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Abstract

Pre-trained vision-language models have exhibited remark-
able abilities in detecting out-of-distribution (OOD) sam-
ples. However, some challenging OOD samples, which lie
close to in-distribution (InD) data in image feature space,
can still lead to misclassification. The emergence of foun-
dation models like diffusion models and multimodal large
language models (MLLMs) offers a potential solution to
this issue. In this work, we propose SynOOD, a novel ap-
proach that harnesses foundation models to generate syn-
thetic, challenging OOD data for fine-tuning CLIP mod-
els, thereby enhancing boundary-level discrimination be-
tween InD and OOD samples. Our method uses an it-
erative in-painting process guided by contextual prompts
from MLLMs to produce nuanced, boundary-aligned OOD
samples. These samples are refined through noise adjust-
ments based on gradients from OOD scores like the en-
ergy score, effectively sampling from the InD/OOD bound-
ary. With these carefully synthesized images, we fine-tune
the CLIP image encoder and negative label features de-
rived from the text encoder to strengthen connections be-
tween near-boundary OOD samples and a set of negative
labels. Finally, SynOOD achieves state-of-the-art perfor-
mance on the large-scale ImageNet benchmark, with min-
imal increases in parameters and runtime. Our approach
significantly surpasses existing methods, improving AUROC
by 2.80% and reducing FPR95 by 11.13%. Codes are avail-
able in https://github.com/Jarvisgivemeasuit/SynOOD.

1. Introduction

Modern deep neural networks [8, 18, 33, 57] deployed
in open-world scenarios inevitably encounter out-of-

†indicates corresponding authors.

distribution (OOD) samples, which can pose significant se-
curity risks. Accurate identification of OOD data is cru-
cial to mitigate these threats. Traditional vision-based
OOD detection methods [15, 21, 26, 28, 31, 46, 47] of-
ten rely solely on a single image domain. Recent re-
search [22, 27, 35, 36, 54] in pre-trained visual-language
models [25, 41] has demonstrated significant improvements
in OOD detection by effectively employing both visual and
language information. In particular some CLIP-based meth-
ods [22, 35, 54], such as NegLabel [22], enhance OOD de-
tection by introducing potential OOD text labels, denoted
as negative labels, that lie outside the in-distribution (InD)
label space. However, a significant challenge remains in ac-
curately identifying hard OOD samples near the InD/OOD
boundary, as these samples often appear visually similar
to InD instances, making them difficult to classify using
CLIP-based methods directly. CLIP-based methods show
that OOD samples situated near the InD/OOD boundary
tend to align more closely with InD labels, as images are
typically more densely packed in the feature space than la-
bels, limiting the model’s ability to establish clear semantic
alignment, this is illustrated in Fig. 1(a). Consequently, this
mismatch reduces the reliability of CLIP [41] in detecting
boundary OOD samples, particularly those closely resem-
bling the InD distribution.

A promising approach to improve OOD detection is
to effectively map ambiguous samples near the InD/OOD
boundary to either InD or negative labels. However, fine-
tuning CLIP models for this purpose has been challenging
due to a lack of suitable data. Recent advancements in mul-
timodal large language models (MLLMs) [1, 25, 29, 38] and
diffusion models [40, 43] offer powerful generative capa-
bilities, though their application to task-oriented data gen-
eration remains relatively unexplored. To fill this gap, we
propose a novel iterative generative approach that utilizes
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the contextual understanding of an MLLM and the sophis-
ticated image synthesis capabilities of a diffusion model.
This integration enables the creation of realistic, boundary-
aligned OOD samples that are visually similar to InD data
while remaining sufficiently distinct. By generating these
nuanced near-boundary OOD samples, our approach pro-
vides the CLIP model with more challenging data for fine-
tuning, achieving a more accurate separation between InD
and OOD samples.

(a) CLIP-based OOD method (b) SynOOD
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Figure 1. (a) illustrates a simplified example highlighting the lim-
itations of CLIP-based OOD methods, where challenging OOD
samples are misclassified due to CLIP models’ limited fine-
grained discrimination. (b) Our proposed method addresses this
limitation by generating challenging data to fine-tune the CLIP
models, building strong connections between confusing OOD
samples and their corresponding negative labels.

