate weight, and the Environment sentences should receive very low
weight. This common-sense weighting is effective for perceptual decision-making
especially in zero-shot application scenarios. The person with the highest accu-
mulated score is selected as logical prediction of ELC.

Model validation and enhancement follow the same procedure described in
previous subsection [3.2) on HC-REC task.

4 Experiments

We conduct comprehensive experiments to evaluate the effectiveness of ELC and
CR for model validation and enhancement when applying MLLMs to novel VLC
tasks under zero-shot settings without gt annotations. Evaluations are performed
across two representative VLC tasks on three recent challenging benchmarks,
with 11 frontier open-source MLLMs from four model families.

Tasks and Datasets:

NegBench |[2] is a recent benchmark designed to assess visual-language under-
standing under factual and counter-factual reasoning. Each sample contains both
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positive and negative phrases, and choices follow three linguistic templates: Af-
firmation, Negation, and Hybrid. An affirmation text contains only positive el-
ements {pos}, i.e., objects present in the image. A negation text includes only
negative elements {neg}, i.e., objects absent from the image but commonly asso-
ciated with the present objects. A hybrid text contains both positive and negative
elements. There are three natural image MCQ tasks, i.e., COCO, VOC2007, and
HardNeg-Syn. Our experiments are conducted on the publicly available data, i.e.,
5914 MCQ questions on COCO and 5032 MCQ questions on VOC2007.

Recent HC-REC (Human-Centric Referring Expression Comprehension) bench-
marks, extended from general REC task, are created for evaluating VLC capa-
bilities in MLLMs [65]. RefCOCOg [48] is created from COCO with enriched
phrases (average 8.9 words), as compared to RefCOCO/+ (3.3 and 3.4 words),
providing a more challenging scenario.

HC-RefLoCo (Human-Centric Referring Expression Comprehension with Long
Context) [65] is a recent challenging benchmark featuring long-context expres-
sions with an average of 93.2 words. It is built upon various image datasets,
including COCO, Objects365, Openlmage v7, and LAION-5B, covering a wide
range of real-world scenes. These datasets allow us to examine the robustness of
MLLMSs under both moderate-length and extremely long referring expressions.

Experimental settings: ILC predictions are generated using the default prompt
templates provided by each benchmark. In ELC, we employ Qwen3-4B-Instruct [59]
as the LLM, EvaCLIP-8B [57] as the VLM for HC-RefCOCOg and InternVL2.0-
8B [11] as the VLM for HC-RefLoCo. All models are moderate-sized, with no
fine-tuning or additional optimization is applied. Extensive ablation evaluations
on ELC, including reliability on model variations, critical false positives, confu-
sion matrix, and latency analysis, can be found in the Suppl.

Experimental objectives:

Our experiments are designed to answer three key questions: (1) Is CR score
meaningful without gt. To assess whether CR can serve as a reliable metric
in zero-shot evaluation, we compute CR between ILC and ELC, and compute
accuracy (Acc) based on gt for analysis. We measure their relationship using
three representative correlation coefficients |1|: Pearson’s r (1), Spearman’s rho
(p), and Kendall’s tau (7). r compares the scores of the metrics, while p and
7 compare the rankings on the metrics. Each coefficient ranges from -1 to 1,
where values near 1 indicate strong positive correlation, values between 0.5 and
-0.5 indicate weak or no correlation, and values near -1 indicate strong negative
correlation. (2) Is CR score helpful for model validation and selection with-
out gt. On each of the three benchmarks, we evaluate 11 frontier MLLMs and
analyze their performance, e.g., reliable predictions, strong models. (3) Effec-
tiveness of ELC and CR in enhancing MLLM performance for VLC without gt.
We evaluate the effect of aligned fusion between ILC and ELC, and examine
the performance gain across benchmarks. Our results support that ELC and CR
provide consistent performance improvements without requiring any additional
training, confirming its practicality for zero-shot applications.
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4.1 Experimental Results

MC-VQA Results on NegBench: Table [I| summarizes the performance of
the 11 MLLMs on NegBench. The column Ace/Rank reports the Accuracy score
and its corresponding ranking. C R/Rank presents the CR score and its ranking,
and Accg shows the Accuracy of enhancement after applying aligned fusion. We
observe that both InternVL and Qwen are strong model families, where three
out of four models achieve high Acc/Rank and CR/Rank across COCO and
VOC2007 datasets.

Table 1: Results on NegBench for MC-VQA task.

