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Abstract

Preference-based finetuning of vision-language models
(VLMs) is notoriously unstable, i.e., trivially wrong nega-
tives inject uninformative gradients that distort optimiza-
tion and degrade calibration. This work revisits this is-
sue through the lens of learning dynamics and identi-
fies a core pathology, i.e., the squeezing effect, where
easy negatives retain large, misaligned gradients despite
negligible loss. To address this, we propose Cooling-
Weighted Direct Preference Optimization (CW-DPO), a
two-stage framework that smooths and then stabilizes the
alignment process. Stage 1 employs a constrained SFT
phase with low-weight “gentle negatives” to regularize
overconfident distributions and flatten the loss landscape.
Stage 2 introduces a competence-aware cooling weight
that adaptively scales negative gradients according to the
model’s average per-token log-probability, suppressing un-
informative updates while emphasizing hard, on-policy con-
trasts. This dynamics-aware weighting effectively mit-
igates the squeezing effect and enables smoother con-
vergence. Extensive and comprehensive results on the
mainstream benchmarks, i.e., COCO, Flickr30k, NoCaps,
MMMU, and MMBench1.1, our CW-DPO achieves state-
of-the-art performance, e.g., +3.4 CIDEr over PPO and
+2.4% absolute accuracy on MMMU, while improving
calibration and halving convergence steps. This justi-
fies that smoothing before cooling constitutes a simple
yet general principle for robust VLM preference optimiza-
tion. https://github.com/jushengzhang/Dynamics-Aware-
Preference-Optimization

1. Introduction

The finetuning of vision-language models (VLMs) involves
intricate learning dynamics that pose significant challenges
for stable optimization [10, 19, 47, 48, 53, 55, 58]. VLMs
process multimodal inputs, encoding textual and visual
components as high-dimensional sequences, where the vi-
sual stream introduces complex state dependencies, such
as pixel embeddings and spatial metadata, that tightly
couple gradient updates across tokens [17, 28, 51, 57].

Prominent finetuning methods, including supervised fine-
tuning (SFT) [27, 38] and direct preference optimization
(DPO) [29], employ diverse loss geometries and super-
vision signals, necessitating a unified analytical frame-
work to unravel their behavioral foundations, especially in
preference-based alignment aimed at prioritizing human-
preferred outputs [31]. Preference-based finetuning is es-
sential for aligning VLMs with human intent [6, 20, 28,
45, 52, 54, 56], yet it suffers from notorious instabil-
ity in practice. Alignment datasets often contain static
or mis-specified negative examples (trivially incorrect or
off-distribution) that inject uninformative gradients [5, 14,
35, 46, 49]. These gradients disrupt optimization, de-
grade calibration, and produce overconfident, peaky pos-
teriors. Off-policy methods exacerbate this by penalizing
unlikely responses, while even naive on-policy approaches
struggle with gradient spikes from dominant “easy nega-
tives” [7, 14, 50]. This points to a common flaw: align-
ment is often treated as a static optimization task, ignor-
ing the dynamic evolution of the model’s learning trajec-
tory [8, 14, 31].

In this work, we adopt a learning-dynamics perspective,
reframing alignment to explicitly model and harness how
the model’s beliefs evolve during finetuning [32]. We in-
troduce Cooling-Weighted Direct Preference Optimization
(CW-DPO), a two-stage strategy that aligns with this evolu-
tion. The first stage smooths the loss landscape to enhance
stability, while the second applies a competence-aware pref-
erence optimization to refine training, as depicted in Fig-
ure 2. Specifically, Stage 1 enhances SFT by incorporat-
ing “gentle negatives”, introducing low-weight smoothed
supervision to reduce overconfidence around negative re-
sponses without harsh penalties. We define the per-token
average log-probability as ℓ̄θ(y | χ) = 1

L

∑L
l=1 log πθ(yl |

χ≤l), measuring the model’s average confidence per token
on any response y given sample χ (elaborated in §3.2),
with yl (loser) and yw (winner) specifying roles in Stage
2. The objective, formalized as a constrained optimiza-
tion (detailed in §4), is: minθ E(x,y+)∼D[− log πθ(y

+ |
x)] + ηRsmooth(θ;x, y

−), 0 < η ≪ 1, where Rsmooth

(e.g., entropy smoothing or a ReLU-based soft constraint)
regularizes the negative trajectory y−. This “smooth-
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before-optimize” approach de-peaks distributions and flat-
tens sharp loss regions, reducing noise in subsequent con-
trastive learning, as motivated by the peaking pitfalls in
§3.1. In Stage 2, we transition to preference pairs yw (win-
ner) and yl (loser), as detailed in §4. Stage 2 advances with
a novel DPO-style objective featuring competence-aware
reweighting [29]. Vanilla DPO minimizes − log σ(β(∆w −
∆l)), where ∆w = log πθ(yw | x) − log πref(yw | x) and
∆l = log πθ(yl | x) − log πref(yl | x). We enhance it
with a cooling weight: wc(θ; yl, χ) = σ

