
Discriminative Probing and Tuning for Text-to-Image Generation

Leigang Qu1, Wenjie Wang1*, Yongqi Li2, Hanwang Zhang3,4, Liqiang Nie5, Tat-Seng Chua1
1National University of Singapore, 2Hong Kong Polytechnic University, 3Nanyang Technological University,

4Skywork AI, 5Harbin Institute of Technology (Shenzhen)
leigangqu@gmail.com, wenjiewang96@gmail.com, liyongqi0@gmail.com

hanwangzhang@ntu.edu.sg, nieliqiang@gmail.com, dcscts@nus.edu.sg

Abstract

Despite advancements in text-to-image generation (T2I),
prior methods often face text-image misalignment problems
such as relation confusion in generated images. Exist-
ing solutions involve cross-attention manipulation for better
compositional understanding or integrating large language
models for improved layout planning. However, the inherent
alignment capabilities of T2I models are still inadequate.
By reviewing the link between generative and discriminative
modeling, we posit that T2I models’ discriminative abilities
may reflect their text-image alignment proficiency during
generation. In this light, we advocate bolstering the dis-
criminative abilities of T2I models to achieve more precise
text-to-image alignment for generation. We present a dis-
criminative adapter built on T2I models to probe their dis-
criminative abilities on two representative tasks and lever-
age discriminative fine-tuning to improve their text-image
alignment. As a bonus of the discriminative adapter, a self-
correction mechanism can leverage discriminative gradi-
ents to better align generated images to text prompts during
inference. Comprehensive evaluations across three bench-
mark datasets, including both in-distribution and out-of-
distribution scenarios, demonstrate our method’s superior
generation performance. Meanwhile, it achieves state-of-
the-art discriminative performance on the two discrimina-
tive tasks compared to other generative models. The code is
available at https://dpt-t2i.github.io/.

1. Introduction
Text-to-image generation (T2I) aims to synthesize high-
quality and semantically-relevant images to a given free-
form text prompt. In recent years, the rapid development
of diffusion models [22, 47] has ignited the research enthu-
siasm for content generation, leading to a significant leap
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Figure 1. Illustration of the (a) text-image misalignment problem
and (b) our motivation by enhancing discriminative abilities of T2I
models to promote generative abilities. We list three wrong gen-
eration results generated by SD-v2.1 [43] with regard to attribute
binding, counting error, and relation confusion in (a).

in T2I [40, 43, 45]. However, due to the weak composi-
tional reasoning capabilities, current T2I models still suffer
from the Text-Image Misalignment problem [28], such as
attribute binding [15], counting error [37], and relation con-
fusion [37] (see Fig. 1), especially in complicated multi-
object generation scenes.

Two lines of work have made remarkable progress in
improving text-image alignment for T2I models. The first
line proposes to intervene in cross-modal attention activa-
tions guided by linguistic structures [15] or test time op-
timization [4]. However, they heavily rely on the induc-
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tive bias for manipulating attention structures, often neces-
sitating expertise in vision-language interaction. This ex-
pertise is not easily acquired and lacks flexibility. In con-
trast, another research line [16, 37] borrows LLM’s lin-
guistic comprehension and compositional abilities for lay-
out planning, and then incorporates layout-to-image models
(e.g., GLIGEN [31]) for controllable generation. Although
these methods mitigate misalignment issues like counting
error, they heavily rely on intermediate states, e.g., bound-
ing boxes, for layout representation. The intermediate states
may not adequately capture fine-grained visual attributes,
and can also accumulate errors in this two-stage paradigm.
Furthermore, the intrinsic compositional reasoning abilities
of T2I models are still inadequate.

To tackle these issues, we aim to promote text-image
alignment by directly catalyzing the intrinsic compositional
reasoning of T2I models, without depending on the induc-
tive bias for attention manipulation or intermediate states.
Richard Feynman famously stated, “What I cannot create,
I do not understand,” underscoring the significance of un-
derstanding in the process of creation. This motivates us to
consider enhancing the understanding abilities of T2I mod-
els to facilitate their text-to-image generation. As illustrated
in Fig. 1, T2I models are more likely to generate an image
with correct semantics if they can distinguish the alignment
difference between the text prompt and the two images with
minor semantic variations.

In light of this, we propose to examine the understanding
abilities of T2I models by two discriminative tasks. First,
we probe the discriminative global matching ability1 of T2I
models on Image-text Matching (ITM) [17, 36], a represen-
tative task to evaluate fundamental text-image alignment.
The second discriminative task inspects the local ground-
ing ability of T2I models. One representative task is Re-
ferring Expression Comprehension (REC) [58], which ex-
amines the fine-grained expression-object alignment within
an image. Based on the two tasks, we aim to 1) probe the
discriminative abilities of T2I models, especially the com-
positional semantic alignment, and 2) further improve their
discriminative abilities for better text-to-image generation.