NegBench \ COCO \ VOC2007
MLLM ‘Acc/R/ank‘CR/R,ank‘ACCE ‘Acc/’Rank‘CR/Rank‘AccE

Gemma-3-12B 58] [0.7198/6 [0.6715/6 [0.7201 0.8750/5 [0.8006/5 |0.8752
InternVL2.0-8B [11] {0.4878/9 [0.3980,/10/0.8434 [0.5868/10|0.5198/10(0.9352
InternVL2.5-8B [11| [0.9121/2 [0.7038/4 |0.9650(0.9201/3 |0.8076/4 [0.9809
InternVL3.0-8B [11| {0.9319/1(0.7259/10.9557 [0.9537/1 |0.8424,/1 |0.9684
InternVL3.5-8B [11| [0.8429/3 [0.6583/7 |0.9324 [0.9221/2 |0.8088/3 [0.9750
LLaVA-1.5-13B [44] {0.6206/8 [0.5810/8 |0.6206 [0.7738/8 |0.7112/8 [0.7738
LLaVA-1.6-13B [44] |0.3898,/10(0.4004/9 |0.4499 |0.6528/9 |0.6096/9 [0.6897
QwenVL-7B-Chat [4]|0.2426/11|0.2310/11|0.6245 0.2371/11 |0.2314/11(0.5560
Qwen2.0-VL-7B [4] |0.6968/7 [0.6743/5 |0.7076 |0.8535/6 |0.7822/6 |0.8764
Qwen2.5-VL-7B [4] [0.8165/4 [0.7109/3 [0.8356 |0.9197/4 (0.8374/2 |0.9223
Qwen3.0-VL-8B [4| [0.7753/5 [0.7134/2 [0.7758 |0.8408/7 [0.7688/7 |0.8408

ELC |0.7577 | \ [0.8684 | \

HC-REC Results on HC-RefCOCOg and HC-RefLoCo:

The results of 11 MLLMs on HC-RefCOCOg are presented in Table [2] The
column Acc/50/75/90/R denote Accuracy scores obtained at IoU thresholds
0.5, 0.75 and 0.9, and the ranking based on Acc50. Corresponding C'R is also
computed at IoU thresholds 0.5, 0.75, and 0.90. CR50 scores are presented here
(see full results in Suppl. Mat.). The column CR/R denotes CR50 scores and its
ranking. The enhanced performance is evaluated on test set with the alignment
weight obtained on val set. The Accuracy scores of enhanced performance are
added in column Ag/50/75/90 of test set. Table [3[ presents the results of 11
MLLMs on HC-RefLoCo. Here, the column mAcc denotes the mean Accuracy
over IoU from 0.1 to 0.9 with step size 0.1. Again, enhanced performance is
evaluated on test set. Only Accb50 and mAcch0 are presented (see Suppl. Mat.).
Correlation Analysis: Based on the accuracy and CR scores across the three
benchmark tables, we compute the correlation coefficients between Acc and CR
for all models and presented in Table [4]

Latency Analysis: Naturally, ELC introduces additional time cost. The main
time costs are spent by LLM for language parser, VFM for human and object
grounding, and VLM for vision-language association. The ELC time cost infor-
mation on the three benchmarks are presented in Table
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Table 2: Results on HC-RefCOCOg for HC-REC task.

HC-RefCOCOg |

val

test

MLLM

|Acc/50/75/90/R |CR/R |Acc/50/75/90/R |CR/R |Ag/50/75/90

Gemma-3-12B
InternVL2.0-8B
InternVL2.5-8B
InternVL3.0-8B
InternVL3.5-8B
LLaVA-1.5-13B
LLaVA-1.6-13B
QwenVL-7B-Chat
Qwen2.0-VL-7B
Qwen2.5-VL-7B
Qwen3.0-VL-8B

.088,/.004/.001,/10
751/.657/.386/4
765/.710/.517/3
1699/.620/.403/6
780/.735/.597/2
.219/.069/.012/9
.076,/.007/.001/11
.391/.361/.300/8
715/.631/.489/5
684/.591/.395/7
804/.749/.597/1

.081/11
6654
.670/3
618/6
.681/2
224/9
.089/10
A11/8
629/5
612/7
703/1

.088/.004,/.001/10
755/.672/.408/4
775/.722/.533/3
.713/.639/.427/6
.808/.761/.610,/2
236/.076/.015/9
1082/.005,/.002/11
.391/.365/.305/8
735/.647/.507/5
.709/.620/.390/7
818/.777/.632/1

.082/11
.663/3
.657/4
.613/7
681/2
.231/9
.087/10
.395/8
.629/5
618/6
.692/1

752/.690,.587
841/.777/.637
850/.791/.659
837/.771/.633
854/.796/.670
768/.695,.586
752/.693/.591
780/.724/.616
833/.769/.643
838/.776/.642
.856/.798/.673

13

ELC |.807/.747/.628 | |.801/.743/.634 | |

Table 3: Results on HC-RefLoCo for HC-REC task.

