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Abstract
Multi-turn image editing aims to modify an image according to a sequence of instructions, enabling more
effective interactive visual content creation for users. However, existing methods often exhibit noticeable
drift after only a few editing turns, manifesting in two aspects: 1) unstable visual quality, with accumulating
artifacts and degraded details; and 2) inconsistent image content, with unintended changes to preserved
regions and prior edits. To address these challenges, we propose MT Forcing, a novel training paradigm
for multi-turn image editing with unified multimodal models (UMMs) based on autoregressive diffusion.
Specifically, we propose Single-Turn Distribution Matching Distillation (Single-Turn DMD), which
supervises student self-rollouts with a teacher that applies cumulative edits to the source image in a single
turn, providing visual-quality guidance without cross-turn error accumulation. Additionally, we introduce
Teacher-Forcing Guidance, which supervises history-dependent transitions on reference trajectories
during warmup and as a regularizer during distillation, encouraging cross-turn content consistency beyond
what per-turn distribution matching alone can ensure. Extensive experiments demonstrate that our approach
significantly improves the multi-turn image editing capabilities of UMMs, yielding more stable visual
quality and stronger cross-turn consistency.
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Figure 1. Overview of our approach. Top left: MT Forcing reduces artifacts after eight editing turns. Top right: turn-wise and
eight-turn mean scores for SenseNova-U1.5 with and without MT Forcing. Bottom: qualitative comparisons illustrate the roles
of Single-Turn DMD and Teacher-Forcing Guidance in improving visual quality and cross-turn consistency.
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1 Introduction
Multi-turn image editing [27, 39, 60, 92, 112] aims to progressively modify an image through a sequence of user
instructions. With rapid advances in unified multimodal models (UMMs) [11, 14, 66], this task has attracted growing
attention from the research community. Compared with conventional single-turn editing [3, 9, 29, 35, 56, 67, 100],
it enables users to continuously refine visual content as their creative intentions evolve, making it well suited to
creative workflows requiring precise control over successive edits.

Since each edit builds on the results of preceding turns, multi-turn image editing is inherently causal [61, 86],
which naturally aligns with autoregressive diffusion [12, 18, 22, 36] in UMMs. Such a design enables subsequent
edits to draw on the accumulated interaction history while responding to new user instructions. However, existing
methods often exhibit noticeable drift after only a few editing turns, manifesting in two aspects: 1) unstable visual
quality, characterized by accumulating visual artifacts and progressive degradation of fine-grained textures and
local structures; and 2) inconsistent image content, characterized by unintended alterations to regions outside the
requested edit and failures to retain prior edits that should remain unchanged (See Fig. 1 for examples). We attribute
these failures to exposure bias [59, 65], arising from the mismatch between training and inference conditions.
During supervised training, the model typically conditions on ground-truth histories, whereas inference requires
recursively conditioning on its own imperfect outputs.

To overcome these challenges, we propose MT Forcing, a training paradigm for UMMs based on AR diffusion that
enables stable and consistent multi-turn image editing.

First, we introduce Single-Turn Distribution Matching Distillation (Single-Turn DMD) to improve visual quality
stability. Our design is motivated by two observations: 1) editing models can execute multiple actions within a
single turn [72], and 2) a single editing turn typically introduces limited visual degradation [71]. These observations
suggest that we can use a model as a teacher for multi-turn editing by having it perform single-turn edits. Specifically,
at each turn, we reorganize all editing instructions up to that turn into a single-turn editing prompt, termed a bundled
prompt, and condition the teacher on this prompt and the source image. We use a DMD loss [15, 43, 94, 95] to
distill the teacher into the student by matching their per-turn output distributions. By applying the bundled edits to
the source image within a single turn, the teacher provides guidance free from cross-turn error accumulation. The
student performs autoregressive self-rollouts during training [1, 28], conditioning each edit on its own imperfect
outputs. This training teaches the student to maintain visual quality under imperfect self-generated histories using
high-quality teacher guidance.