(
ℓ̄θ(yl|χ)−ℓfloor

τ

)
,

which down-weights yl with low probabilities (indicat-
ing “easy” negatives), steering optimization toward hard
negatives where uncertainty lingers. The resulting loss
is: LCW-DPO = −E

[
log σ(β(∆w − wc(θ; yl, χ) · ∆l))

]
,

where ℓfloor sets an easiness baseline and τ adjusts the
cooling schedule’s sharpness. Negatives are primarily on-
policy, with optional dataset-negative mixing to keep con-
trast fresh. Across both stages, ∆log p probes on a held-out
set monitor learning dynamics, providing a low-cost signal
for early stopping and curriculum design. This endogenous
curriculum adapts to model competence. Extensive and
comprehensive experimental evaluations in §5 demonstrate
that our CW-DPO surpasses SFT-only and vanilla DPO in
stability, efficiency, calibration, and win-rates across visual
QA, binary judgments, and open-ended tasks.

2. Related Work
Supervised and RLHF-based Alignment. The align-
ment of vision-language models (VLMs) with human pref-
erences has become a central topic, following the success
of large language model (LLM) alignment techniques [1,
13, 19, 36]. Early efforts such as supervised finetuning
(SFT) [20, 27] relied on curated image-text pairs, achiev-
ing strong descriptive ability but often suffering from over-
confidence and limited generalization to diverse intents. To
improve alignment fidelity, reinforcement learning from hu-
man feedback (RLHF) [9, 14] is extended to multimodal
settings using proximal policy optimization (PPO) [33, 37].
However, RLHF pipelines are notoriously unstable and
computationally expensive, requiring online rollouts, a sep-
arate reward model, and careful tuning [30, 59].

Direct Preference Optimization. Direct Preference Op-
timization (DPO) [29, 39, 40, 42] simplified RLHF into
a reward-free objective that directly optimizes on prefer-
ence pairs. Its simplicity and efficiency motivated numer-
ous multimodal extensions. V-DPO [39] incorporates vi-
sual preference cues. GRPO [34] introduces group reg-
ularization to reduce overfitting, and OPA-DPO [42] en-
hances data efficiency through online preference augmen-
tation. Other works, such as Task Preference Optimiza-
tion (TPO) [41], Structured Preference Optimization (SPO),

Method No Reward
Model

Visual-
Aware

Online
Efficient

Regularized
Gradients

Dynamics-
Aware

Stable
Calibration

SFT [27] ✓ ✓ ✓ × × ×
RLHF [7] × × × × × ×
DPO [29] ✓ × ✓ × × ×
V-DPO [40] ✓ ✓ ✓ × × ×
GRPO [34] ✓ ✓ × ✓ × ×
OPA-DPO [42] ✓ ✓ ✓ × × ×
CW-DPO (ours) ✓ ✓ ✓ ✓ ✓ ✓

Table 1. Comparison with representative preference optimiza-
tion methods. CW-DPO uniquely integrates learning dynamics
modeling and competence-aware weighting for stable VLM align-
ment.

and Calibrated Multi-Preference Optimization (CaPO) [16],
extend the paradigm toward task-specific, structured, or
calibration-aware formulations. Despite their effectiveness,
these methods largely treat all preference pairs uniformly,
overlooking how gradient signals evolve during training.

Learning Dynamics and Stable Alignment. Recent
studies [11, 26, 31] reveal that alignment follows distinct
learning phases—early generalization followed by mem-
orization—yet uninformative gradients from easy or off-
policy negatives can distort this trajectory. This leads to
the squeezing effect, where probability mass collapses to-
ward dominant modes, harming calibration and diversity.
Our proposed Cooling-Weighted Direct Preference Op-
timization (CW-DPO) explicitly models these dynamics
via a two-stage scheme: (1) a constrained SFT phase that
smooths the loss landscape through gentle negatives, and
(2) a competence-aware cooling mechanism that adaptively
scales negative gradients according to the model’s per-token
log-probability. By jointly smoothing and cooling the learn-
ing trajectory, CW-DPO mitigates gradient imbalance, im-
proves calibration, and stabilizes convergence.