Toward this end, we propose a Discriminative Probing
and Tuning (DPT) paradigm to examine and improve text-
image alignment of T2I models in a two-stage process.
1) To probe the discriminative abilities, DPT incorporates
a Discriminative Adapter to do the ITM and REC tasks
based on the semantic representations [27] of T2I mod-
els. For example, DPT may take the feature maps from
U-Net of diffusion models [43] as semantic representa-
tions. And 2) in the second stage, DPT further improves
the text-image alignment by means of parameter-efficient

1Here we inspect the understanding ability of models with discrimina-
tive tasks by considering the taxonomy of discriminative and generative
learning in Machine Learning.

fine-tuning, e.g., LoRA [23]. In addition to the adapter,
DPT fine-tunes the foundation T2I models to strengthen
its intrinsic compositional reasoning abilities for both dis-
criminative and generative tasks. As an extension, we
present a self-correction mechanism to guide T2I mod-
els for better alignment by gradient-based guidance signals
from the discriminative adapter. We conduct extensive ex-
periments on three alignment-oriented text-to-image gener-
ation benchmarks and four ITM and REC benchmarks un-
der in-distribution and out-of-distribution settings, validat-
ing the effectiveness of DPT in enhancing both generative
and discriminative abilities of T2I models. The main con-
tributions of this work are threefold.
• We retrospect the relations between generative and dis-

criminative modeling, and propose a simple yet effec-
tive paradigm called DPT to probe and improve the basic
discriminative abilities of T2I models for better text-to-
image generation.

• We present a discriminative adapter to achieve efficient
probing and tuning in DPT. Besides, we extend T2I mod-
els with a self-correction mechanism guided by the dis-
criminative adapter for alignment-oriented generation.

• We conduct extensive experiments on three text-to-image
generation datasets and four discriminative datasets, sig-
nificantly enhancing the generative and discriminative
abilities of representative T2I models.

2. Related Work

• Text-to-Image Generation. Over the past decades, great
efforts on Variational Autoencoders [55], Generative Ad-
versarial Networks [54, 59], and Auto-regression Mod-
els [9, 39, 57] have been dedicated to generating high-
quality images with text conditions. Recently, there has
been a flurry of interest in Diffusion Probabilistic Models
(DMs) [22, 47] due to their stability and scalability. To fur-
ther improve the generation quality, large-scale models such
as DALL·E 2 [40], Imagen [45], and GLIDE [35], emerged
to synthesize photorealistic images. This work mainly fo-
cuses on diffusion models and especially takes the open-
sourced Stable Diffusion (SD) [43] as the base model.

• Improving Text-Image Alignment. Despite the thrilling
success, current T2I models still suffer from Text-Image
Misalignment issues [1, 8, 18], especially in complex
scenes requiring compositional reasoning [34]. Several pi-
oneering efforts were made to introduce guidance to in-
tervene in internal features of SD to stimulate the high-
alignment generation. For example, StructureDiffusion [15]
parses prompts into tree structures and incorporates them
with cross-attention representations to promote composi-
tional generation. Attend-and-Excite [4] manipulates cross-
attention units to attend to all textual subject tokens and en-
hance the activations in attention maps. Despite the notable
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momentum, they are limited to tackling problems including
missing objects and incorrect attributes, and ignore relation
enhancement. Another thread of work, e.g., LayoutLLM-
T2I [37] and LayoutGPT [16], resorts to two-stage coarse-
to-fine frameworks [14, 19, 41], in which they first induce
explicit intermediate bounding box-based layout, and then
synthesize images. However, such an intermediate lay-
out may not be sufficient to represent complex scenes and
they almost abandon the intrinsic reasoning abilities of pre-
trained T2I models. In this work, we propose a discrimina-
tive tuning paradigm by stimulating discriminative abilities
of pre-trained T2I models for high-alignment generation.

• Generative and Discriminative Modeling. The thrilling
progress of LLMs enables generative models to complete
discriminative tasks, which motivates researchers to exploit
understanding abilities [33] with foundation visual genera-
tive models in Image Classification [5, 7, 29, 56], Segmen-
tation [2, 53, 60], and Image-Text Matching [26]. Besides,
DreamLLM [10] unifies generation and discrimination in a
multimodal auto-regressive framework and reveals the po-
tential synergy. On the contrary, a recent work [51] dis-
cusses the generative AI paradox and showed LLMs may
not indeed understand what they have generated. To the
best of our knowledge, we are the first to study discrimina-
tive tuning to promote alignment in T2I.