Additionally, to improve cross-turn consistency, we introduce Teacher-Forcing Guidance, which applies teacher-
forced supervision [26, 30, 99] on ground-truth multi-turn editing trajectories in two stages. 1) Teacher-Forcing
Warmup: before Single-Turn DMD training, we perform supervised fine-tuning to teach the model to produce
consistent edits conditioned on coherent reference histories. 2) Teacher-Forcing Regularization: during Single-Turn
DMD training, we retain this supervision with a lower weight as a regularizer to preserve cross-turn consistency
while mitigating oversaturation and visual artifacts introduced during distillation [6, 78, 97].

Extensive quantitative and qualitative experiments demonstrate that MT Forcing achieves more stable visual quality,
greater content consistency, and better instruction following across successive editing turns. We further introduce
a metric based on image-matching [23] that quantifies pixel-level alignment. MT Forcing also achieves better
alignment under this metric, providing additional evidence of improved content preservation over successive edits.

In summary, we 1) discuss visual quality degradation and content inconsistency in multi-turn image editing;
2) propose MT Forcing, in which Single-Turn DMD stabilizes visual quality and Teacher-Forcing Guidance preserves
cross-turn content consistency; and 3) conduct extensive quantitative and qualitative experiments demonstrating
improved visual quality stability, content consistency, and instruction following, and introduce a metric based on
image matching to quantify pixel-level alignment across successive edits.

2 Related Work
Multi-Turn Image Editing extends instruction-based image editing [3, 25, 34, 45, 69, 72, 74, 79] to an interactive
setting, where users progressively refine an image through a sequence of instructions. A straightforward approach is
to recursively apply a single-turn editor, conditioning each turn on the previous output and the current instruction [27,
39, 101, 112]. However, this formulation does not explicitly model the full interaction history, limiting its ability to
retain earlier constraints and resolve context-dependent instructions [91]. Recent approaches build on UMMs to
incorporate previous instructions and generated images into a shared context for subsequent edits [11, 92]. Multi-turn
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Consistent Image Editing [112] uses flow-based inversion and dual-objective guidance to stabilize sampling, while
FreqEdit [39] preserves high-frequency features to reduce accumulated degradation. VINCIE [61] learns in-context
editing from video-derived image-text sequences, and AnchorEdit [86] introduces causal self-rollout training and
memory to preserve subject identity across turns. MT-EditFlow [27] optimizes rewards aggregated over editing
trajectories, while Edit-R2 [92] reconstructs session intent and jointly optimizes reasoning and image generation.
Most recently, MT-OPSD [101] constructs degraded inputs through identity rollouts and distills clean-conditioned
teacher predictions into the student. However, the mismatch between training on reference histories and inference
on self-generated outputs can cause errors to accumulate, making visual quality and content consistency difficult to
maintain over successive turns [27, 101].

Diffusion Distillation aims to reduce iterative diffusion sampling to one or a few steps with minimal loss in
generation quality. Teacher-trajectory regression learns the teacher’s sampling dynamics through direct noise-to-
image regression [50, 106] or progressive step compression [57, 62], while InstaFlow [46] straightens trajectories to
facilitate one-step distillation. Consistency-based methods constrain predictions along a diffusion trajectory to share
a common endpoint [52, 53, 70], with extensions to interval mappings [24, 32, 77, 107] and transitive or bootstrapped
supervision [2, 21]. Continuous-time formulations improve scalability [47], while rCM [109] combines consistency
distillation with score regularization. Distribution-level methods supervise generated samples through adversarial
objectives [31, 40, 63, 64, 87] or score-based matching [54, 58, 111]. DMD [95] matches distributions using the
difference between target and student-distribution scores, while DMD2 [94] stabilizes online score estimation and
incorporates adversarial supervision. Subsequent work improves distillation quality and scalability [10, 19, 48, 110],
refines multi-step matching and guidance [15, 43, 81], and explores alternative divergence objectives [88]. Auxiliary
student-score estimation can also be replaced by generator-derived surrogates [33] or discriminative density-ratio
estimation [98]. We use DMD to transfer single-turn editing quality to outputs under imperfect multi-turn histories.