Comparison with Prior Methods. Table 1 summarizes
representative preference optimization methods and high-
lights how CW-DPO uniquely combines learning dynam-
ics modeling and adaptive weighting for robust multimodal
alignment. As shown in Table Table 1, only CW-DPO
simultaneously satisfies all six desirable properties, offer-
ing both theoretical interpretability and empirical stability
across diverse multimodal benchmarks.

3. Problem Formulation: The Unstable Dy-
namics of VLM Finetuning

We systematically dissect the core instabilities afflict-
ing VLM alignment, i.e., a fundamental dilemma in
preference-based learning, manifesting as the “squeez-
ing effect,” in §3.1. This effect underscores a perilous de-
coupling between a sample’s loss-based informativeness
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Figure 1. Two-stage optimization process of CW-DPO. Stage 1 (y+ Training) leverages positive supervision for stability but yields overly
uniform language styles (e.g., “A . . . on the . . . ”). Stage 2 (y− Training) introduces negative contrast for variation but risks errors (e.g.,
a running kitten as “flying”). CW-DPO’s cooling-weighted mechanism dynamically attenuates uninformative negatives while amplifying
hard ones, mitigating error propagation, and enhancing stylistic diversity.

and its gradient-based influence during training. Subse-
quently, in §3.2, we develop a formal analytical lens rooted
in learning dynamics to diagnose this issue. This framework
not only elucidates the root causes of instability but also
yields a principled blueprint for our dynamics-aware so-
lution.

3.1. A Core Dilemma: The “Squeezing Effect”
The fundamental dilemma of preference finetuning is that
aligning with human intent requires penalizing a vast space
of undesirable responses (y−) [14]. As learning progresses,
most undesirable responses are gradually converted into
“easy negatives”, i.e., sequences assigned near-zero prob-
ability by the model. This engenders a destructive feed-
back loop, wherein optimization expends disproportionate
gradient bandwidth on these uninformative samples. As
shown in Figure 1, the consequence is the squeezing ef-
fect, i.e., a decoupling where a sample’s low loss (indicating
minimal informativeness) belies its potentially large, misdi-
rected gradient [31]. Although the loss from an easy neg-
ative πθ(y

−|x) → 0 is negligible, its gradient can remain
substantial and poorly aligned. This misalignment induces
an undesirable redistribution of probability mass: instead of
fostering a calibrated spread across viable alternatives, up-
dates “squeeze” mass toward the dominant mode, typically
y∗ = argmaxy πθ(y|x), which may correspond to a pre-
ferred response yw in later optimization stages. This engen-
ders a “rich-get-richer” dynamic, amplifying overconfi-
dence, curtailing linguistic diversity, and impairing calibra-
tion.

Remark (Insufficiency of DPO’s Implicit Regularization).

DPO implicitly counters this via regularization: the
negative-term gradient is modulated by β(1 − a), where
a = σ(β(∆w − ∆l)) is the sigmoid-transformed margin.
For extremely easy negatives, ∆l drives a → 1, attenuating
the gradient. Theoretically elegant, this falters in practice
due to a wide “vulnerable region” for moderately easy neg-
atives, where log πθ(y

−) is low but a (e.g., ∈ [0.8, 0.99])
insufficiently suppresses the residual gradient β(1− a), es-
pecially at high β [31]. This perpetuates instability and the
squeezing effect. (See Appendix 18 for a formal analysis).

3.2. Analytical Lens: Per-Step Influence Decompo-
sition

To transcend empirical observations and rigorously diag-
nose the squeezing effect, we adopt a learning-dynamics
perspective [12, 15] to enable precise tracing of how a sin-
gle gradient update impacts global model behavior. Define
y = (y1, . . . , yL) as a sequence of length L, with logits
z = (z1, . . . , zL), each zl ∈ R|V | (|V | denotes the vocabu-
lary size). Gradients are w.r.t. the concatenated z, denoted
∇z . A pivotal query: How does an update on “updating”
sample χu = (xu, yw, yl) alter confidence on “observing”
sample χo? Confidence is quantified via average per-token
log-probability: ℓ̄θ(y | χ) = 1

L

∑L
l=1 log πθ(yl | χ≤l).

A first-order Taylor expansion of ℓ̄θ post-update θt+1 =
θt − η∇θL(θt;χu) yields:

∆ℓ̄t(y|χo) = −η(∇θ ℓ̄θt)
⊤(∇θL(θt)) +O(η2). (3.1)

Linearizing logits z(θ;χ) around θt decomposes this into
interpretable factors.