3. Method
In this section, we introduce the DPT paradigm to probe
and enhance the discriminative abilities of foundation T2I
models. As shown in Fig. 2, DPT consists of two stages,
i.e., Discrimination Probing and Discrimination Tuning, as
well as a self-correction mechanism in Sec. 3.3.

3.1. Stage 1 – Discriminative Probing

In the first stage, we aim to develop a probing method to ex-
plore “How powerful are discriminative abilities of recent
T2I models?”. To this end, we first select representative
T2I models and semantic representations, and then consider
adapting the T2I models to do discriminative tasks.

• Stable Diffusion for Discriminative Probing. Consider-
ing SD is open-sourced and one of the most powerful and
popular T2I models, we select its different versions (see
Sec. 4.2) as representative models to probe the discrimina-
tive abilities. To make generative diffusion models seman-
tically focused and efficient, SD [43] performs denoising in
a latent low-dimensional space. It includes VAE [25], Text
Encoder of CLIP [38], and U-Net [44]. The U-Net serves
as a neural backbone for denoising score matching in the
latent space, composed of three parts, i.e., down blocks,
mid blocks, and up blocks. During training, given a pos-
itive image-text pair (x, y), SD first encodes image x with
the VAE encoder and adds noise ϵ ∼ N (0, 1) to obtain the

latent zt = h(x, t) at timestep t. Thereafter, SD employs
U-Net to predict the added noise and optimizes the model
parameters by minimizing the L2 loss between the ground-
truth noise and the predicted one.
• Semantic Representations. It is non-trivial to leverage
T2I models such as SD to do discriminative tasks. Fortu-
nately, recent work [27] demonstrates that diffusion mod-
els have a meaningful semantic latent space although they
were originally designed for denoising [22] or score estima-
tion [48]. Besides, a series of pioneering work [2, 7, 29, 53]
shows the validity and even superiority of representations
extracted from U-Net of SD to be qualified to discrimina-
tive tasks. Inspired by these studies, we consider utilizing
semantic representations from the U-Net of SD to do dis-
criminative tasks via a discriminative adapter.

• Discriminative Adapter. We propose a lightweight dis-
criminative adapter, which relies on the semantic represen-
tations of SD to handle discriminative tasks. Inspired by
DETR [3], we implement the discriminative adapter with
the Transformer [50] structure, including a Transformer en-
coder and a Transformer decoder. Besides, we adopt a
fixed number of randomly initialized and learnable queries
to adapt the framework to specific discriminative tasks.

Concretely, given a noisy latent zt at a sampled timestep
t and a prompt y, we first feed them into U-Net and extract a
2D feature map Ft ∈ Rh×w×d from one of the intermediate
blocks2, where h, w, and d denote the height, width, and
dimension, respectively. Formally, we extract Ft via

Ft = UNetl(zt,CLIP(y), t), (1)

where UNetl refers to the operation of extracting the feature
maps in the l-th block of U-Net. Afterward, we combine Ft

with learnable position embeddings [11] and timestep em-
beddings [43] of t via additive fusion, and then flatten it into
the semantic representation F̃t ∈ Rhw×d. For simplicity,
we will omit the subscript t in the following.

To probe the discriminative abilities, we feed F̃ into
the Transformer encoder Enc(·), and then perform interac-
tion between the encoder output and some learnable queries
Q = {q1, ...,qN} with qi ∈ Rd in the Transformer decoder
Dec(·, ·). The whole process is formulated as

Q∗ = f(F̃;Wa,Q) = Dec(Enc(F̃),Q) (2)

where f(·) abstracts to the discriminative adapter with pa-
rameters Wa and Q. Wa includes the parameters in Enc
and Dec. The queries Q serve as a bridge between vi-
sual representations and downstream discriminative tasks,
which attends the encoded semantic representation F̃t via
cross-attention [50] of the decoder for downstream tasks.
Thanks to multiple queries in Q, the query representations

2We select the medium block by default, and also delve into the influ-
ence of different blocks in Sec. 4.3.
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Figure 2. Schematic illustration of the proposed discriminative probing and tuning (DPT) framework. We first extract semantic represen-
tations from the frozen SD and then propose a discriminative adapter to conduct discriminative probing to investigate the global matching
and local grounding abilities of SD. Afterward, we perform parameter-efficient discriminative tuning by introducing LoRA parameters.
During inference, we present the self-correction mechanism to guide the denoising-based text-to-image generation.

Q∗ capture multiple aspects of the semantic representation
F̃. Thereafter, Q∗ can be used to do various downstream
tasks, possibly with a classier or regressor.

In the following, we will introduce two probing tasks,
i.e., ITM and REC, and train the discriminative adapter on
them to investigate the global matching and local grounding
abilities of T2I models, respectively.

