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Abstract

Modern Vision Language Models (VLMs) have
demonstrated remarkable versatility in a wide
range of applications, including multimodal rea-
soning, captioning, and analysis. However, VLMs
still struggle with the fundamental tasks of ob-
ject detection and localization, especially when
compared to traditional Convolutional Neural Net-
work (CNN) models. Contemporary VLMs tend
to allocate very scarce attention to non-textual
inputs such as image tokens and lack the induc-
tive biases present in CNNs, making it difficult
for them to identify challenging objects in com-
plex scenes. To address these limitations, we pro-
pose a detection-guided dynamic attention steer-
ing system that leverages the locality insight from
CNN s to efficiently steer a VLM’s attention to-
ward more relevant sections of an image. The
steering intensity during each inference is dy-
namically scaled according to the confidence of
CNN-generated bounding boxes. Extensive evalu-
ations across multiple state-of-the-art VLMs show
substantial improvements on object localization-
oriented benchmarks, achieving up to a 4% accu-
racy gain. Results demonstrate the effectiveness
of combining different model architectures to har-
ness their respective strengths for advancing VLM
capabilities.

1. Introduction

Vision Language Models (VLMs) have emerged as the
state-of-the-art for solving multimodal tasks, ranging
from complex reasoning to general visual perception.
By leveraging the global semantic capacity of Vision
Transformers (ViTs) (Dosovitskiy et al., 2021), VLMs can
effectively capture long-range dependencies across flattened
sequences of image tokens. Despite their success, VLMs
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still consistently struggle with detecting and localizing
objects due to major structural disadvantages, especially
when compared to traditional CNN-based models.

Numerous works have shown that VLMs exhibit a
persistent tendency to heavily rely on language priors
at inference time rather than concrete visual informa-
tion (Selvaraju et al., 2019; Vo et al., 2026), resulting in
hallucinatory behaviors and assumptions. For example,
a VLM may hallucinate the color of an object based
on its training distribution rather than grounding its
response in the input image provided during inference.
Furthermore, vision transformers pre-process 2D visual
information into a flattened sequence of image tokens for
compatibility with the natural language-based transformer
architecture (Vaswani et al., 2017; Dosovitskiy et al.,
2021). This causes vision transformers to lack the inductive
biases (Cazenavette & Lucey, 2021; Kaya et al., 2025)
that are fundamentally inherent to convolutional networks.
These structural disadvantages make it exceedingly difficult
for VLMs to localize and ground subtle objects hidden
within complex or cluttered visual scenes.

To alleviate these architectural limitations, our pro-
posed system introduces a detection-guided dynamic
attention steering mechanism for VLMs. This methodology
leverages the locality insights native to CNN-based models
to guide a VLM’s attention toward sections of an image that
are most relevant to the text query; directly combating the
over-reliance on language priors while also introducing
the inductive biases of a convolutional network into a
VLM’s generation process. The set of target image tokens
to steer attention towards will be determined by bounding
boxes generated from an auxiliary CNN-based detector.
Inspired by previous attention steering techniques used
in language-only settings (Wang et al., 2024), our system
selectively up-weights the attention scores of a set of target
image tokens. The steering intensity applied for each
inference is dynamically scaled by the confidence score
of the bounding boxes, preventing our system from being
excessively influenced by non-confident signals from the
CNN detector.

Evaluations conducted across multiple state-of-the-art
VLMs, including Qwen3-VL (Bai et al., 2025), In-
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Figure 1. Error distribution by categories from evaluating a Qwen3-VL-8B model on a random subset of 1200 queries from four popular
vision datasets: 300 queries each from POPE (Li et al., 2023), VQA-v2 (Goyal et al., 2017), MM VP (Tong et al., 2024), and GQA (Hudson
& Manning, 2019). Object detection/localization centric categories are separated out from the ‘Others’ category.

ternVL3 (Zhu et al., 2025), and LLaVA-NeXT (Liu et al.,
2024), reveal substantial improvements on the POPE (Li
et al., 2023) and MMVP (Tong et al., 2024) benchmarks,
achieving up to a 4.0% accuracy gain for Qwen3-VL on
MMVP. By introducing CNN guidance into a VLM’s in-
ference pipeline, our system strengthens the foundational
visual capabilities of VLMs without requiring additional
fine-tuning or retraining.