Proposition 3.1 (Sequence-Aware One-Step Influence).
The log-likelihood change on χo post-update on χu (rate
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η) approximates:

∆ℓ̄t(y | χo) ≈ −η
〈
∇z ℓ̄θt(y | χo)︸ ︷︷ ︸
At: Belief Geometry

, Kt(χo, χu)︸ ︷︷ ︸
eNTK Kernel

∇zL(θt;χu)︸ ︷︷ ︸
Gt: Loss Residual

〉
.

(3.2)
Key Elements: Belief Geometry (At) encodes predic-

tive sensitivity to logit perturbations, capturing belief-
landscape curvature. eNTK Kernel (Kt = JoJ

⊤
u ) (J =

∇θz(θt;χ): Jacobian) propagates updates parametrically.
Loss Residual (Gt) directs logit adjustments via ∇zL.

Decomposing the DPO Gradient. The power of this
decomposition becomes evident when we specify the
Loss Residual Gt for the DPO objective. For DPO, Gt =
∇zLDPO (derived in Appendix 18), whose full form is given
in Eq. 4.3 and can be broken down into components related
to the winner yw and the loser yl: Gt = β(1−a)(Gw

t −Gl
t),

where Gw
t and Gl

t are the gradient components for the win-
ning and losing responses, respectively. As discussed in Re-
mark 3.1, the squeezing effect occurs precisely when yl is
an “easy negative.” In this scenario, while the loss itself is
small, DPO’s implicit regularization (1−a) is often insuffi-
cient to fully suppress the gradient, leaving the loser compo-
nent Gl

t disproportionately large and noisy. This oversized
residual from uninformative samples is the direct source of
instability.

Implication for Algorithm Design. This analysis tran-
scends explanation: it isolates the instability’s source to
the oversized, destabilizing "loser" component (Gl

t) of
the loss residual from negative examples yl. The squeez-
ing effect, therefore, emerges not from an inherent flaw in
preference optimization but from an unregulated Gl

t. This
mandates a surgical solution: instead of heuristically reg-
ularizing the entire loss, a principled algorithm must di-
rectly temper this specific residual component. This diag-
nosis is the analytical foundation for our method, detailed
in the next section 4.

4. Dynamics-Aware Cooling-Weighted DPO
Grounded in the principled insights of our diagnostic anal-
ysis (§3), our CW-DPO in Figure 2 provides a dynamics-
aware manner to align VLMs.

4.1. Stage 1: Trajectory Priming via Constrained
SFT

This stage prepares the learning trajectory of the model
πθ (θ denotes the model parameters) by curbing overcon-
fidence, laying a smoother foundation for subsequent pref-
erence learning. Unlike standard SFT, which focuses solely
on positive responses (y+) and risks entrenching peaky dis-
tributions, we adopt a constrained optimization strategy.
To mitigate overconfidence, we impose a constraint on the
model’s response to negatives, minimizing the negative log-
likelihood (NLL) on positives while ensuring the NLL on

negatives (y−) remains above a threshold C to prevent their
premature dismissal as:

min
θ

E(x,y+)∼D
[
− log πθ(y

+ |x)
]

s.t. E(x,y−)∼D
[
− log πθ(y

− |x)
]
≥ C

(4.1)

Here, the objective E(x,y+)∼D[− log πθ(y
+|x)] seeks

to maximize the likelihood of positive responses
y+ drawn from dataset D, while the constraint
E(x,y−)∼D[− log πθ(y

−|x)] ≥ C ensures that the model
assigns sufficient probability to negative examples y−,
preventing them from being overly suppressed. This dual
focus promotes a more uniform allocation of probability
mass, countering the peaking pitfalls outlined in §3.1,
where overconfidence on easy negatives distorts the loss
landscape. To solve this constrained problem practically,
we apply a Lagrangian relaxation, introducing a penalty
term to softly approximate the constraint. This leads to the
Smoothed SFT loss:

LSFT-C = Ebatch
[
− log πθ(y

+ |x)
]

+ λ ReLU
(
C − Ebatch

[
− log πθ(y

− |x)
]) (4.2)

The first term, Ebatch[− log πθ(y
+|x)], remains the stan-

dard NLL for positive examples, computed over mini-
batches for efficiency. The second term, λ · ReLU(C −
Ebatch[− log πθ(y

−|x)]), acts as a regularization: if the ex-
pected NLL of negatives falls below C, the ReLU acti-
vates, penalizing the model with a strength proportional to
λ. This soft enforcement encourages the model to maintain
a balanced response to negatives without rigid enforcement,
approximating the original constraint stochastically. Here,
mini-batch expectations provide practical approximations,
and the ReLU term gently nudges the model toward a well-
calibrated initialization. This process stabilizes the Belief
Geometry (At in Prop. 3.1), setting the stage for the tar-
geted adjustments in Stage 2 by smoothing the initial loss
landscape.