• Global Matching. From the view of discriminative mod-
eling, a model with strong text-image alignment should be
able to identify subtle alignment differences between vari-
ous images and a text prompt. In light of this, We utilize the
task of Image-Text Matching [17] to probe the discrimina-
tive global matching ability. This task is defined to achieve
bidirectional matching or retrieval, including text-to-image
(T → I) and image-to-text (I → T ).

To achieve this, we first collect the first M(M < N)
query representations {q∗

1, ...,q
∗
M} from Q∗, and then

project each of them into a matching space with the same
dimension as CLIP and obtain hi = g(q∗

i ;Wm). Intu-
itively, different query representations may capture differ-
ent aspects to understand the same image. Inspired by this,
we calculate the cross-modal semantic similarities between
x and y by comparing the CLIP textual embedding of y
and the most matched projected query representations via
s(y, z) = maxi∈{1,...,M} cos(CLIP(y),hi). Based on pair-
wise similarities, we optimize the discriminative adapter
f(·;Wa,Q) and the projection layer g(·;Wm) using con-
trastive learning loss Lmatch = LT→I + LI→T . The first
term optimizes the model to distinguish the correct image

matched with a given text from all samples in a batch, i.e.,

LT→I = − log
exp(s(z, y)/τ)∑B

j=1 exp s((zj , y)/τ)
, (3)

where B denotes the min-batch size, and τ is a learnable
temperature factor. Similarly, the opposite direction from
image to text is computed by

LI→T = − log
exp(s(z, y)/τ)∑B

j=1 exp s((z, yj)/τ)
. (4)

With Lmatch as the optimization objective, the discrimi-
native adapter and the projection layers are enforced to dis-
cover discriminative information from the semantic repre-
sentations for matching, implying the global matching abil-
ity of a T2I model.

• Local Grounding. Local grounding requires a model to
recognize the referred object from others in an image given
a partially descriptive text. We adapt SD to the REC [58]
task to evaluate its discriminative local grounding ability.

Formally, given a textual expression y′ referring to a
specific object with index i in an image x, REC aims to
predict the coordinate and the size, i.e., the bounding box
bi, of the ground-truth object. To achieve it, we share the
same discriminative adapter and employ the other (N−M)
learnable queries as object prior queries and obtain the cor-
responding query representations from the transformer de-
coder as {q∗

j}j∈{M+1,...,N}. We then project each q∗
j into

three spaces separately by three different project layers g(·):
1) the grounding space to get the probability of predict-
ing the correct object, i.e., pj = g(q∗

j ;Wp) ∈ R1; 2)
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the box space to estimate the bounding box parameters,
i.e., b̂j = g(q∗

j ;Wb) ∈ R4; and 3) the semantic space to
bridge the semantic gap between queries and the text, i.e.,
oj = g(q∗

j ;Ws) ∈ Rd.
After projection, we perform maximum matching to dis-

cover the most matched query with index ψ(i). The cost
used for matching includes using grounding probability,
L1, and GIoU [42] losses between the prediction and the
ground-truth box as costs. It is formulated as

ψ(i) = argmin
j∈{M+1,...,N}

−pj + L1(b̂j ,bi) + GIoU(b̂j ,bi) (5)

Besides, we adopt a text-to-object contrastive loss to fur-
ther drive the model to distinguish the positive object from
others at the semantic level:

LT→O = − log
exp(cos(oψ(i),CLIP(y

′))/τ)∑Kx
j=1 exp(cos(oj ,CLIP(y

′))/τ)
, (6)

We combine all the losses and obtain the grounding loss as

Lground =− λ0pψ(i) + λ1L1(b̂ψ(i),bi)

+ λ2GIoU(b̂ψ(i),bi) + λ3LT→O,
(7)

where {λk}k∈{0,1,2,3} serve as trade-off factors.
Finally, we optimize the parameters of the whole model,

including Q and {Wi}, i ∈ {a, p, b, s}, with the following
loss function on two tasks:

L = Ex,ϵ∼N (0,1),t(Lmatcht + Lgroundt ) (8)

The probing process includes training and inference on the
two discriminative tasks. During training, we freeze all pa-
rameters of SD, and adopt its semantic representations for
matching and grounding by optimizing the discriminative
adapter and several projection layers. During inference, we
obtain the testing performance on the two discriminative
tasks, which reflects the discriminative abilities of SD.