Our method begins by using a language model to extract
all detected contextual elements within an InD image. For
example, in an image labeled “panda,” the language model
may detect contextual elements like “bamboo,” “tourist,”
“leaf,” and “railing,” which are commonly associated with
the primary subject but not central to it. These elements
then serve as prompts for an in-painting diffusion model.
Rather than relying on predefined masks, we employ an it-
erative generative process to guide the model in creating
images that remain visually similar to the InD data while
representing OOD content. In each iteration, the generated
image is evaluated using an OOD detection model, and the
resulting OOD score informs a gradient. This gradient is
backpropagated through the diffusion model, updating the
noise to iteratively adjust the image. Over time, the model
gradually replaces primary subject elements, such as the
“panda,” with background elements from the identified list.
This controlled transformation subtly shifts the image’s fo-
cus away from the core theme, allowing it to appear distinct
from InD samples without losing its underlying visual simi-
larities. By iteratively integrating contextual elements as the
main focus while maintaining the original style and setting,
the resulting synthetic images closely resemble InD exam-
ples in appearance but remain distinctly OOD, aligning with
the theoretical principles in [12, 63].

In this work, we propose SynOOD, a novel method

that iteratively generates near-boundary data to fine-tune the
CLIP models for enhancing OOD detection performance.
Specifically, our method contains three components: an it-
erative generative process, fine-tuning the CLIP image en-
coder with a projection layer, and refining negative label
features derived from the CLIP text encoder. This process
significantly boosts the model’s capacity to distinguish be-
tween InD and OOD samples, this is illustrated in Fig. 1(b).
By integrating these processes, SynOOD offers a robust and
effective approach to OOD detection. Our contributions are
summarized as follows:
• We propose SynOOD, a novel framework for OOD de-

tection that generates challenging, near-boundary OOD
samples to the fine-tune CLIP models, enhancing to de-
tect difficult OOD cases close to the InD/OOD boundary.

• We introduce a generation process that iterative syn-
thesizes near-boundary OOD samples using foundation
models, guided by OOD gradient information. This pro-
cess yields high-quality, nuanced data that enhances CLIP
to strengthen connections between challenging OOD
samples and negative labels.

• Extensive experiments show that SynOOD achieves state-
of-the-art performance on widely used large-scale bench-
marks, with minimal increases in parameters and runtime,
outperforming existing methods by improving AUROC
by 2.80% and reducing FPR95 by 11.13%.

2. Related Work
OOD detection with visual modal. Single-modal vi-
sual OOD detection methods include: (1) Logit-based ap-
proaches, which compute OOD scores from network logits.
MSP [15] uses the maximum logit, while ODIN [28] en-
hances separation via input perturbations and logit rescal-
ing. ReAct [47] further reduces overconfidence by adjusting
activation logits. (2) Distance-based methods, which use
feature distances between InD and OOD samples as OOD
scores. Gaussian discriminant analysis [24, 55] and metrics
like cosine similarity [4, 59], Euclidean distance [19], and
RBF kernels [50] are commonly employed. (3) Gradient-
based methods, such as GradNorm [21], leverage classi-
fier gradients to distinguish InD from OOD samples using
gradient-based features.
OOD detection with multi-modal models. Leveraging
textual information alongside visual data for OOD detec-
tion has become increasingly popular due to its strong per-
formance. Fort et al.[13] pioneered this direction by us-
ing class names of potential outliers as input to image-text
encoders like CLIP, improving OOD detection. MCM[35]
is an effective post-hoc method that uses the maximum
predicted softmax value from a vision-language model as
the OOD score. More recently, CLIPN [54] proposed us-
ing a text encoder to identify OOD samples by comparing
similarity discrepancies between two text encoders and a
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frozen image encoder. Building on this, LSN [37] intro-
duced negative classifiers with learned prompts to detect
images outside specific categories. NPOS [49] generates
synthetic OOD data to better define decision boundaries
between InD and OOD samples. LAPT [62] automates
prompt tuning for vision-language models, reducing man-
ual effort. DreamOOD [10] learns a text-conditioned la-
tent space to generate diverse OOD samples by decoding
low-likelihood embeddings into images. NegLabel [22] se-
lects potential OOD labels from semantically related Word-
Net [34] terms outside the InD label space, using a pre-
trained vision-language model like CLIP to classify images
as InD or OOD.