4.2. Stage 2: Competence-Aware Preference Opti-
mization

§3.2 reveals that instability stems from gradient updates for
the negative (loser) sample yl, particularly the loser com-
ponent of the Loss Residual (Gt), which generates over-
sized and uninformative updates for easy negatives. By
asymmetrically applying a cooling weight wc to the loser’s
log-probability difference ∆l, we achieve precise control
over gradient influence. Vanilla DPO Gradient. Con-
sider the DPO loss for a preference pair (yw, yl): LDPO =
− log σ

(
β(∆w − ∆l)

)
, where ∆w/l = log πθ(yw/l|x) −

log πref(yw/l|x). The gradient with respect to the logits (the
Loss Residual) is:

GDPO
t = ∇zLDPO = β(1− a)

(
(gw − gwref)− (gl − glref)

)
,

(4.3)
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Figure 2. our CW-DPO is designed to balance generalization and precision through a two-stage optimization strategy. In Stage 1, Smooth
SFT leverages positive samples together with negative samples containing minor errors to construct a smoothed supervision signal. This
broadens the model’s output probability distribution, thereby enhancing its generalization ability and robustness. In Stage 2, our CW-DPO
employs preference pairs with fine-grained errors for DPO. By sharpening the probability distribution, this stage strengthens the model’s
capacity for precise discrimination of critical details.
Algorithm 1 The Two-Stage CW-DPO Finetuning Protocol
Require: Pretrained VLM θ0, dataset D, hyperparameters

λ,C, β, τ, ℓfloor, learning rate α.
Ensure: Finetuned VLM parameters θ.

1: Initialize: Policy model θ ← θ0.

Stage 1: Trajectory Priming
2: for t = 1, . . . , T1 do
3: Sample a mini-batch (x, y+, y−) from D.
4: Compute Smoothed SFT loss LSFT-C using Eq. 4.2.
5: Update parameters: θ ← θ − α∇θLSFT-C.
6: end for
7: Set reference model: πref ← πθ .

Stage 2: Cooled Preference Optimization
8: for t = 1, . . . , T2 do
9: Sample a mini-batch of preferences (x, yw, yl) from D.

10: Compute cooling weight wc for each sample using Eq. 4.4.
11: Compute CW-DPO loss LCW-DPO using Eq. 4.5.
12: Update parameters: θ ← θ − α∇θLCW-DPO.
13: end for

14: return Finetuned parameters θ.

where a = σ(β(∆w −∆l)) and gw/l = ∇z log πθ(yw/l|x).
Our decomposition pinpoints the squeezing effect to the
loser term (gl − glref), which drives instability for easy neg-
atives [31].

Cooling Weight: Principled Modulator. To address
this, we introduce the cooling weight wc, which adjusts the
negative-sample gradient based on real-time model confi-

dence:

wc(θ; yl, χ) = σ

(
ℓ̄θ(yl | χ)− ℓfloor

τ

)
, (4.4)

where ℓ̄θ(yl | χ) is the average per-token log-probability (as
defined in §3.2), ℓfloor establishes an “easiness” baseline,
and τ controls the transition sharpness, with higher values
yielding a smoother weighting. For confidently rejected re-
sponses (ℓ̄θ ≪ ℓfloor), wc → 0, nullifying the gradient; for
uncertain hard negatives (ℓ̄θ ≥ ℓfloor), wc → 1, preserving
the learning signal.

Core Loss Function. We integrate wc asymmetrically,
dampening only ∆l, to define our core loss:

LCW-DPO = − log σ (β (∆w − wc(θ; yl, χ) ·∆l)) , (4.5)

Differentiating (treating wc as locally constant) yields the
cooled residual GCW

t = ∇zLCW-DPO as:

∇zLCW-DPO = β(1− a′)
(
∇z∆w − wc ∇z∆l

)
= β(1− a′)

(
(πθ(· | x)− yw) − wc (πθ(· | x)− yl)

)
(4.6)

where a′ = σ(β(∆w − wc∆l)). This GCW
t ensures gra-

dients from easy negatives are minimized, preserving pos-
itive updates, and resolves the squeezing effect for stable,
superior alignment. See Algorithm 1 for the full protocol.
In essence, CW-DPO stabilizes training by smoothing ini-
tial losses and refining preferences with competence-aware
weights, as validated empirically in §5.
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Figure 3. Validation of Stage 1 Constrained SFT (SFT-C) vs. standard SFT on: (1) loss; (2) entropy; (3) CIDEr; and (4) SPICE for
Top-5 generations. SFT-C sustains higher entropy (less squeezing) and overall quality.