3.2. Stage 2 – Discriminative Tuning

In the second stage, we propose to improve the genera-
tive abilities, especially text-image alignment, by optimiz-
ing T2I models in a discriminative tuning manner. Most
prior work [2, 53] only views SD as a fixed feature extractor
for segmentation tasks due to its fine-grained semantic rep-
resentation power but overlooks the potential back-feeding
of discrimination to generation. Besides, though a recent
study [26, 52] fine-tunes the SD model using discrimina-
tive objectives, it only pays attention to specific downstream
tasks (e.g., ITM) and ignores the effect of tuning on gener-
ation. The advancement of discrimination may sacrifice the
original generative power. In this stage, we mainly focus on
enhancing generation, but also investigate the superior limit
of discrimination under the premise of priority generation.
It may shed new light on giving full play to the versatility of

visual generative foundation models. In this vein, we strive
to explain “How can we enhance text-image alignment for
T2I models by discriminative tuning?”

In the previous stage, we freeze SD and probe how in-
formative intermediate activations are in global matching
and local grounding. Here, we conduct parameter-efficient
fine-tuning using LoRA [23] by injecting trainable layers
over cross-attention layers and freezing the parameters of
the pre-trained SD. We use the same discriminative objec-
tive functions as stage 1 to tune the LoRA, discriminative
adapter, and task-specific projection layers. Due to the par-
ticipation of LoRA, we can flexibly manipulate the interme-
diate activation of T2I models.

3.3. Self-Correction

Equipping the T2I model with the discriminative adapter
enables the whole model to execute discriminative tasks.
As a bonus of using the discriminative adapter, we propose
a self-correction mechanism to guide high-alignment gen-
eration during inference. Formally, we update the latent zt
aiming to enhance the semantic similarity between zt and
the prompt y through gradients:

ẑt = zt + η
∂s(zt, y)

∂zt
, (9)

where the guidance factor η control the guidance strength.
∂s(zt,y)

∂zt
represents the gradients from the discriminative

adapter to the latent zt. Afterward, we predict the noise by
feeding ẑt into U-Net and then obtain zt−1 for generation.

4. Experiments
We conduct extensive experiments to evaluate the genera-
tive and discriminative performance of DPT, justify its ef-
fectiveness, and conduct an in-depth analysis.

4.1. Experimental Settings

• Benchmarks. During training, we adopt the training
set of MSCOCO [32] for ITM and three commonly used
datasets [58], i.e., RefCOCO, RefCOCO+, and RefCOCOg
for REC. To evaluate the text-image alignment, we utilize
five benchmarks: COCO-NSS1K [37], CC-500 [15], ABC-
6K [15], TIFA [24], and T2I-CompBench [13]. According
to the distribution differences of textual prompts between
the training set and the test sets, we adopt three settings, i.e.,
In-Distribution (ID) and Out-of-Distribution (OOD) [49] on
COCO-NSS1K and CC-500, respectively, and Mixed Dis-
tribution (MD) on ABC-6K, TIFA, and T2I-CompBench.
More details can be found in Appendix ??.
• Evaluation Metrics. Following the existing baselines [4,
15, 37], we adopt CLIP score [20] and BLIP score3 [30]

3OpenCLIP (ViT-H-14) [6] and BLIP-2 (pretrain) are used to compute
text-image similarities as CLIP and BLIP scores, respectively. We will
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Table 1. Performance comparison for text-to-image generation on COCO-NSS1K, CC-500, and ABC-6K. ID, OOD, and MD refer to
in-distribution, out-of-distribution, and mixed-distribution settings, respectively. According to the version of Stable Diffusion, we split
methods into two groups, top and down for v1.4 and v2.1, respectively. SC denotes self-correction.

Method
COCO-NSS1K (ID) CC-500 (OOD) ABC-6K (MD)

CLIP BLIP-M BLIP-C IS FID CLIP BLIP-M BLIP-C GLIP IS CLIP BLIP-M BLIP-C IS

Stable Diffusion-v1.4 [CVPR22] [43] 33.27 67.96 39.48 31.32 54.77 34.82 70.95 40.36 31.17 14.28 35.33 72.03 40.82 34.47

LayoutLLM-T2I [ACMMM23] [37] 32.42 67.42 39.46 25.57 59.26 - - - - - - - - -

StructureDiffusion [ICLR23] [15] - - - - - 33.71 66.71 39.54 31.39 14.14 34.95 69.55 40.69 34.97

HN-DiffusionITM [NeurIPS23] [26] 33.26 70.06 40.14 31.53 53.26 34.15 68.77 40.30 31.54 13.99 35.02 72.28 41.12 34.83

DPT (Ours) 33.85 71.84 40.11 31.65 54.96 35.97 76.74 41.15 37.07 13.56 35.88 75.88 41.26 34.46

Stable Diffusion-v2.1 [CVPR22] [43] 34.96 73.32 40.22 30.40 55.35 39.24 85.45 43.36 52.09 11.53 37.53 81.98 41.77 33.31