2. Motivation
2.1. Object Localization Challenges of VLMs

Modern vision language models (VLMs) are routinely eval-
uated on extensive downstream tasks, such as visual ques-
tion answering (VQA), visual perception, multi-step spatial
understanding, and reasoning. Similar to how humans pro-
cess optical information, the successful execution of these
higher-level cognitive tasks inherently requires the flaw-
less execution of more fundamental, lower-level processes.
These foundational processes often involve the precise clas-
sification and localization of important objects within a vi-
sual medium, acting as a critical prerequisite for upholding
the integrity of any subsequent multimodal analysis (Panta-
zopoulos & Ozyigit, 2025). However, empirical evidence
consistently demonstrates that contemporary VLMs struggle
with visual detection and localization.

A deeper investigation into these shortcomings reveals mul-
tiple systemic limitations in how VLMs process and utilize
vision data during inference. Most notably, prior research

identifies a tendency for VLMs to excessively rely on statis-
tical correlations and language priors learned during training
rather than grounding their generative responses in the ex-
plicit visual evidence presented at inference time (Selvaraju
et al., 2019; Vo et al., 2026). For instance, if a VLM’s
training distribution contains a disproportionate number of
images where a queried corn is yellow, the model will learn
a strong inclination to generate “yellow” regardless of the
corn’s actual color in an input image at inference time. This
phenomenon remains a significant concern when deploy-
ing VLMs in high-stakes, specialized domains such as au-
tonomous driving and medicine (Xie et al., 2025; Wu et al.,
2026). Furthermore, this over-reliance on language priors
also heavily impairs a VLM’s ability to detect expected
objects and exacerbates hallucinations of unexpected ob-
jects (Pantazopoulos & Ozyigit, 2025), necessitating exter-
nal intervention mechanisms that forcibly re-weight internal
attention prioritization during multimodal queries.

Recent comparative studies also attribute these localiza-
tion failures to a fundamental lack of inductive biases in
VLMs—such as translation invariance and spatial local-
ity—which are much more apparent in traditional Convo-
Iutional Neural Networks (CNNs) (Cazenavette & Lucey,
2021; d’Ascoli et al., 2021; Kaya et al., 2025). For instance,
convolutional operations implicitly assume the bias that
adjacent pixels exhibit high statistical correlation, while
VLMs predominantly utilize Vision Transformers (ViTs) to
partition images into flattened sequences of patches, which
are then fed sequentially into the prefill stage as image



Detection-Guided Attention Steering for Vision Language Models

tokens (Dosovitskiy et al., 2021). Empowered by the self-
attention mechanism, this architectural design allows VLMs
to model long-range semantic dependencies between all im-
age tokens, regardless of their relative spatial distance. How-
ever, this global semantic capacity is achieved at the cost of
sacrificing focus on fine-grained local patterns and inductive
biases (Dosovitskiy et al., 2021; Liu et al., 2021; Wang et al.,
2021). Consequently, VLM attention mechanisms are fun-
damentally optimized to capture global semantic relations
rather than spatially localized features.

2.2. The Impact of Poor Localization

To empirically quantify the detrimental effect of poor
localization on overall model accuracy, we evaluated the
failure modes of a Qwen3-VL-8B model on a random
subset of 1200 queries from four popular vision datasets
(POPE, VQA-v2, MMVP, GQA). Figure 1a shows example
queries from four main object-centric question categories
present in the random subset. After analyzing the results
of a vanilla run, we noticed that a significant number of
failed queries (63.1%) belonged to one of the object-centric
categories; a breakdown is shown in the orange plot of
Figure 1b.

To demonstrate the substantial accuracy gains achievable
through correcting object-centric errors, for each error
case in the four object-centric categories, we appended
auxiliary cropped “oracle” images of relevant objects to the
query to artificially assist the VLM in accurately detecting
and localizing the target object. The system prompt was
also appended with: “The second image shows a cropped
version of the relevant object”. After introducing these
changes, the blue plot of Figure 1b shows the number of
total errors dropping from 244 to 175, meaning nearly 30%
of all baseline failures were corrected. These results show
how refining a VLM’s object detection and localization
capabilities can directly yield non-trivial gains in its overall
evaluation accuracy.

2.3. The Potential of CNN-Driven Signals

To further highlight the limitations of VLMs in spatial
tasks relative to traditional CNNs, we analyzed the object
localization recall rates (the proportion of identified
true positives over all true positives) of both model
architectures on the RefCOCO-M dataset (Liu et al., 2025).
Consisting of granular queries derived from the original
RefCOCO dataset (Yu et al., 2016), RefCOCO-M provides
higher-fidelity object masks and polygons. We extracted a
statistically representative sample of 1,000 visual scenes
from the validation split.