3. Method
3.1. OOD Detection Setup
Given a training set Din = {(xi, yi)}ni=1, where xi ∈
R3×H×W is the 3-channel image of size H ×W , yi ∈ Y
denotes one of C InD categories, and n is the number of
samples, our target is to develop an OOD detector G(x)
solely based on Din. When applied to a test image set
X = {xi}Ki=1, the detector G(x) should output a binary
classification using a score function S(x):

G(x) =

{
InD, if S(x) ≥ η;

OOD, if S(x) < η,
(1)

where η is a threshold parameter. We follow Jiang et al. [22]
and employ a negative label set Y− = {yC+1, ..., yC+M}
for classification:

S(x) =
sim(x,Y)

sim(x,Y) + sim(x,Y−))
(2)

where sim(x, ·) represents the sum of CLIP similarities be-
tween the sample and the labels in a given label set.

3.2. Overview of SynOOD
Our proposed SynOOD, illustrated in Fig. 2, addresses
this issue through a three-step process: 1) Near-Boundary
OOD Image Generation. In Fig. 2(a), an MLLM is em-
ployed to generate multiple semantic labels for each ele-
ment within an image, excluding the main object. A novel
iterative generative approach utilizing a diffusion model is
then applied to generate near-boundary OOD images. These
synthetic images help us to fine-tune the CLIP models ef-
fectively. 2) Fine-tuning of the CLIP image encoder. We
train a projection layer following the CLIP image encoder
using both InD data and synthetic OOD images along with
the negative labels. The image encoder remains frozen,
while only the projection layer updates. 3) Fine-tuning of
the CLIP text encoder features. We make the features (the
output of the CLIP text encoder) associated with a subset of

negative labels related to synthetic OOD images learnable
and fine-tune them with synthetic images. This step reduces
the semantic gap between InD and negative labels to an ap-
propriate distance, improving image-text alignment.

We fine-tune the CLIP image encoder and text encoder
features separately to maintain training stability. Experi-
ments in Table 5 validate the effectiveness of this approach.
After the fine-tuning of the CLIP encoders, our approach
boosts the performance of OOD detection.

3.3. Near-boundary OOD Image Generation
In this image-generation process, we need to use three mod-
els: an MLLM, an in-painting diffusion model, and a tradi-
tional recognition model as the OOD detection model. Ini-
tially, we employ the MLLM ϕ to generate multiple seman-
tic labels for each element in every InD image xin, excluding
the main object. The output, denoted as pcon is obtained as
follows:

pcon = ϕ(xin, pin), (3)

where pin is the input prompt for ϕ. Rather than relying on
masks, we implement an iterative generative process when
employing an in-painting diffusion model set to a strength
of less than 1, enabling the generation of OOD images with
minimal manual intervention.

Concretely, xin and pcon are fed in the in-painting dif-
fusion model to generate an image xsyn. Specifically, we
denote the feature of xin as zin after passing it through the
VAE [23] encoder f . Given a learnable random noise ϵ, a
variance schedule {α1, ..., αT }, a timestep T , and zin, the
diffusing process χ can be expressed as:

zT = χ(zin, T, ϵ)

=
√
ᾱT z

in +
√
1− ᾱT ϵ, ϵ ∼ N (0, I). (4)

where ᾱt =
∏t

s=1 αs. In the denoising process, a U-
Net [44], denote as ϵθ, is utilized to predict a noise needed
to reconstruct zt−1 from zt using a text prompt pcon and a
mask M :

zt−1 =
√
αt−1(

zt −
√
1− αtϵθ(zt, t, P,M)√

αt

)

+
√
1− αt−1ϵθ(zt, t, P,M), (5)

where P = ψ(pcon) stands for the feature of pcon extracted
by a text encoder ψ, and M is initialized as a matrix filled
with ones. By iterating through multiple time steps, the
image features are gradually denoised and completed until
the image at t = 0 is completely generated. The synthetic
image is obtained through the complete denoising process,
represented by γ:

xsyn = h(γ(zT , T, P,M)). (6)

where h is the VAE decoder.
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Figure 2. Overview of our proposed SynOOD framework. (a) Near-boundary OOD image generation: utilizes an MLLM and a diffusion
model to iteratively generate synthetic OOD images from InD images, guided by an OOD score as the loss function. (b) Fine-tuning of the
CLIP image encoder: trains a projection to strengthen connections between challenging OOD samples and negative labels. (c) Fine-tuning
of the CLIP text encoder features: refines the negative label features derived from CLIP to improve OOD discrimination further.