Attend-and- Excite [TOG23] [4] 34.95 74.68 40.32 30.27 55.16 39.43 90.03 44.08 53.29 11.82 37.59 82.64 41.83 32.94

HN-DiffusionITM [NeurIPS23] [26] 35.14 75.64 40.77 30.34 52.73 38.81 85.76 43.22 48.95 12.11 37.58 82.33 42.07 34.14

DPT (Ours) 35.83 78.58 41.14 30.83 55.55 40.23 90.72 44.55 53.29 11.59 38.39 86.19 42.36 32.97

DPT + SC (Ours) 35.75 79.15 41.14 30.50 54.89 40.25 91.33 44.69 53.29 11.89 38.41 85.63 42.34 33.56

Table 2. Performance comparison for text-to-image generation on
TIFA [24] and T2I-CompBench [13]. According to the version of
Stable Diffusion, we split methods into two groups, top and down
for v1.4 and v2.1, respectively. SC denotes self-correction.

TIFA
T2I-CompBench

Color Shape Text. Sp. Non-Sp. Comp.

SD-v1.4 [43] 79.15 36.82 35.94 42.16 10.64 30.45 28.18

HN-DiffusionITM [26] 79.02 36.71 35.48 39.84 11.22 30.91 28.05

VPGen [12] 77.33 32.12 32.36 35.85 19.08 30.07 24.39

LayoutGPT [16] 79.31 33.86 36.35 44.07 35.06 30.30 26.36

DPT (Ours) 82.04 48.84 38.93 50.10 14.63 30.83 30.05

DPT + SC (Ours) 82.40 51.51 39.61 49.38 15.45 30.84 30.29
SD-v2.1 [43] 81.35 48.21 40.49 46.83 16.94 30.63 29.96

Attend-and-Excite [4] 81.98 53.72 43.41 48.53 16.30 30.64 30.38

HN-DiffusionITM [26] 82.02 46.45 40.09 49.35 15.01 30.99 30.35

DPT (Ours) 84.49 60.59 48.18 58.24 20.78 30.95 32.44

DPT + SC (Ours) 84.63 62.59 48.44 57.60 21.04 30.76 32.52

including BLIP-ITM and BLIP-ITC, and GLIP score [15]
based on object detection to evaluate text-image alignment,
and IS [46] and FID [21] as quality evaluation metrics.
As for TIFA and T2I-CompBench, we follow the recom-
mended VQA accuracy or specifically curated protocols.

4.2. Performance Comparison

• Text-to-Image Generation. As shown in Tab. 1 and
Tab. 2, we have the following observations and discus-
sions: 1) Compared with the base foundation models, i.e.,
SD [43], the proposed DPT manages to improve the text-
image alignment remarkably, which illustrates that enhanc-
ing discriminative abilities could benefit the generative se-
mantic alignment for T2I models. 2) DPT achieves superior
performance on CC-500 and ABC-6K under the OOD set-
ting, showing its powerful generalization to other prompt
distributions. It also reveals its capability to resist the risk
of overfitting when tuning T2I models with discriminative
tasks. 3) The consistent improvement on both SD-v1.4 and

adopt Image-Text Matching (ITM) and Image-Text Contrastive (ITC) as
BLIP scores in the following.

SD-v2.1 demonstrates that the proposed DPT may be par-
allel with the generative pre-training based on score match-
ing, reflecting the possibility of activating the intrinsic rea-
soning abilities of T2I models using DPT. And 4) in all, the
proposed method achieves the best generation performance
consistently on text-image alignment across comprehensive
benchmarks, distribution settings, and evaluation protocols.
Besides, the improvement in alignment does not result in a
loss of image quality per IS and FID. These results confirm
the effectiveness of the proposed paradigm DPT.

• Discriminative Matching and Grounding. In Sec. 3.1,
we incorporate a discriminative adapter on top of T2I mod-
els and probe and improve its understanding abilities based
on ITM and REC. In an empirical sense, we carry out ex-
periments by training the adapter in the first stage and intro-
ducing the LoRA for tuning in the second stage using ITM
and REC data, and then evaluate the matching and ground-
ing performance. We show experimental results of base-
lines including discriminative and generative models under
the zero-shot and fine-tuning settings in Tab. 3. See Ap-
pendix ?? for more details on the implementation and set-
tings. From this table, we observe that our method could
outperform the existing state-of-the-art generative methods,
such as Diffusion Classifier [29] and DiffusionITM [26],
by large margins on ITM and REC tasks. Even it could
achieve competitive performance in the first probing stage
or when selected with a priority generation in the second
stage. These results show that the generative representa-
tions extracted from the intermediate layers of U-Net con-
vey meaningful semantics, verifying that T2I models have
basic discriminative matching and grounding abilities. Be-
sides, it also indicates that such abilities could be further im-
proved by the discriminative tuning introduced in Sec. 3.2.