Autoregressive Diffusion generates visual content in a causal autoregressive manner. For images, UMMs [11, 13,
14, 17, 20, 66, 82, 83] extend sequence modeling to visual understanding, generation, and editing, often combining
autoregressive context modeling with diffusion-based image synthesis. For videos, a common strategy distills
pretrained bidirectional diffusion models into few-step autoregressive generators, reducing latency and enabling
streaming beyond the training clip length [28, 96]. CausVid [96] uses asymmetric distribution matching between a
bidirectional teacher and a causal student. Diffusion Forcing [5] trains with independently noised sequence elements,
whereas Self Forcing [28] trains on autoregressive self-rollouts to align training with inference. Other studies
improve causal student initialization [108, 113] and scalable few-step or one-step distillation [16, 102]. Long-horizon
stability is further strengthened through streaming training and error control [4, 8, 37, 44, 90, 114], long-range
context modeling [7, 85, 89], and KV-cache management [51, 68, 93, 104]. Further work improves distillation
quality and diversity [49, 105] and reduces inference costs through sparse or multi-scale attention [38, 55, 84].
However, directly transferring these methods to multi-turn image editing is challenging, as bidirectional teachers
capable of jointly generating complete editing trajectories are unavailable.

3 Method
MT Forcing combines distribution matching on self-generated histories with supervision on reference trajectories.
Sec. 3.1 defines the multi-turn editing problem and its training–inference mismatch. Sec. 3.2 introduces Single-Turn
DMD to supervise student rollouts with a single-turn teacher. Sec. 3.3 presents Teacher-Forcing Guidance to
enhance Single-Turn DMD through reference supervision. Algorithm 1 summarizes the overall training procedure.

3.1 Problem Formulation
A multi-turn editing session consists of a source image xsrc and N sequential instructions c1:N . At turn i, the model
Gθ generates xi from the current instruction ci and the preceding history H<i = (xsrc, c1, x1, . . . , ci−1, xi−1).

pθ(x1:N | xsrc, c1:N ) =

N∏
i=1

pθ(xi | H<i, ci). (1)

The causal model caches key–value (KV) vectors of previous instructions and images for subsequent edits [41, 75].
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MT Forcing Framework
Figure placeholder

Figure 2. Overview of the MT Forcing framework. Single-Turn DMD supervises student rollouts using a single-turn teacher,
while Teacher-Forcing Guidance applies reference-trajectory supervision through warmup and regularization.

In multi-turn image editing, UMMs encounter different histories during teacher-forcing training and rollout
inference. A reference trajectory τ = (xsrc, {(ci, x⋆i )}Ni=1) ∼ Dref supplies H⋆

<i = (xsrc, c1, x
⋆
1, . . . , ci−1, x

⋆
i−1)

during teacher forcing, whereas during inference the model uses its own preceding outputs:

Teacher-forcing training: pθ(xi | H⋆
<i, ci),

Self-rollout inference: pθ(xi | H<i, ci).
(2)

Therefore, errors in generated histories can accumulate across turns, causing editing results to drift progressively.

3.2 Single-Turn Distribution Matching Distillation
Recent video-generation methods [8, 28] mitigate rollout drift by distilling from pretrained bidirectional teachers that
jointly model multiple frames. Multi-turn editing lacks a corresponding bidirectional UMM that jointly generates
instruction-conditioned editing trajectories. We therefore propose Single-Turn DMD, in which a single-turn editing
teacher supervises each generated turn; we next specify its conditioning and training signal.

At turn i, we reorganize all editing instructions up to that turn, c1:i, into a single-turn editing prompt, termed the
bundled prompt c̄i = Reorganize(c1:i). This prompt expresses the cumulative editing intent as one edit to be
applied directly to the source image. For example, “add a vase” followed by “make it blue” can be reorganized as
“add a blue vase.” We use CS

i = (H<i, ci) and CT
i = (xsrc, c̄i) as the student and teacher conditions, respectively.

The student recursively samples xi ∼ pθ(· | CS
i ) and appends (ci, xi) to its history. Since CS

i contains the source
image and all instructions up to turn i, prompt reorganization maps it to CT

i , but this mapping is not invertible:

CS
i ⇒ CT

i , CT
i ⇏ CS

i . (3)

Thus, the student has a stronger condition and the frozen teacher Tϕ has a weaker condition.

Fig. 3 shows clear teacher outputs at Turns 1, 5, and 8 for bundled prompts formed from accumulated editing
instructions. By realizing cumulative editing intent in a single turn while maintaining visual quality across editing
stages, the teacher therefore can provide effective per-turn distributional supervision for the student.