For each query, a Qwen3-VL-8B model (VLM) and
a YOLOE (Wang et al., 2025) detection/segmentation
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Figure 2. Comparison of recall rate on object localization between
Qwen3-VL-8B and YOLOE with a varying confidence threshold
on a 1000-image random sample of RefCOCO-M. YOLOE pro-
vides a dynamic, tunable recall curve that achieves near 80% at
low thresholds, whereas Qwen3-VL-8B maintains a fixed recall of
74.50%.

model (CNN) were provided with an input image and a
referring expression (e.g., “oven on top near the cabinet”)
and were required to output the bounding box coordinates
of the object referred to in the expression. The two models
were evaluated using the standard Intersection-over-Union
(IoU) metric with a threshold of 0.9 — if the outputted
bounding box scores an IoU below 0.9, then we consider
the object to not be correctly localized.

Since CNNs like YOLOE generally provide a configurable
confidence threshold to filter bounding boxes, it is possible
to achieve higher recall by lowering this threshold. Figure
2 shows that at moderate thresholds (0.1 to 0.05), YOLOE
achieves recall rates that are comparable to Qwen3-VL-8B.
However, as the threshold is continually lowered, YOLOE
experiences a substantial increase in recall. This structural
flexibility allows users to configure CNNs to maximize spe-
cific metrics. In the context of maximizing recall, YOLOE
can be uniquely customized to identify challenging objects
tied to complex referral instructions or text queries. In con-
trast, VLMs like Qwen3-VL remain bound by a static recall
of 74.50%. Ultimately, due to their independence from
language priors, stronger inductive biases, and architectural
flexibility, we consistently see CNNs exhibiting better object
localization signals than contemporary VLMs.

3. Design
3.1. Attention Steering

To introduce external insights and signals into existing mod-
els without incurring considerable computational overhead,
recent works have preferred inference-time intervention
strategies such as attention steering as an alternative to fine-
tuning and retraining. Similar to existing works on non-
multimodal settings (Zhang et al., 2024; Venkateswaran &
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Figure 3. An example visualizing how the attention scores of
target tokens are upscaled. The top/bottom right images overlay
the attention scores before/after steering, respectively. Each small
colored square is an image patch corresponding to one image token.
The noun ‘laptop’ is extracted from the query and detected in the
image. All detections are outlined with yellow bounding boxes in
the bottom left image.

Contractor, 2026), we define attention steering as the de-
liberate manipulation or scaling of attention scores for a
set of target tokens at inference time. Our system applies a
similar intervention strategy to multimodal queries and is
motivated by observations from previous work indicating
that only a disproportionately low amount of attention is
distributed to image tokens containing critical objects of
interest (Kang et al., 2025; Tang et al., 2025). Existing re-
search has also attempted to mitigate attention deficits by
indiscriminately redistributing attention from visual sink
tokens (image tokens with very high attention scores) to
non-sink tokens (Kang et al., 2025); our approach improves
upon this by utilizing signals from CNNss to better identify
more granular steering destinations.

3.2. Integrating CNN Signals

Our system uses bounding boxes generated by an open-
vocabulary CNN as spatial signals to identify the set of
target image tokens to steer towards. First, important
noun phrases are extracted from the text query using the
Spacy natural language processing pipeline (Honnibal &
Montani, 2017). These noun phrases define the detection
classes of an open-vocabulary CNN-based detector. We

choose to detect noun phrases instead of isolated nouns or
noun lemmas after observing more accurate localization
results from open-vocabulary detectors like YOLOE when
incorporating adjectives and conditions into the detection
classes, such as “red sign” and “jumping man”. The CNN
detector returns a list of bounding boxes (each associated
with a confidence score) when invoked. As shown in Figure
3, the coordinates of each bounding box are then used to
determine which image patches overlap with the bounding
box. Since each image patch is translated into an image
token, the set of target image tokens to steer towards for
a particular query is determined by all image tokens that
partially or completely overlap with at least one bounding
box returned by the CNN detector.