4.3. In-depth Analysis

To verify the effectiveness of each component in DPT, in-
cluding discriminative tuning on Global Matching (GM)
and Local Grounding (LG) in the 2nd stage, and the Self-
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Table 3. Performance comparison for image-text matching and referring expression comprehension to evaluate global matching and local
grounding abilities, respectively. Datasets include MSCOCO-HN for ITM, and RefCOCO, RefCOCO+, and RefCOCOg for REC. All
the methods are grouped into three parts, in which the upper, middle, and lower groups correspond to zero-shot discriminative, zero-shot
generative, and fine-tuning generative methods, respectively. All the generative models are based on Stable Diffusion-v2.1.

Method
MSCOCO-HN RefCOCO RefCOCO+ RefCOCOg

I-to-T T-to-I Overall val testA testB val testA testB val test

Random Chance 25.00 25.00 25.00 16.53 13.51 19.20 16.29 13.57 19.60 18.12 19.10
CLIP (ViT-B-32) [ICML21] [38] 47.63 42.82 45.23 44.79 46.12 42.61 49.60 51.07 46.04 58.31 58.42
OpenCLIP (ViT-B-32) [CVPR23] [6] 49.07 47.45 48.26 43.22 43.15 44.65 48.21 48.60 50.64 60.32 60.84
Diffusion Classifier § [ICCV23] [29] 34.59 24.12 29.36 6.23 2.14 12.11 6.07 2.11 12.29 8.68 8.45
DiffusionITM § [NeurIPS23] [26] 34.59 29.83 32.21 28.88 30.16 29.01 29.97 31.17 30.25 38.07 38.91
Local Dinoising - - - 23.83 21.20 24.85 24.07 21.31 25.45 28.66 28.59
Diffusion Classifier †§ [ICCV23] [29] 37.72 24.03 30.88 6.11 2.10 10.91 6.04 2.13 11.48 8.05 7.54
DiffusionITM †§ [NeurIPS23] [26] 37.72 29.88 33.80 34.09 32.70 35.29 35.86 35.42 38.23 49.67 49.05
HN-DiffusionITM †§ [NeurIPS23] [26] 37.55 30.37 33.96 31.43 28.50 35.47 33.47 30.16 37.47 47.98 48.20
Local Dinoising † - - - 23.70 21.55 24.81 24.01 21.52 25.32 28.53 28.77
DPT (Stage1, Ours) 42.29 34.75 38.52 48.79 53.28 43.06 42.56 47.69 36.14 46.56 45.75
DPT (Ours) 42.07 34.97 38.52 52.73 57.84 46.73 45.34 50.12 38.41 48.61 47.45
DPT* (Ours) 43.12 35.25 39.18 63.45 66.70 57.90 51.56 56.81 42.73 54.96 54.80
†: fine-tuning with the denoising objective;
§: cropping an image into blocks and then matching them with the referring text for REC;
∗: model selection with a priority discriminative task, i.e., ITM or REC

Correction (SC) during inference, we conduct several ana-
lytic experiments on COCO-NSS1K and CC-500 under ID
and OOD settings. The results are summarized in Tab. 4.

• Effectiveness of Discriminative Tuning. From the com-
pared results in Tab. 4 between different variants, we ob-
serve that the two tuning objectives, i.e., GM and LG, could
consistently promote the alignment performance for T2I ac-
cording to CLIP and BLIP scores. It verifies the validity of
discriminative tuning on ITM and REC tasks. Compared
with GM, LG achieves more remarkable improvement over
semantic and object detection metrics. It may be attributed
to the enhanced grounding ability brought by the prediction
of local concepts based on partial descriptions. Further-
more, combining the two objectives to conduct multi-task
learning may contribute to a slight improvement in BLIP
scores under the OOD setting, but other metrics are slightly
compromised. This phenomenon indicates that some con-
tradictions may exist during model optimization, reflecting
that unifying multiple tasks is still challenging.

• Effectiveness of Self-Correction. In Sec. 3.3, we propose
to recycle the discriminative adapter in the inference phase
by guiding iterative denoising. Comparing the 3rd and
4th variants in Table 4, we can see that the self-correction
scheme could consistently improve the alignment for T2I,
attesting to its effectiveness.