How can a teacher with weaker condition train the student? The connection is provided by the distribution
induced by the student’s causal rollout. The student generates each image from pθ(· | CS

i ), using the accumulated
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Source Image Turn 1 Turn 5 Turn 8

Figure 3. Visual quality across turns with a single-turn
teacher. Each bundled prompt is applied independently to the
source image. Enlarged crops show stable facial details.

Source Image Turn 1 Turn 5 Turn 8

Figure 4. Content inconsistency of the single-turn teacher.
The teapot’s floral pattern changes across independent edits
with bundled prompts, as highlighted in the enlarged crops.

history and the current instruction. For fixed CT
i , let pθ,i(· | CT

i ) denote the marginal distribution of xi under the
student’s rollout, averaged over instruction sequences consistent with CT

i .

pθ,i(xi | CT
i ) = Ec1:i|CT

i

∫ pθ(xi | CS
i )

∏
j<i

pθ(xj | CS
j ) dx1:i−1

 . (4)

Following DMD [54, 94, 95], we apply the same forward process xti = αtxi+σtϵ, ϵ ∼ N (0, I), to both distributions.
Image variables may denote pixels or a shared latent representation. Writing the resulting distributions as pθ,i,t and
pϕ,i,t, we define the per-turn loss for a fixed CT

i as

L(i)
DMD = Et

[
DKL

(
pθ,i,t(· | CT

i )
∥∥ pϕ,i,t(· | CT

i )
)]

, (5)

where t follows a fixed distribution over nondegenerate noise levels. The KL compares the two noisy-image
distributions under the same source image and bundled prompt. Through Eq. 4, optimizing this loss updates the
student that actually generates under CS

i , using a distribution-matching target expressed under CT
i . The full objective

averages these losses over turns and task conditions induced by sampled instruction sequences.

In practice, we optimize Eq. 5 through a score-based gradient estimate [94, 95]:

∇θL(i)
DMD ≈ E

[(
∂xti
∂θ

)⊤ (
ŝFi − ŝTi

)]
. (6)

Here ŝTi is provided by the frozen teacher Tϕ, while ŝFi is estimated by the online fake model Fψ, trained to
denoise detached rollout outputs; both are conditioned on CT

i . The student is updated by backpropagating this score
difference through its generated image, treating the score estimates as fixed.

For efficiency, we truncate gradients across turns by detaching historical KV embeddings and retain gradients only
through the sampled denoising step si of the current turn [28]. Thus, the partial derivative in Eq. 6 holds the history
and incoming denoising state fixed. We denote the single-sample update direction inside the expectation by ĝi and
average these directions over turns for one student update after each rollout (Algorithm 1).

3.3 Teacher-Forcing Guidance
Why is Single-Turn DMD not enough? Single-Turn DMD trains the history-conditioned student through its
rollout marginal, but matching this marginal does not uniquely determine the student’s response to each history. The
objective constrains the output distribution given CT

i , leaving different dependencies on the additional visual history
in CS

i indistinguishable. To see this, consider a student that ignores preceding generated images and independently
samples from the teacher at each turn:

pθ(xi | H<i, ci) = pϕ,i(xi | CT
i ). (7)
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Under Eq. 7, Eq. 4 gives pθ,i = pϕ,i and zero ideal DMD loss at every turn. Nevertheless, independent sampling
can change contents across turns, even when every per-turn marginal distribution matches the teacher’s. Thus, zero
DMD loss does not guarantee consistent trajectories. The changing teapot pattern in Fig. 4 illustrates this ambiguity.

We introduce Teacher-Forcing Guidance to promote cross-turn consistency using reference trajectories τ ∼ Dref .
Given the reference history H⋆

<i and current instruction ci, we supervise the target x⋆i through flow matching [42]:

LTF =
1

N

N∑
i=1

Eτ,ti,ϵi
[∥∥vθ(x⋆,tii , ti, H

⋆
<i, ci)− v⋆,tii

∥∥2
2

]
, (8)

where vθ is the student’s velocity prediction, x⋆,tii = αtix
⋆
i + σtiϵi, and v⋆,tii = α̇tix

⋆
i + σ̇tiϵi, with ϵi ∼ N (0, I)

and dots denoting time derivatives. Pairing each target with its reference history encourages the model to preserve
contents across turns while following the current instruction. This complements Single-Turn DMD’s marginal
distribution matching by supervising history–output dependencies. We use LTF in two stages: teacher-forcing
warmup before distillation and teacher-forcing regularization during distillation.