Our system uniformly scales down the attention scores of
all non-target image tokens by a steering factor s, where
0 < s < 1. By exploiting the standard downstream nor-
malization procedure, this targeted suppression effectively
scales up the attention scores of all target tokens by a
proportional factor of 1/s. Hence, a smaller steering factor
corresponds to more aggressive steering, and using s = 1 is
equivalent to an unmodified inference pass. All non-image
tokens, including system and text query tokens, are also
included in the set of target tokens to prevent them from
being erroneously suppressed by the steering factor. Scaling
down non-target image tokens is chosen over scaling up
target tokens since the former tends to be more numerically
stable while also simplifying the system by leaving the
attention scores of non-image tokens untouched.

3.3. Dynamic Confidence-Aware Steering

A critical challenge observed in our experiments when rely-
ing on CNN-derived signals is that lowering the confidence
threshold of the CNN detector leads to a superlinear prolif-
eration of generated bounding boxes, inevitably increasing
the frequency of hallucinated or inaccurate bounding boxes.
To counteract this degradation, we introduce a dynamic,
per-query steering mechanism that keeps the steering in-
tensity inversely proportional to the confidence scores of
CNN-generated bounding boxes. As the confidence score of
a proposed bounding box decreases, the original base steer-
ing factor sy, is exponentially increased via an offset As
to attenuate the overall steering intensity, thereby mitigat-
ing the influence of potentially hallucinated signals. Given
a bounding box confidence score ¢ € (0, 1], the scaling
equation for the offset is defined as:

As = 0.9¢740¢ (D

In practice, our system begins detection with a predefined
minimum confidence threshold and accepts the bounding
boxes with the highest confidence score. This process is
repeated for every detection class (noun phrase). This
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selection strategy is chosen after we observed that correct
bounding boxes routinely had higher confidence scores than
incorrect boxes, even if both were well below the default
confidence threshold (0.25 for YOLOE), suggesting that
more accurate localization signals will be considered first
before inaccurate or hallucinated signals.

Finally, the system adds an offset As (calculated us-
ing equation 1) to the base steering factor to lower the
steering intensity for queries with less confident bounding
boxes. The final effective steering factor s that is used is
clamped such that s = min(1, spese + As). This design
ensures that any inaccuracies from the auxiliary CNN are
not inadvertently translated into the VLM’s final output.

3.4. Retaining VLM Signals and Context

Despite relying on a CNN-based detector for localization,
our system still considers the VLM’s existing normalized
attention distribution when determining the steering targets.
To better preserve relevant context undetected by the
CNN but emphasized by the VLM, if the VLM is already
allocating a substantial amount of attention to a non-trivial
region of the input image, all image tokens in that region
will be included in the list of target tokens to prevent them
from being suppressed.

For each layer in the VLM, we first use Otsu’s Method (Otsu
et al., 1979) to determine an optimal attention threshold that
separates tokens with high attention scores from tokens with
low attention scores in that layer. Image tokens that have
drastically high normalized attention scores (greater than
0.9, such as sink tokens (Kang et al., 2025)) will severely
skew the threshold and are removed from consideration
when calculating this threshold. Then, for any cluster
of adjacent image tokens that are all above the attention
threshold, if that cluster constitutes at least 10% of all
image tokens, all tokens in that cluster are added to the list
of target image tokens. This percentage can be lowered or
increased to capture context with higher recall or precision,
respectively.

Hence, in addition to signals from a CNN detector,
our system also leverages attention signals from the VLM
to verify whether any context is already being attended
to. This ensures that any object-centric steering does not
obliviously reallocate an excessive amount of attention
from parts of an image that provide important context
for the VLM to correctly answer a query. A potential
enhancement for the future would be to introduce tiered
steering intensities and prioritization, such as the ability
to choose between steering more towards objects or
attention-backed context.

4. Implementation

Our system uses a VLM and a steering module that con-
sists of the Spacy en_core_web_lg natural language process-
ing pipeline (Honnibal & Montani, 2017) and YOLOE-
11L (Wang et al., 2025), a CNN-based open-vocabulary
object detection and segmentation model. The system has
a configurable base steering factor of 0.01 and a minimum
YOLOE confidence threshold of 0.01. Prior work observed
that distinct attention heads and layers within a model of-
ten exhibit a disproportionate influence on spatial detection
capabilities (Wang et al., 2024); we designed our system
with this flexibility in mind and allow for targeted attention
steering to specific VLM layers and heads.