Table 2. Performance comparison on vision-language benchmarks. For COCO, Flickr30k, and NoCaps, we report BLEU-4 (B@4),
METEOR (M), CIDEr (C), and SPICE (S), with NoCaps split into In, Near, Out, and Entire. We also report accuracy on MMMU and
MMBench1.1. Best results are in bold.

Method COCO Test Flickr30k Test NoCaps Val MMMU MMBench
B@4 M C S C S In Near Out Entire

Qwen2.5-VL (Base) 31.2 26.2 128.8 23.8 78.9 17.2 115.6 113.7 117.6 116.2 70.2 84.9
SFT 35.2 28.4 136.5 24.3 83.2 17.5 121.2 118.5 120.1 120.4 71.8 86.2
DPO 33.5 28.0 136.9 24.0 86.5 18.0 119.5 117.2 119.8 118.9 71.1 84.9
PPO 34.9 28.7 139.2 24.7 82.1 17.7 120.2 118.9 120.0 119.7 71.4 85.8
V-DPO 36.6 28.7 138.3 24.8 86.3 18.2 122.5 119.0 121.6 121.0 72.9 86.8
GRPO 36.5 28.8 138.2 24.9 86.4 18.1 122.3 119.1 121.5 120.9 72.8 86.9
OPA-DPO 36.8 29.0 138.5 25.1 86.7 18.2 122.6 119.4 121.8 121.3 73.1 87.2
CW-DPO (Ours) 39.6 30.4 142.6 25.8 89.2 18.6 125.6 121.3 123.7 123.6 74.6 89.6

5. Experiments

5.1. Main Results on Standard Benchmarks

We evaluate our CW-DPO on three standard image cap-
tioning benchmarks: COCO [18], Flickr30k [43], and No-
Caps [2] for generalization assessment, as well as two com-
prehensive multi-task evaluation benchmarks: MMMU [44]
and MMBench [21]. For COCO and Flickr30k, we adopt
the widely used Karpathy split. The backbone for our CW-
DPO in all the experiments is Qwen2.5-VL-72B [4], and
we compare it against a series of strong fine-tuning base-
lines, including SFT [27], vanilla DPO [29], PPO [33],
and GRPO [34]. To ensure robustness, all reported results
are averaged over five independent runs. As for training
protocol, our CW-DPO follows a two-stage paradigm, i.e.,
Constrained SFT on 75% of the data and Preference Align-
ment on the remaining 25%. In Stage 2, preference pairs
are built by synthesizing minimally perturbed alternatives
yl for each winning caption yw via GPT-4o.

In Table 2, our CW-DPO consistently outperforms all
compared methods, including recent DPO variants like V-
DPO [40], GRPO, and OPA-DPO [42], across 5 mainstream
vision-language benchmarks. On COCO Test, our CW-

DPO achieves a new SOTA CIDEr score of 142.6, surpass-
ing the strongest baseline PPO by 3.4 points (+2.4%). It
also yields a high BLEU-4 score of 39.6, marking a substan-
tial improvement of 2.8 points (+7.6%) over OPA-DPO, re-
flecting enhanced overall generation quality. On Flickr30k
Test that evaluates cross-domain generalization, our CW-
DPO continues to lead all baselines with a CIDEr score
of 89.2, 2.5 points higher than the next-best method, OPA-
DPO. This suggests that the training stability introduced by
our CW-DPO translates effectively into stronger generaliza-
tion across distribution shifts. On the more challenging No-
Caps, our CW-DPO achieves leading performance across
all subsets with an overall score of 123.6. Notably, the
gain on the out-of-domain split (+1.9) does not come at the
expense of in-domain performance (+3.0) when compared
to the strongest baselines, indicating a favorable trade-off
between generalization and retention of core knowledge.
Furthermore, CW-DPO achieves strong adaptability on two
multi-task evaluation suites by obtaining an accuracy of
74.6% on MMMU, outperforming the strongest baseline
OPA-DPO (73.1%) and attaining the highest accuracy of
89.6% on MMBench. This confirms our CW-DPO extends
beyond captioning to broader multimodal reasoning tasks.
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Note that, vanilla DPO underperforms SFT on lexical met-
rics such as BLEU-4. This justifies our core hypothesis that
naive preference optimization over easy negatives may in-
duce over-penalization, thereby degrading generation qual-
ity.