We employ an off-the-shelf OOD detection method such
as Energy score [31] as a loss function on a traditional
recognition model g (e.g. ResNet50 [14]). The loss func-
tion is defined as:

LO = mout − τ · log
C∑
i=1

egi(x
syn)/τ , (7)

where mout is a constant representing the OOD threshold
of the OOD score, as used in [31], τ is a temperature pa-
rameter, and gi(x) denotes the logits of g for the i-th class
among C categories. Combining the Eqs. (4), (6), and (7),
we can calculate the gradient of the random noise ϵ at the
very beginning:

∇ϵLO =
∂L

∂xsyn · ∂g
∂γ

· ∂γ
∂zT

· ∂zT
∂ϵ

. (8)

By iterative refining ϵ for a few iterations, we observe rapid
convergence of the loss function, leading to the generation
of highly reliable near-boundary OOD images x̄syn.

While calculating the gradient of ϵ can be computation-
ally demanding, we address this challenge by adopting the
Skip Gradient operation proposed by Chen et al. [5]:

∇ϵLO ≈ ∇̈ϵLO = ρ · ∂L

∂xsyn · ∂g
∂γ

(9)

This technique significantly reduces the computational bur-
den, enabling more efficient training. The noise updating
equation can be expressed as:

ϵ := ϵ− r · ∇̈ϵLO, (10)

where r is the learning rate.

3.4. Fine-tuning of the CLIP image encoder

In this section, we fine-tune the CLIP image encoder by
utilizing our dataset Dpro. Specifically, after completing
the generation process, we acquire a set of synthetic OOD
images, denoted as X syn, which is paired with correspond-
ing InD data. Each image in X syn is fed into the CLIP
model along with the negative label set Y−, aligning a neg-
ative label to each synthetic image and forming the dataset
Dsyn = {(xsyn, y−)}, xsyn ∈ X syn, y− ∈ Y−

∗ , where Y−
∗ is

the subset of negative labels associated with these images.
Each generated OOD image is paired one-to-one with a cor-
responding InD image.

Using both InD data and these synthetic OOD sam-
ples, we create a training dataset Dpro = Dsyn ∪ Din

∗ =
{(xi, yi)}2mi=1 for the image encoder fine-tuning, where Din

∗
represents a subset of Din, and m stands for the number of
InD data we selected from Din. The selection of InD data
is critical, as it directly affects the fine-tuning outcomes of
the CLIP image encoder. To identify the most information-
rich images within each category, we calculated the ratio
of JPEG file size to the number of pixels for all images,
sorted them accordingly, and then selected a specified num-
ber of top-ranked images from each category. This strategy
ensures that we choose a batch of images with the highest
complexity in each category.

As Fig. 2(b) shows, The parameters of the CLIP image
encoder F remain frozen during training, and only the pa-
rameters of the projection layer δ are updated. We employ
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the CLIP loss LP to train δ:

Îi = δ(F (xi)), Ti = H(y−i ), (xi, yi) ∈ Dpro, (11)

LP = − 1

2m

2m∑
i=1

log
exp(sim(Îi, Ti)/τ)∑M ′

j=1 exp(sim(Îi, Tj)/τ)
, (12)

where 0 < M ′ ≤ M represents the number of negative
labels in the subset, H stands for CLIP text encoder, Îi and
Ti stand for image feature and text feature, respectively, and
τ is the temperature parameter.

3.5. Fine-tuning of the CLIP text encoder features
The primary motivation for fine-tuning negative label fea-
tures derived from the CLIP text encoder H is to ensure
that the semantic representations of negative labels adapt
specifically to OOD data with subtle variations from InD.
While the fine-tuned CLIP image encoder aligns images to
the corresponding negative labels, it may not fully capture
the nuances of the synthetic OOD samples without some
adaptation on the text side. This fine-tuning dynamically
adjusts these representations for better generalization and
reduces overfitting risks of the image encoder fine-tuning
on a limited set of synthetic OOD data.

Specifically, we utilize CLIP and make a subset of the
negative label, Y−

∗ , associated with synthetic OOD sam-
ples Dsyn, learnable. We denote the CLIP text features of
Y−
∗ as T neg

∗ = {Tneg
i }M ′

i=1, where M ′ ≈ 1
2M , leaving the

remaining labels in Y− fixed. This subset negative label
fine-tuning reduces the semantic gap between InD and neg-
ative labels while maintaining model robustness, enabling
precise detection of near-boundary OOD samples.