5. Evaluation
5.1. Experimental Settings

We evaluated our system using Qwen3-VL-8B (Bai et al.,
2025), InternVL3-8B (Zhu et al., 2025), and Llava-NexT-
Mistral-7B (Liu et al., 2024) as the VLM backbone, and
YOLOE-11-L (~67MB) as the CNN detector (Wang et al.,
2025) on the POPE and MMVP datasets. Table 1 reports
the accuracies and F1 scores of each model and compares
our system with the baseline. For all experiments, we set
the base steering factor to 0.01. The POPE benchmark
contains three splits that use different sampling strategies
(random, popular, adversarial) to thoroughly test for specific
hallucination patterns. The MM VP benchmark consists of
pairs of closely related questions and evaluates accuracy in
a pairwise manner; a pair of queries is considered correct
only if both questions within the pair are answered correctly.
Hence, the random-guess baseline accuracy of the MM VP
dataset is 25%.

5.2. Results

As shown in Table 1, our system consistently yields per-
formance improvements across all models, demonstrating
the value of introducing CNN-based spatial insights into
transformer-based vision language models. Most notably
on POPE, InternVL3-8B achieves a 2.81% increase in
accuracy and a 3.26% increase in F1 score on the random
sampling split; on MM VP, Qwen3-VL-8B achieves a 4%
increase in accuracy.

In the vanilla runs on the POPE dataset, the major-
ity of errors stemmed from the failure to detect and localize
an expected object that was present in the image query
(false negative). After our system applies confidence-aware
steering, the false negative rate drops substantially; this
improvement in recall accounts for the bulk of the observed
accuracy and F1 score improvements on the POPE
benchmark. An increase in false positives (hallucinations
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Table 1. Evaluation results on three similarly sized VLM models of different families. POPE™4 denote the random, popular, and
adversarial sampling splits for POPE, respectively. Our system improves accuracy of all models on all datasets by up to 4%.

Model POPET POPE” POPE4 MMYVP
Acc F1 Acc F1 Acc F1 Acc
Qwen3-VL-8B 90.50 89.67 | 88.33 87.62 | 87.07 86.45 54.00
+ Ours 92,93 92.53 | 88.80 88.50 | 87.30 86.97 58.00
InternVL3-8B 87.06 86.36 | 84.73 84.26 | 82.53 82.29 29.33
+ Ours 89.87 89.62 | 87.10 87.16 | 84.60 85.02 31.33
Llava-NeXT-Mistral-7B | 89.71 88.89 | 86.83 85.94 | 85.40 83.89 26.67
+ Ours 90.01 89.15 | 87.23 86.42 | 8593 84.56 29.33
Table 2. Ablation study on Confidence-Aware Steering. Results
show how Confidence-Aware Steering account for a significant 90 1
portion of accuracy gains.
Model POPE” POPE” POPE~ MMVP %
Acc F1 Acc F1 Acc F1 Acc
Qwen3-VL-8B 90.50 89.67 | 88.33 87.62 | 87.07 86.45 | 54.00 . 80
*Confidence- | g 03 9097 | 8347 87.23 | 86.73 8501 | 5467 g
Agnostic Steering 3
+ Confidence- 2 75
Aware Steering | 92.93 92.53 | 88.80 88.50 | 87.30 86.97 | 58.00
(Ours) 70 /
—®— Qwen3VL-8B
65 / InternVL3-8B
of non-existent objects) is also observed, but only to a ¢ —&— Llava-NeXT-Mistral-7B
marginal degree that is eclipsed by the gains in recall. 0 0.001 0.01 o1 1

This favorable trade-off serves as a strong testament to the
system’s robustness against hallucinated or low-confidence
bounding boxes in more difficult queries.

As mentioned, the MMVP benchmark consists of
contextually similar query pairs and uses a strict pairwise
evaluation structure. The increase in accuracy across
all models on this benchmark can be attributed to the
effectiveness of our system in resolving failure cases. In
particular, being able to correctly identify and localize
an object allows our system to correct both questions in
a previously failed pair. Consequently, instances where
our system only corrected one query within a failed
pair (thereby yielding no accuracy improvement) were
extremely rare. Ultimately, these experimental results
validate the effectiveness of our CNN-based steering system
in improving the ability of VLMs to localize difficult
objects without severely degrading their baseline resistance
to hallucinations.