5.2. Phase-One Smoothing Validation Experiment
To isolate and verify the effectiveness of our Constrained
SFT (SFT-C) in mitigating the squeezing effect, we con-
duct a targeted validation experiment. We train two mod-
els on 75% of the COCO training data (∼85k samples):
one with standard SFT and the other with SFT-C. During
training, both models are periodically evaluated on a fixed
probe set of 1,000 examples from the COCO validation
split. To quantify the squeezing effect, we measure the av-
erage entropy of the model’s predictive distribution over
the probe set. Lower entropy signifies a sharper, less di-
verse (“squeezed") distribution. To ensure the increased
smoothness does not degrade generation quality, we also
compute the CIDEr and SPICE scores for the Top-5 pre-
dictions of each model at every evaluation step. Figure 3
validates the advantage of our SFT-C. The standard SFT
exhibits a rapid decrease in training loss, but this is cou-
pled with a precipitous drop in predictive entropy. This
confirms that standard SFT quickly develops an overconfi-
dent, peaky distribution, i.e., a clear indicator of the squeez-
ing effect, when overfit to the training data’s dominant pat-
terns. In contrast, SFT-C successfully maintains a signifi-
cantly higher entropy throughout training, preserving pre-
dictive diversity. The slightly higher training loss observed
for SFT-C is not a sign of inferior learning but rather an
indication that the model is actively avoiding collapse into
a narrow mode, resulting in a smoother, more generalized
distribution. Crucially, this enhanced smoothness directly
translates to superior generation quality. The sustained
higher CIDEr and SPICE scores for SFT-C (Figure 3,
right panels) demonstrate that by preventing the distribu-
tion from becoming overly sharp, our CW-DPO explores a
richer semantic space, consistently producing more accu-
rate and diverse top-k candidates.

5.3. Phase-Twp: Quantitative Analysis of Squeez-
ing Effect Suppression

To evaluate the effectiveness of our CW-DPO in mitigating
the “squeezing effect”, we construct an experiment based
on the COCO Caption dataset. Specifically, we sample
10,000 simple examples as the training set and an additional
1,000 examples as a fixed probe set to analyze distributional
changes. Starting from a unified base model pretrained with
Smoothed SFT, we apply standard DPO and CW-DPO on
the same training split and compare their effects on the out-
put distributions over the probe set. We compute the To-
tal Variation (TV) and Jensen-Shannon (JS) distances be-

tween the pre- and post-finetuning output probabilities, and
visualize changes in the Top-5 token distributions for rep-
resentative samples to provide qualitative insights. To fur-
ther assess whether CW-DPO alleviates overconfidence and
calibration degradation caused by unstable gradients, we in-
clude the Expected Calibration Error (ECE) as an evalu-
ation metric. We also report CIDEr and SPICE scores on
the full COCO test set to comprehensively assess generation
quality.

Figure 4 reveals substantial differences in optimization
dynamics between standard DPO and CW-DPO. From a
global standpoint, the first plot shows that standard DPO
exhibits significantly higher TV and JS divergence, typi-
cally around 0.45 for TV and 0.30 for JS, indicating that
its learning process is overly influenced by simple samples.
This leads to drastic shifts in the output distribution relative
to the initial SFT model, as the model aggressively reallo-
cates probability mass in response to uninformative gradi-
ents from easy negatives. In contrast, CW-DPO achieves
much smaller divergences (e.g., approximately 0.15 for TV
and 0.10 for JS), suggesting that it performs more stable
and conservative updates. By down-weighting easy nega-
tives, CW-DPO preserves the model’s distributional struc-
ture while aligning with preferences, mitigating squeezing,
and reducing risks of forgetting or collapse. These differ-
ences are more pronounced at the micro level. As illus-
trated in the middle plot of Figure 4 (cross-referenced with
Figures 2 and 3), vanilla DPO drives most probability mass
onto the top token, often surpassing 80%, creating a peaked
distribution that suppresses alternatives. This overconfi-
dence raises ECE (e.g., 0.12 → 0.25), degrading calibration.
By contrast, CW-DPO updates more smoothly, keeping the
top-1 token around 50–60%, preserving entropy, and sta-
bilizing ECE at 0.08–0.10. Such dynamic improvements
also yield higher generation quality, as shown in the right
plot: on the full COCO test set, CW-DPO achieves supe-
rior CIDEr (142.6 vs. 137.2) and SPICE (25.8 vs. 24.2), re-
flecting not only greater accuracy but also richer linguistic
diversity and semantics.