During fine-tuning, the learnable features T neg
∗ are ad-

justed based on synthetic OOD images X syn, allowing the
negative label features to move closer in feature space to
these OOD samples while maintaining separation from InD
representations. The objective is to align negative labels to
capture relevant distinctions from InD data without overlap.
This direct fine-tuning approach reduces the computational
cost of modifying text encoder embeddings. The loss func-
tion LT for fine-tuning negative features derived from text
encoder H is:

Isyn
i = F (xsyn

i ), (13)

LT = − 1

m

m∑
i=1

log
exp(sim(Ii, T

neg
i )/τ)∑M ′

j=1 exp(sim(T neg
i , Ij)/τ)

. (14)

Through fine-tuning, the negative text encoder features are
adjusted better to capture the distinctions between InD and
OOD data. We do not use the fine-tuned CLIP image en-
coder, as we aim to avoid adapting the image feature projec-
tion based on the text features. This approach helps prevent
the negative label features from shifting to a suboptimal po-
sition, ensuring better control over their alignment. We will

provide a more detailed discussion in the experiments sec-
tion.

4. Experiments

4.1. Experimental Setup
Dataset. We follow Huang et al. [20] and conduct exten-
sive experiments with the standard large-scale ImageNet-
1k [45] as InD data. For OOD data, we employ iNatural-
ist [51], SUN [56], Places365 [64], and Texture [6]. More-
over, we test our SynOOD on OpenOOD benchmark [58,
60]. Specifically, ImageNet-O [17], SSB-hard [52] and
NINCO [2] are labeled as near-OOD, and far-OOD contains
iNaturalist [51], Texture [6], and OpenImage-O [53].
Computational Cost. Compared to NegLabel, our method
adds less than 1% additional parameters and takes under 2
ms per image during inference.
Implementation Details. We use LLaVA [30] to generate
prompts for the diffusion model and employ Stable Diffu-
sion 2 for inpainting [43] as the generative model to create
near-boundary OOD images. We set the strength parame-
ter to 0.6 and the number of timesteps to 20. Energy [31]
is utilized as the OOD Loss function, with ResNet50 serv-
ing as the backbone model. The inpainting process iterates
3 times, with r · ρ = 10. For the CLIP image encoder
fine-tuning, we only train for 3 epochs using Adam with a
learning rate of 1× 10−3, a batch size of 128, and a weight
decay of 1× 10−5. For the CLIP text encoder features fine-
tuning, we employ SGD with a learning rate of 2 × 10−3

and train for 5 epochs. All experiments are performed us-
ing PyTorch [39] on two NVIDIA V100.

4.2. Main Results
As presented in Table 1, we evaluate SynOOD against a
range of existing OOD detection approaches on the widely-
used ImageNet-1k benchmark, showcasing its performance
across multiple challenging datasets. The methods listed
from MSP [15] to ReAct [47] represent OOD detection
approaches based on single-modal vision networks, while
the methods from ZOC [11] to NegLabel [22] employ the
multi-modal capabilities of the CLIP model. The results
consistently demonstrate that pre-trained multi-modal mod-
els like CLIP have a significant advantage over traditional
single-modal vision networks for OOD detection, under-
scoring the benefits of aligning both text and visual repre-
sentations to improve OOD performance. When comparing
SynOOD to NegLabel, we observe that SynOOD maintains
strong detection performance on the iNaturalist [51] and
SUN [56] datasets, which involve natural images and com-
plex scenes, respectively. More notably, SynOOD achieves
significant improvements on the Places [64] and Texture [6]
datasets, which feature a broader diversity of environmen-
tal and textural variations. These improvements underscore
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Table 1. Comparison of OOD detection performance between SynOOD and existing methods. The best and second-best results are
highlighted in bold and underlined, respectively. All methods use ViT/B-16 as the backbone. Methods in the upper section are pre-trained
on ImageNet, while those in the lower section utilize CLIP pre-training.