5.3. Ablations and Analysis

To validate the necessity of our system’s dynamic
confidence-aware steering mechanism, we conduct an abla-
tion study to compare our system’s performance with and
without confidence-aware steering. Table 2 shows that with-
out this mechanism, the accuracy and F1 score improve-
ments significantly diminish across all datasets. On POPE4,
the lack of confidence-aware steering decreases the accuracy
and F1 score even below the baseline. This result further

Steering factor

Figure 4. Accuracy of varying base steering factors on a random
subset of POPE. Using a steering factor of 1 is equivalent to a
vanilla run. Results show our system’s robustness against changes
to the steering factor.

highlights how essential and effective it is for our system to
incorporate a robust mechanism for tackling object halluci-
nation.

Figure 4 shows the accuracy of our system on a random
subset of 300 queries (100 from each of the three POPE
splits) while changing the base steering factor for each VLM.
Using a steering factor of 1 is equivalent to a vanilla run
without our system. Results demonstrate the robustness
of our system to changes in the base steering factor, with
minimal accuracy differences observed when scaling the
steering factor up or down from 0.01. All three variations
still consistently performed better than the baseline. Notably,
severe accuracy degradations are observed when the steering
factor is set to O since all non-target image tokens have their
attention scores zeroed out; effectively removing the vast
majority of visual information from the decode stage.

6. Related Work

Vision Language Models. Recent advancements in
multimodal architectures have established vision language
models (VLMs) as the state-of-the-art for tackling general-
ized visual perception and reasoning tasks. Central to these
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modern VLMs is the use of pre-trained Vision Transformers
(ViTs) (Dosovitskiy et al., 2021) mostly derived from
CLIP (Radford et al., 2021) or SigLIP (Zhai et al., 2023),
which process images into localized patches that are each
represented by an image token. Major VLM model families
such as Qwen-VL, LLaVA, and InternVL (Bai et al., 2023;
Liu et al., 2023; Chen et al., 2024) leverage self-attention
mechanisms over flattened sequences of image tokens to
construct holistic semantic dependencies between textual
and visual inputs (Vaswani et al., 2017; Dosovitskiy et al.,
2021). In order to maintain spatial awareness, VLMs use
techniques like 2D RoPE (Heo et al., 2024) and Spiral
RoPE (Liu et al., 2026) to build positional representations
and preserve locality information within visual inputs.

Open-Vocabulary CNN Detectors. Historically,
the utility of efficient CNN object detectors such as the
You Only Look Once (YOLO) series (Redmon et al.,
2016) was constrained by their reliance on predefined,
closed-set object categories, as they were typically
trained on a finite set of classes like the COCO dataset
categories (Lin et al., 2014). However, recent break-
throughs in vision-language pre-training have fueled the
transition to open-vocabulary detection. Frameworks like
YOLO-World (Cheng et al., 2024) and GLIP (Li et al.,
2022) bridge this gap by incorporating Re-parameterizable
Vision-Language Path Aggregation Networks (Cheng et al.,
2024) and spatial-aware contrastive learning (Radford
et al., 2021; Li et al., 2022), seamlessly aligning visual
representations with open-ended textual embeddings. This
new advancement allows CNNs to identify objects us-
ing arbitrary natural language phrases in a zero-shot manner.

Attention Steering. A growing body of literature
focuses on using inference-time interventions as an efficient
way to modulate model behavior without the computa-
tionally prohibitive costs of fine-tuning or retraining. In
particular, many works have attempted to manipulate or
steer internal activations and attention scores to enhance
VLMs. For instance, recent studies have explored reallo-
cating attention that is over-saturated in specific tokens to
improve focus on the rest of the image (Kang et al., 2025).
Other systems sharpen attention onto image regions with
higher confidence while widening the attention window
to capture more context when confidence is low (Chen
et al., 2025), or employ attention-guided image warping to
allocate more resolution to image regions that are more
query-relevant (Dalal et al., 2025).

7. Conclusion

In this work, we propose a detection-based dynamic atten-
tion steering system that addresses the persistent limita-
tions of Vision-Language Models (VLMs) in foundational

object detection and localization tasks. Our framework
effectively leverages the locality insights of an auxiliary
open-vocabulary CNN detector to guide a VLM’s attention
toward the image sections most relevant to a given text query.
To mitigate hallucinations, our system dynamically scales
the steering intensity for each query based on confidence
signals from the CNN detector. Experimental results re-
veal substantial improvements in evaluation accuracy and
a VLM’s ability to detect and localize objects. This work
demonstrates the profound effectiveness of combining dis-
tinct model architectures to leverage their respective spatial
and semantic strengths, paving a path forward for advancing
additional capabilities of VLMs in the future.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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