5.4. Ablation Study

To evaluate the contributions of each component in our CW-
DPO, we conduct a comprehensive ablation study covering
both training stages under identical data splits and hyperpa-
rameters. Besides ablating the core algorithmic modules,
we provide a further study in Appendix 12 to analyze
the model’s robustness to different negative sampling
strategies, thereby decoupling algorithmic gains from
the data generation process. In Stage 1 (SFT), we evaluate
w/o Smooth SFT, directly applying CW-DPO on the pre-
trained model to assess the need for smoothed initialization;
w/o Negative Sampling, removing negative-sample con-
straints and reducing to standard SFT; and w/o Soft Penalty
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Figure 4. CW-DPO alleviates the squeezing effect of vanilla DPO. It yields smaller distribution shifts (left), smoother posteriors (middle),
and improved generation quality with better calibration (right).

Table 3. Ablation study of CW-DPO on COCO Test, MMMU,
and MMBench1.1.

Method COCO Test MMMU MMBench1.1

B@4 M C S ACC ACC

CW-DPO 39.6 30.4 142.6 25.8 74.6 89.6

Phase-One Ablation
w/o Smooth SFT 34.6 28.4 137.6 24.4 71.8 86.3
w/o Negative Sampling 35.8 29.4 138.9 24.6 72.8 88.4
w/o Soft Penalty 36.2 29.7 139.2 24.8 73.2 88.7

Phase-Two Ablation
w/o CW-DPO 36.7 28.8 140.7 24.7 72.9 86.7
w/o Cooling Weight 39.2 30.1 141.5 25.1 73.6 88.3
w/o Negative Filtering 36.1 27.9 137.4 24.3 73.4 87.4

(→ Hard Constraint), replacing the ReLU penalty with a
hard constraint. In Stage 2 (DPO), we examine w/o CW-
DPO (omitting the second-stage preference alignment), w/o
Cooling Weight (fixing wc to a constant (e.g., 0.7 or 1.0)
instead of adaptive scaling), and w/o Negative Filtering
(updating on all negatives with extremely easy ones, i.e.,
ℓ̄θ ≪ ℓfloor).

Table 3 validates the independent contributions of each
key component in CW-DPO. In Stage 1, removing Smooth
SFT (w/o Smooth SFT) reduces CIDEr by about 5 points
on COCO and also degrades performance on MMMU and
MMBench1.1, indicating the importance of smoothed ini-
tialization for stable alignment. Further removing negative-
sample constraints (w/o Negative Sampling) or replacing
the soft ReLU penalty with a hard constraint (w/o Soft
Penalty) also leads to consistent drops, showing that both
negative-sample regularization and soft penalization are ef-
fective in alleviating overconfidence and improving gener-
ation quality. In Stage 2, omitting preference optimization
(w/o CW-DPO) markedly reduces cross-task performance,
confirming the need for competence-aware alignment. Us-
ing a fixed cooling weight (w/o Cooling Weight) achieves
near CW-DPO CIDEr but lower MMMU and MMBench1.1

scores, underscoring the importance of adaptive scaling for
generalization.

6. Limitations and Future Work
While CW-DPO demonstrates strong stability and gener-
alization across diverse vision–language benchmarks, sev-
eral limitations remain. First, our framework currently as-
sumes access to paired preference data with reliable posi-
tive–negative supervision. Extending CW-DPO to fully un-
supervised or weakly labeled settings, e.g., self-generated
or noisy preferences, requires additional robustness mecha-
nisms such as probabilistic confidence calibration or adap-
tive pseudo-label filtering. Second, although the cooling
weight mitigates uninformative gradients, it introduces hy-
perparameters (τ , ℓfloor) that may require tuning per dataset
to maintain optimal gradient balance. A meta-learned or
automatically scheduled variant could further improve ef-
ficiency. Third, our analysis focuses on the alignment dy-
namics of captioning-style VLMs; applying CW-DPO to in-
teractive or long-horizon multimodal reasoning tasks (e.g.,
video QA or embodied agents) demands modeling tem-
poral dependencies in learning dynamics. Future work
will generalize CW-DPO to model-based alignment and dy-
namic preference settings for a unified multimodal align-
ment framework.

7. Conclusion
In this paper, we uncovered core instability issues in VLM
preference-based finetuning via a fine-grained learning-
dynamics perspective, focusing on the “squeezing effect”
that causes uninformative gradients and unstable optimiza-
tion. Our CW-DPO provides a principled two-stage solu-
tion, i.e., constrained SFT for loss landscape smoothing and
competence-aware cooling weights to suppress easy nega-
tives asymmetrically and adaptively. Extensive empirical
results consistently and clearly demonstrate the strong su-
periority of our CW-DPO with faster convergence, stronger
stability, and enhanced generalization.
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