OOD Datasets

iNatrualist SUN Place Texture Average
Method

AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓

MSP [15] 87.44 58.36 79.73 73.72 79.67 74.41 79.69 71.93 81.63 69.61
ODIN [28] 94.65 30.22 87.17 54.04 85.54 55.06 87.85 51.67 88.80 47.75
Energy [31] 95.33 26.12 92.66 35.97 91.41 39.87 86.76 57.61 91.54 39.89
GradNorm [21] 72.56 81.50 72.86 82.00 73.70 80.41 70.26 79.36 72.35 80.82
ViM [53] 93.16 32.19 87.19 54.01 83.75 60.67 87.18 53.94 87.82 50.20
KNN [48] 94.52 29.17 92.67 35.62 91.02 39.61 85.67 64.35 90.97 42.19
VOS [9] 94.62 28.99 92.57 36.88 91.23 38.39 86.33 61.02 91.19 41.32
DICE [46] 94.49 25.63 90.83 35.15 87.48 46.49 90.30 31.72 90.78 34.75
ReAct [47] 96.22 20.38 94.20 24.20 91.58 33.85 89.80 47.30 92.95 31.43

ZOC [11] 86.09 87.30 81.20 81.51 83.39 73.06 76.46 98.90 81.79 85.19
MCM [35] 94.59 32.20 92.25 38.80 90.31 46.20 86.12 58.50 90.82 43.93
CoOp [66] 94.89 29.47 93.36 31.34 90.07 40.28 87.58 54.25 91.48 38.84
CoCoOp [65] 94.73 30.74 93.15 31.18 90.63 38.75 87.92 53.84 91.61 38.63
NPOS [49] 96.19 16.58 90.44 43.77 89.44 45.27 88.80 46.12 91.22 37.94
CLIPN [54] 95.27 23.94 93.93 26.17 92.28 33.45 90.93 40.83 93.10 31.10
LSN [37] 95.83 21.56 94.35 26.32 91.25 34.48 90.42 38.54 92.96 30.23
LoCoOp [36] 96.86 16.05 95.07 23.44 91.98 32.87 90.19 42.18 93.53 28.64
NegLabel [22] 99.49 1.91 95.49 20.53 91.64 35.59 90.22 43.56 94.21 25.40
CSP[3] 99.60 1.54 96.66 13.66 92.90 29.32 93.86 25.52 95.76 17.51
AdaNeg[61] 99.71 0.59 97.44 9.50 94.55 34.34 94.93 31.27 96.66 18.92
SynOOD (Ours) 99.57 1.57 95.82 20.46 97.37 12.12 95.29 22.94 97.01 14.27

Table 2. OOD detection performance on the OpenOOD bench-
mark. The methods in the upper section are using the whole Ima-
geNet for training. Results are averaged across OOD datasets.

Method AUROC↑ FPR95↓

NearOOD FarOOD NearOOD FarOOD

GEN [32] 78.97 90.98 - -
AugMix [16]+ReAct [47] 79.94 93.70 - -
RMDS [42] 80.09 92.60 - -
AugMix [16]+ASH [7] 82.16 96.05 - -

MCM [35] 59.89 80.71 81.02 68.88
NegLabel [22] 75.47 94.30 74.74 25.73
Ours 77.55 96.21 71.68 17.11

SynOOD’s ability to more accurately capture and repre-
sent OOD boundaries in data with high intra-class vari-
ability and complex visual patterns, areas where traditional
methods often struggle. Overall, SynOOD establishes a
new state-of-the-art in OOD detection, surpassing previ-
ous methods with a substantial AUROC improvement of
2.80% and an FPR95 reduction of 11.13%. This perfor-
mance boost reflects SynOOD’s robust design and effective
use of negative label fine-tuning and iterative OOD sample
generation, which together enable a more nuanced align-
ment between InD and near-boundary OOD samples.
Evaluation on OpenOOD benchmark. We further evalu-
ate SynOOD on the OpenOOD benchmark, which includes

both near-OOD and far-OOD scenarios. As presented in
Table 2, the methods in the upper section are drawn from
OpenOOD [60]. These methods typically show stronger
performance in near-OOD detection, as they benefit from
training on the full ImageNet dataset, which contains over
1.2 million images, giving them a substantial advantage.
This allows them to capture diverse InD patterns, improv-
ing near-OOD detection accuracy. In contrast, SynOOD
uses only a lightweight subset of 50k ImageNet images yet
achieves competitive performance, outperforming all meth-
ods in far-OOD detection and exceeding MCM [35] and
NegLabel [22] on near-OOD detection. These findings un-
derscore SynOOD’s effectiveness across both near and far-
OOD conditions, even with limited training data. This bal-
ance highlights the robustness of our approach, particularly
in the challenging far-OOD scenario, where our method
consistently maintains superior discrimination. These re-
sults confirm the generalization capability of SynOOD and
its adaptability across various OOD conditions.