Algorithm 1 MT Forcing training procedure

Require: Denoise timesteps {t1, . . . , tT }
Require: Reference editing trajectories Dref

Require: Pretrained editing model Gθ0
Require: Number of editing turns N

1 Warm up Gθ0 on Dref using LTF (Eq. 8) to obtain θw
2 Initialize Gθ , Tϕ, and Fψ with weights θw
3 Freeze teacher Tϕ
4 loop
5 Sample τ = (xsrc, {(ci, x⋆i )}Ni=1) ∼ Dref

6 Initialize model output Xθ ← [ ]
7 Disable gradient computation
8 Initialize KV cache KV← [GKV

θ (xsrc; 0)]
9 for i = 1, . . . , N do

10 Reorganize c1:i into a single-turn prompt c̄i and set CTi = (xsrc, c̄i)
11 Sample si ∼ Uniform(1, 2, . . . , T )

12 Initialize xtTi ∼ N (0, I)
13 for j = T, . . . , si do
14 if j = si then
15 Enable gradient computation
16 Set x̂0i ← Gθ(x

tj
i ; tj ,KV, ci)

17 Xθ.append(x̂0i )
18 Disable gradient computation
19 Cache kvi ← GKV

θ ((ci, x̂
0
i ); 0,KV)

20 KV.append(kvi)
21 else
22 Disable gradient computation
23 Set x̂0i ← Gθ(x

tj
i ; tj ,KV, ci)

24 Sample ϵ ∼ N (0, I)

25 Set x
tj−1

i ← Ψ(x̂0i , ϵ, tj−1)
26 end if
27 end for
28 Compute truncated ĝi using Tϕ, Fψ under CTi (Eq. 6)
29 end for
30 Update θ using N−1

∑
i ĝi + λTF∇θLTF

31 Update ψ by denoising detached Xθ with the corresponding CTi
32 end loop

Teacher-Forcing Warmup. Before distilla-
tion, we optimize LTF to adapt the pretrained
editor to reference multi-turn contexts. The
checkpoint θw initializes the student Gθ, frozen
teacher Tϕ, and online fake model Fψ . Warmup
establishes history-dependent behavior, but an
initialization does not constrain subsequent
distribution-matching updates to retain it.

Teacher-Forcing Regularization. We retain
reference supervision during distillation to pe-
nalize changes to reference-conditioned transi-
tions that the marginal objective cannot distin-
guish. The combined objective is

LMT = LDMD + λTFLTF, (9)

The update combines the averaged truncated
DMD directions with λTF∇θLTF. DMD su-
pervises the weaker-conditioned output distribu-
tion on student rollouts, while Teacher-Forcing
Regularization anchors the stronger history-
dependent behavior on reference trajectories.

4 Experiments
In this section, we present experimental re-
sults for MT Forcing on multi-turn image edit-
ing. We first describe the baselines, bench-
mark, and evaluation metrics in Sec. 4.1. We
then present quantitative and qualitative com-
parisons in Sec. 4.2. Finally, in Sec. 4.3, we
conduct ablation studies to assess the contribution of each component in MT Forcing.

4.1 Experimental Setup
For baselines, we evaluate MT Forcing on two UMMs: SenseNova-U1 [14] and SenseNova-U1.5 [13]. We compare
each editor’s performance with and without MT Forcing. Ablation studies use SenseNova-U1.5 [13] as the baseline.

For benchmarking, we primarily evaluate on the step-wise sub-bench of MTEdit-Bench [76], which contains 100
sessions, each comprising a source image and eight sequential editing instructions.

For metrics, we follow MTEdit-Bench [76] and report Instruction Following (IF), Content Consistency (CC), and
Drift Robustness Score (DRS). IF measures fulfillment of the current instruction, while CC evaluates preservation
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Table 1. Quantitative results on the step-wise sub-bench. Results compare each base editor with MT Forcing across eight
turns. Higher IF, CC, and DRS, and lower Pixel, indicate better performance.