• Impact of Probed U-Net Block. Due to the hierarchical
structure of the U-Net in SD, we could extract multi-level
feature maps from its different blocks. Prior work [52] has
shown that different blocks may have different discrimina-
tive powers in image classification. To further investigate
the matching and grounding abilities empowered by various
blocks and the trade-off between discrimination and genera-

Table 4. Ablation study for the influence of two objectives of
discriminative tuning including Global Matching (GM) and Lo-
cal Ground (LG) in the 2nd stage, and the Self-Correction (SC)
during inference on alignment-oriented text-to-image generation.
The COCO-NSS1K and CC-500 datasets are used to evaluate in-
distribution (ID) and out-of-distribution (OOD) generation. All
experiments are based on Stable Diffusion-v2.1.

Index GM LG SC
COCO-NSS1K (ID) CC-500 (OOD)

CLIP BLIP-M BLIP-C CLIP BLIP-M BLIP-C GLIP

0 34.96 73.32 40.22 39.24 85.45 43.36 52.09
1 ! 35.14 74.83 40.45 39.28 86.23 43.36 49.55
2 ! 35.94 79.19 41.11 40.31 90.63 44.31 57.03
3 ! ! 35.83 78.58 41.14 40.23 90.72 44.55 53.29
4 ! ! ! 35.75 79.15 41.14 40.25 91.33 44.69 53.29
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Figure 3. Generative and discriminative results by probing differ-
ent layers of U-Net in SD-v2.1 and adapting to ITM and REC. We
report average CLIP and BLIP-M scores over COCO-NSS1K and
CC-500, overall matching performance on MSCOCO-HN, and av-
erage grounding performance over all test sets of RefCOCO, Re-
fCOCO+, and RefCOCOg. We conduct model selection based on
T2I performance on the validation set of COCO-NSS1K.

tion, we probe consecutive seven blocks of the U-Net shown
in Fig. 2 from left to right and then tune the whole model
based on the probed block. The generative and discrimi-
native results are shown in Fig. 3. It can be observed that
the T2I performance gets continuously improved with the
probed block shifting from bottom to up. The reason may be
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that more LoRA parameters would be introduced and more
layers would be tuned during back-propagation. In contrast,
the discriminative performance regardless of matching and
grounding starts to increase and then deteriorates. It may
be attributed to two points: 1) the feature maps from those
blocks (e.g., up2 and up3) close to final outputs, i.e., pre-
dicted noises, are less semantic; 2) the feature sequences
flattened from these feature maps may be too long, making
it difficult for the discriminative adapter to probe.
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Figure 4. Impact of (a) the variation of generation and discrimi-
nation performance with the progress of tuning and (b) the self-
correction strength on the performance of T2I on CC-500.

• Impact of Tuning Step. To further delve into the durative
impact of discriminative tuning on two aspects of perfor-
mance, we show the dynamics of the performance with the
increment of the tuning step in the 2nd stage in Fig. 4a. We
can see that the generative performance gets better with tun-
ing and seems to reach the saturation point at the 8k step. In
contrast, there is still potential for grounding performance
to get higher while the matching performance seems to re-
main stable in the tuning stage.
• Impact of Self-Correction Factor. As shown in Fig. 4b,
we study the influence of the guidance factor η in Eqn. (9)
on the alignment performance of T2I. The results demon-
strate that the proposed self-correction mechanism could
alleviate the text-image misalignment issue with a proper
range of guidance factor, i.e., (0.05, 1).

4.4. Qualitative Results

To intuitively show the alignment improvement achieved by
DPT and SC, we illustrate generated examples with prompts
from COCO-NSS1K for object appearance, counting, rela-
tion, and compositional reasoning evaluation, as shown in
Fig. 5. These cases demonstrate the effectiveness of incor-
porating discriminative probing and tuning into T2I models.

5. Conclusion and Future Work
In this work, we tackled the text-image misalignment issue
for text-to-image generative models. Toward this end, we
retrospected the relations between generative and discrim-
inative modeling and presented a two-stage method named
DPT. It introduces a discriminative adapter for probing ba-
sic discriminative abilities in the first stage and performs
discriminative fine-tuning in the second stage. DPT exhib-
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“A person guiding a child down a hill on skis.”
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yellow flower.” 
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Figure 5. Qualitative results on COCO-NSS1K. We compare
DPT with SD-v2.1 and two baselines including Attend-and-Excite
(AaE) [4] and HN-DiffusionITM (HN-DiffITM) [26] regarding
object appearance, counting, spatial relation, semantic relation,
and compositional reasoning. Categories and the corresponding
keywords in prompts are highlighted with different colors.

ited effectiveness and generalization across five T2I datasets
and four ITM and REC datasets.

In the future, we plan to explore the effect of discrim-
inative probing and tuning to more generative models
using more conception and understanding tasks. Besides,
it is interesting to discuss more complicated relations
between discriminative and generative modeling such as
trade-offs and mutual promotion across different tasks.
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