4.3. Ablation Study
Image Generation and Training Components. In Tab. 4,
we investigate the effect of the fine-tuning of the CLIP im-
age encoder and the fine-tuning of the CLIP text encoder
features using various synthetic image generation strategies.
We compare two image generation approaches for synthe-
sizing OOD data: (1) directly generating images using neg-
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Table 3. OOD detection performance comparison across various CLIP architectures. Results are averaged across four OOD datasets.

OOD Datasets

iNatrualist SUN Place Texture Average
Backbone Method

AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓

NegLabel 99.24 2.88 94.54 26.51 89.72 42.60 88.40 50.8 92.97 30.70ResNet50 SynOOD 98.89 4.26 95.13 24.98 96.07 16.29 93.09 34.65 95.80 20.05

NegLabel 99.11 3.73 95.27 22.48 91.92 34.94 88.57 50.51 93.67 27.92ViT-B/32 SynOOD 99.35 2.42 94.90 25.10 97.20 13.24 92.26 36.86 95.93 19.41

NegLabel 99.49 1.91 95.49 20.53 91.64 35.59 90.22 43.56 94.21 25.40ViT-B/16 SynOOD 99.57 1.57 95.82 20.46 97.37 12.12 95.29 22.94 97.01 14.27

Table 4. A set of ablation experiments on SynOOD. “FT Label”
refers to fine-tuning the label features, “Neg Image” indicates im-
ages generated by a text-to-image diffusion model prompted by the
negative labels, and “Grad Image” represents images produced
using our iterative generation process. Results are averaged across
four OOD datasets.

Data Average
Projection FT Label Neg Image Grad Image AUROC↑ FPR95↓

- - - - 94.21 25.40
✓ ✓ 94.85 22.59
✓ ✓ 96.21 17.29
✓ ✓ ✓ 95.01 21.93
✓ ✓ ✓ 97.01 14.27

ative labels as prompts in a text-to-image diffusion model
and (2) using an iterative image generation process that re-
fines the alignment between generated images and their as-
sociated negative labels. The first method, direct genera-
tion, employs negative labels as prompts to synthesize im-
ages in a single pass through a diffusion model. While ef-
fective, this approach can sometimes yield images with lim-
ited similarity with InD data, which may not fully capture
the nuanced distinctions between InD and near-boundary
OOD samples. The iterative approach substantially im-
proves performance across both image encoder fine-tuning
and label feature fine-tuning, as it progressively shifts the
image away from the original theme while still preserving
visual connections to the InD data through the background
features. Furthermore, our experiments indicate that the
best average performance is achieved when both the im-
age encoder fine-tuning and negative label fine-tuning are
jointly applied with the iterative generation strategy.

Effect of the number of synthetic data. Figure 3 shows
how varying the amount of synthetic OOD data affects
SynOOD when fine-tuning both the CLIP image encoder
and negative text encoder features. We evaluate SynOOD
with m ∈ {1k, 5k, 10k, 20k, 30k, 50k, 75k, 100k} syn-
thetic OOD samples. SynOOD maintains stable perfor-
mance, with accuracy improving as m increases, demon-
strating the effectiveness of our iterative data generation
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Figure 3. SynOOD performance with different amounts of syn-
thetic OOD data. The left plot shows results with fine-tuning neg-
ative label features, while the right plot shows results without fine-
tuning. Results are averaged across four OOD datasets.

strategy. However, performance slightly declines when m
exceeds 50k, due to the balance between fixed and fine-
tuned negative label features. Our method fine-tunes about
5.5k of 11k negative labels, preserving strong performance
on far-boundary OOD data and enhancing sensitivity to
near-boundary samples. Fine-tuning over 7k labels (e.g.,
m = 75k) disrupts this balance, leading to misclassification
of easier OOD samples and a minor performance drop. Ad-
ditionally, including fine-tuned negative label features con-
sistently improves performance across all m values com-
pared to training without fine-tuning, underscoring the im-
portance of tailored feature alignment for effective OOD de-
tection.
Anaylsis of different CLIP networks. In Table 3,
we evaluate the effectiveness of our method, SynOOD,
across a range of CLIP-based architectures, including
ResNet50 [14], ViT-B/32 [8], and ViT-B/16 [8]. Syn-
OOD consistently outperforms the baseline, NegLabel [22],
demonstrating superior performance across all architec-
tures. Notably, our method yields significant improve-
ments in the FPR95 metric, achieving reductions exceed-
ing 10% on each network, which is a substantial enhance-
ment for high-confidence OOD detection. This perfor-
mance boost indicates that SynOOD is not only effective
in lowering false positive rates but also exhibits strong ro-
bustness and adaptability across diverse backbone architec-
tures. The consistent gains achieved across both convo-
lutional (ResNet) and transformer-based (ViT) models un-
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InD data