Method Turn 1 Turn 2 Turn 3 Turn 4
IF↑ CC↑ DRS ↑Pixel ↓ IF↑ CC↑ DRS ↑Pixel ↓ IF↑ CC↑ DRS ↑Pixel ↓ IF↑ CC↑ DRS ↑Pixel ↓

SenseNova-U1 [14]† 9.29 9.06 4.07 6.63 8.95 8.51 4.14 13.19 8.53 7.61 4.12 12.28 7.37 5.95 3.90 3.37
+ MT Forcing 9.71+.42 8.85-.21 4.25+.18 1.23-5.40 9.78+.83 8.55+.04 4.23+.09 0.39-12.80 9.65+1.12 8.57+.96 4.23+.11 0.38-11.90 9.56+2.198.47+2.52 4.25+.35 0.35-3.02

SenseNova-U1.5 [13] 9.90 9.49 4.09 4.74 9.85 9.16 4.14 3.10 9.76 8.76 4.16 3.86 9.46 8.04 4.09 7.30
+ MT Forcing 9.74-.16 8.82-.67 4.20+.11 1.07-3.67 9.81-.04 8.71-.45 4.25+.11 0.54-2.56 9.77+.01 8.64-.12 4.29+.13 0.79-3.07 9.81+.35 8.49+.45 4.32+.23 0.72-6.58

Method Turn 5 Turn 6 Turn 7 Turn 8
IF↑ CC↑ DRS ↑Pixel ↓ IF↑ CC↑ DRS ↑Pixel ↓ IF↑ CC↑ DRS ↑Pixel ↓ IF↑ CC↑ DRS ↑Pixel ↓

SenseNova-U1 [14]† 6.21 4.41 3.55 11.06 4.50 3.06 3.14 2.42 2.96 1.96 2.84 0.72 1.67 1.12 2.58 1.17
+ MT Forcing 9.54+3.338.19+3.78 4.23+.68 0.32-10.74 9.55+5.058.14+5.084.20+1.06 0.34-2.08 9.16+6.207.95+5.994.21+1.37 0.35-.37 9.12+7.457.94+6.824.22+1.64 0.37-.80

SenseNova-U1.5 [13] 8.93 7.09 3.99 8.58 8.72 6.18 3.72 9.44 6.64 4.75 3.40 6.84 4.52 3.22 3.03 6.89
+ MT Forcing 9.85+.92 8.36+1.27 4.33+.34 0.62-7.96 9.66+.94 8.32+2.14 4.35+.63 0.69-8.75 9.49+2.858.19+3.44 4.34+.94 0.76-6.08 9.17+4.657.68+4.464.35+1.32 0.71-6.18
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with large teal spray-painted lettering outlined in yellow.

Change the car's front headlight and fog light glow from warm 
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in front of the car's left front bumper.
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Add a bright red dome tent on the lower right snowy foreground slope, with its 
base pressed naturally into the snow and subtle shadows matching the mountain light.

Add broad soft gray cloud shadow bands across the right-hand snow 
slope and lower foreground snow, following the terrain contours.

Add two upright blue skis leaning against the right side of the red tent, with 
ski tips pointing upward and tails resting in the snow.

Add a small orange flag on a thin pole near the right ridge crest, 
planted vertically in the snow near the distant hikers.

Add a dark wooden trail marker post standing upright on the mid-lower 
snowy slope near the center-right, with a natural shadow on the snow.

Add a small dark-brown wooden mountain hut with a pitched roof on the lower 
center-left snowy slope above the valley, sitting flat on the snow with a subtle shadow.

Add warm golden sunlight highlights to the central jagged peak and 
nearby upper mountain faces, creating realistic illumination on the snowfields.