HC-RefLoCo ‘
MLLM |Ace50[mAcc/R|CR/R | Acc50lmAcc/RICR/R | Accub0|mAccy

.0921 |.0219/10|.0860,/10|.0920 |.0220/10|.0860,/10|.4270 |.3500
7592 |.5403/4 |.6802/4 |.7534 |.5350/4 |.6860/4 |.8120 |.6412
.5039 |.3048/7 |.4447/7 |.4970 |.3041/7 |.4478/7 |.6618 |.5144
.6817 |.4790/6 |.6100/6 |.6742 |.4720/6 |.6095/6 |.7630 |.6071
.8832 |.6718/2 |.7691/2 |.8866 |.6733/2 |.7746/2 |.9003 |.7323
.1906 |.0821/9 |.1936/9 |.1957 |.0834/9 |.1966/9 |.4304 |.3353
.0626 |.0140/11|.0612/11|.0621 |.0144/11|.0589/11|.3335 |.2797
.3284 |.2687/8 |.3313/8 |.3314 |.2699/8 |.3332/8 |.4959 |.4303
.8396 |.6532/3 |.7375/3 |.8451 |.6542/3 |.7449/3 |.8652 |.7123
7502 |.5283/5 |.6604/5 |.7522 |.5288/5 |.6650/5 |.8260 |.6526
9412 |.7992/1 |.8045/1 |.9418 |.8024/1 |.8128/1 |.9388 |.8143

|.804 |.723 | |815 |.734 | \ \

val ‘ test

Gemma-3-12B
InternVL2.0-8B
InternVL2.5-8B
InternVL3.0-8B
InternVL3.5-8B
LLaVA-1.5-13B
LLaVA-1.6-13B
QwenVL-7B-Chat
Qwen2.0-VL-7B
Qwen2.5-VL-7B
Qwen3.0-VL-8B

ELC

4.2 Evaluation and Discussion

Effectiveness of CR: As shown in Table [d] the correlation between CR and
Acc is consistently strong across all benchmarks. All the correlation measures, 7,
p and 7, exceed 0.89, except on COCO of NegBench where p>0.83 and 7>0.67,
still well above 0.5. The average scores of the three metrics exceed 0.9, indicating
very strong correlation between CR with Acc. These results confirm thatCR is a
reliable indicator of model performance even without gt annotation. Consistent
but Incorrect (CI) errors might cause risks, especially when CR is high. We
evaluated such cases. As example, on HC-RefCOCOg with Qwen3.0-VL, CR is
0.69 (top 1), the rate of CI is 4.7%, and manual examination found 52% caused
by inconsistency with gt boxes, 32% related to bias of models, and only 15%
caused by ELC errors. Once CR is high, CI risk is low. Full results and visual
examples can be found in Suppl. Sec 2.2.

Effectiveness for Model Validation and Selection: From the columns of
CR and Acc, we observe substantial performance variation among recent frontier
MLLMs. For example, CR on NegBench COCO set ranges widely from 0.23 to
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Table 4: Correlation coefficients between CR and Acc.

Benchmark ‘ NegBench ‘HC—RefCOCOg‘ HC—RefLoCo‘ All

Cor. Coe{'ﬁcient‘COCO‘VOCQOOﬂ val ‘ test ‘ val ‘ test ‘ mean
Pearson’s r 0.9543| 0.9968 ]0.9972| 0.9973 |0.9987]0.9987|0.9905
Spearman’s p |0.8364| 0.9727 |0.9909| 0.9727 |1.0000(1.0000|0.9621
Kendall’s 7 0.6727| 0.9273 [0.9636| 0.8909 |1.0000{1.0000/0.9091

Table 5: Latency analysis on ELC on the tasks of the three benchmarks.