Synthesized
OOD data

hourglass lifeboat tench bee eater drake hair slide harmonica cheeseburger white wolf lipstick

Figure 4. Visualization of InD and synthetic OOD data. The labels at the top of the figure represent ImageNet categories as InD. The first
row shows ImageNet (InD) images, while the second row presents our synthetic OOD data.

Table 5. Performance comparison across training strategies, in-
cluding joint training and step-by-step training with or without the
trained projection layer during fine-tuning. Results are averaged
across four OOD datasets.

Strategy Fine-Tuning with Projection Average

AUROC↑ FPR95↓

Joint - 95.93 19.41
Separate ! 96.49 16.18
Separate % 97.01 14.27

derscore the generalizability of our approach, showing that
SynOOD’s design principles are broadly applicable to var-
ious network structures within the CLIP framework. This
adaptability further emphasizes SynOOD’s potential for ap-
plication in a wide range of OOD detection scenarios.

Training Strategy Comparison. In Table 5, we examine
three distinct training strategies to evaluate our SynOOD
framework: joint training and two step-by-step training ap-
proaches. For joint training, we optimize both the projec-
tion layer and label feature fine-tuning. The step-by-step ap-
proach separates the training into sequential phases. Specif-
ically, we implement two variations of step-by-step train-
ing: one that incorporates the pre-trained projection layer
during the label feature fine-tuning phase, and another that
excludes it. The results in Table 5 reveal that step-by-step
training is more effective than joint training, providing both
enhanced stability during training and improved detection
performance. This improvement is due to the sequential
focus on each component, which may reduce interference
effects seen in joint training. Notably, our experiments in-
dicate that fine-tuning the label features without image en-
coder fine-tuning yields the best results. We hypothesize
that the projection layer, trained on only 50k synthetic OOD
samples, is prone to overfitting, which may limit generaliza-
tion when combined with fine-tuned label features. By ex-
cluding the projection layer in this phase, SynOOD achieves
a better balance between specificity and robustness in OOD
detection. This evaluation of training strategies underscores
the importance of carefully structuring the training process

for complex OOD detection systems.
Visualize of the synthetic Data. In Fig. 4, we present sev-
eral InD and synthetic OOD data pairs to illustrate how our
method generates OOD samples that are visually similar to
InD samples, yet exhibit clear OOD characteristics. These
examples show that the synthetic OOD images closely re-
semble their corresponding InD images to the human eye,
but contain subtle differences that distinguish them as OOD.
For instance, in the hourglass image on the left of Fig. 4, the
original InD sample depicts an hourglass with white sand,
slim supports, and a blue background. Our generation pro-
cess has transformed this scene into an image with a blue
sky, white clouds, and vines, making it perceptually simi-
lar yet meaningfully different from the InD data. Similarly,
on the right, lipsticks are reimagined as flowers in the same
setting. Our method can even decompose a cheeseburger,
displaying each component separately against a consistent
background. We hope our iterative generation process in-
spires further research into innovative OOD data generation
techniques and opens new possibilities for other applica-
tions where similar approaches might be beneficial.

5. Conclusion
In this paper, we present SynOOD, a novel approach to
OOD detection that combines iterative generative tech-
niques with fine-tuned CLIP models and features for en-
hanced identification of challenging OOD samples. By
synthesizing near-boundary OOD samples using a diffu-
sion model, SynOOD generates data that is visually simi-
lar to, yet semantically distinct from, InD data, allowing for
more precise OOD discrimination. Extensive evaluations
on multiple benchmark datasets demonstrate that SynOOD
surpasses existing methods, achieving state-of-the-art per-
formance in AUROC and FPR95 metrics. Our work high-
lights the effectiveness of synthetic data for OOD detection,
suggesting new directions for using generative methods to
improve model robustness in diverse tasks. We believe Syn-
OOD opens up new directions for OOD detection and en-
courages future research into similar generative strategies
for improving model robustness across other tasks.
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