Benchmark |LLM (Language Parser)| VFM (Object Grounding)|VLM (Visual-Text Association)

NegBench Mistral: 1.80s GroundingDINO: 0.76s |-
HC-RefCOCOg|Mistral: 1.77s GroundingDINO: 0.46s  |EvaCLIP: 1.45s
HC-RefLoCo  |Mistral: 1.55s GroundingDINO: 0.35s  |EvaCLIP: 6.88s

0.73. Even within the InternVL family, CR varies from 0.40 to 0.73. Besides,
newer version models are not guaranteed to outperform earlier ones, even from
the same family, e.g., InternVL-3.0 is better than InternVL-3.5 on NegBench.
In additional, a model that excels on one task may perform poorly on another,
e.g. Gemma-3 achieves strong results on MC-VQA but fails on HC-REC. These
findings highlight that model selection is challenging in zero-shot scenarios due
to inconsistent model performance across tasks. The proposed ELC and CR
provide a principled mechanism to validate and select suitable models without
requiring annotated datasets. In addition, the inconsistent samples would lead
to efficient manual examination and reveal informative insights (see Suppl.).
Effectiveness for Performance Enhancement: To validate the aligned fu-
sion assumption, we compute C'Ry on samples that are both consistent and
correct when given ground-truth. The ratio CRg/CR is computed for every
model across all tasks. Even when C'R varies widely from 0.1 to 0.95, the ratio
remains above 80%. The mean of ratio is 0.92 at C R=0.5508, and increases lin-
early with C'R, indicating that higher consistency leads to higher correctness.
However, even the rate is low, the cases of consistent but incorrect (not matching
gt label) might raise concerns on the validation of CR. Additional investigation
is performed (see Suppl. Sec 2.2).

Aligned fusion yields consistent improvements over MLLMs across all three
benchmarks. Even the strongest model benefits from ELC-guided enhancement.
For example, on NegBench COCO, InternVL2.5 Acc score increases from 0.912
to 0.965. All the top Acc scores establish new SOTA performance on the bench-
marks, achieved on recent frontier MLLMs without fine-tuning. Fusion makes
changes of the predictions from both ILC and ELC. The comparison of the
changes would also verify the trustworthiness of ILC and ELC even without gt
annotation, see Suppl. Sec 4.4.

Confusion matrices between two channels: With gt annotation, we cate-
gorize the matching of two channels as 4 cases: WW (win-win), WL (ILC win
but ELC lost), LW (ILC lost but ELC win), and LL (lost-lost), and generate
the confusion matrix (see Suppl. Sec 2.3). It is observed that, if CR score is
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high, the percentage of WW is high. The relative difference between ILC and
ELC leads to the difference of WL and LW. If ILC is stronger than ELC, the
percentage of WL is larger than LW, and vice versa. Here, WL corresponds to
FN (Inconsistent but ILC is Correct). CR is strongly correlated with WW and
less affected by WL errors.

Ablation study on Lose Cascading Effects in ELC: 100 samples are ran-
domly selected from HC-RefCOCOg val set, and then GT nouns and boxes are
added manually. ELC performance is evaluated on different VFMs, on the nouns
extracted by Mistrial (LLM), on the Ground-Truth nouns annotated manually,
and on the Ground-Truth boxes of related objects labeled manually. Full re-
sults are presented in Suppl Sec 4.3. In summary, the errors of noun extraction
by LLM may cause 10% gap and box allocation by cause another 10% gap on
HC-RefCOCOg. We also performed ablation study on adversarial images. We
manually mask one critical object in each image on 100 images, and test with
different models. As example, on Qwen3.0-VL, Acc50 of ILC drops from 91% to
60%, while Acc50 of ELC drops from 82% to 41%, and CR drops from 0.80 to
0.57. It is observed that ELC is more sensitive to absence of referred objects.
Adaption to new tasks: For a new task, user knows critical facts and logic
rules for safety of decisions. One may employ Al tools to select LLM, VFM,
design prompt, and implement logic inference [21}27] to build ELC for the task.

5 Conclusion

Facing the uncertainty on reliability when deploying frontier MLLMs to new
tasks, we proposed an Explicit Logic Channel for model validation and enhance-
ment without any re-training or fine-tuning. Leveraging foundation models and
logical reasoning [21], ELC produces decisions grounded on explicit facts and
relations, providing a principled way for model validation. We investigated the
effectiveness of proposed framework on three challenging benchmarks using 11
frontier MLLMs. The CR serves as reliable metric for model validation, selec-
tion and enhancement, with enhanced explainability and trustworthiness. The
diversity of the three VLC tasks demonstrates the generality and flexibility of
our approach in real-world applications. Extending ELC to more complex mul-
timodal CoT reasoning tasks is a promising direction for future work.
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