Change the small alpine lake in the lower left valley from dark gray to a deep turquoise color.
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Figure 5. Qualitative results on the step-wise sub-bench. SenseNova-U1 and SenseNova-U1.5 are compared before (left) and
after (right) MT Forcing at Turns 1, 4, and 8. MT Forcing reduces artifacts while preserving accumulated edits.

of the intended cumulative content under all instructions up to the current turn. Both are scored from 0 to 10 by
Qwen3.5-Plus [73]. DRS measures robustness against visual-quality drift across turns, computed as the mean of the
VisualQuality-R1 [80] and RALI [103] scores, and ranges from 0 to 5. Higher values indicate better performance
for all three metrics. Moreover, we introduce Pixel to quantify geometric alignment between successive editing
outputs. Using MatchAnything-RoMa [23], we compute the mean matched-point displacement in pixels as
Pixeli = |Mi|−1

∑
(u,v)∈Mi

∥u− v∥2, where Mi contains valid matches between xi−1 and xi, with x0 = xsrc.
Lower values indicate less geometric change in matched regions.

4.2 Main Results
Quantitative comparison. Table 1 shows that MT Forcing outperforms both base editors on all four metrics from
Turn 4 onward, with increasingly pronounced gains in IF, CC, and DRS at later turns. At Turn 8, IF and CC improve
by 7.45 and 6.82 on SenseNova-U1, and by 4.65 and 4.46 on SenseNova-U1.5, respectively. On SenseNova-U1.5,
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Figure 6. Qualitative ablation of MT Forcing. SenseNova-U1.5 is compared with Single-Turn DMD only, Teacher-Forcing
Guidance only, and the full method at Turns 4 and 8. Enlarged crops highlight differences in texture detail.

MT Forcing maintains DRS between 4.20 and 4.35 throughout the session, while the baseline declines from 4.09 to
3.03. Its eight-turn mean Pixel also decreases from 6.34 to 0.74, an 88.4% reduction in matched-point displacement.

Qualitative comparison. Fig. 5 compares SenseNova-U1 and SenseNova-U1.5 with their MT Forcing counterparts
at Turns 1, 4, and 8. By Turn 8, the baselines exhibit oversaturated lighting and harsh textures in the car scene, and
speckled snow and exaggerated contrast in the mountain scene. MT Forcing preserves cleaner textures and coherent
scene structure across turns while retaining earlier edits, including the red car body, roof box, tent, skis, and marker
post. These examples visually support the improved drift robustness and content consistency measured in Table 1.

4.3 Ablation Studies

Table 2. Quantitative ablation results on the step-wise sub-bench.
Eight-turn mean scores on SenseNova-U1.5.

Single-Turn
DMD

Teacher-Forcing
Guidance IF↑ CC↑ DRS ↑ Pixel ↓

× × 8.47 7.09 3.83 6.34
✓ × 9.02 7.64 4.12 2.51
× ✓ 9.10 7.83 3.92 2.74

✓ ✓ 9.66 8.40 4.30 0.74

Table 2 and Fig. 6 compare the pretrained baseline,
Single-Turn DMD only, Teacher-Forcing Guidance
only, and full MT Forcing. The DMD-only variant
initializes all three models from the pretrained editor
and omits reference supervision. The guidance-only
variant uses teacher-forcing warmup followed by con-
tinued reference supervision, without DMD. The full
method combines warmup with DMD and teacher-
forcing regularization.

Effect of Single-Turn DMD. DMD alone improves DRS from 3.83 to 4.12 over the pretrained baseline. Adding
Single-Turn DMD to the guidance-only variant improves IF, CC, and DRS by 0.56, 0.57, and 0.38, respectively,
while reducing Pixel from 2.74 to 0.74 (Table 2). In Fig. 6, guidance alone still produces harsh wood-grain textures
and strong edge contrast by Turn 8, whereas the full method retains cleaner surfaces and leaf details. These results
support the benefit of distribution matching on self-generated histories beyond teacher-forced supervision alone.

Effect of Teacher-Forcing Guidance. Compared with DMD alone, full MT Forcing improves IF and CC by 0.64
and 0.76, raises DRS from 4.12 to 4.30, and reduces Pixel from 2.51 to 0.74. Fig. 6 further shows that DMD alone
reduces the baseline’s severe texture artifacts, but the wood grain becomes blurred and fine detail is lost. Combining
DMD with Teacher-Forcing Guidance retains sharper wood grain across the displayed turns while avoiding the
baseline’s exaggerated textures. This qualitative comparison illustrates the complementary roles of distribution
matching and reference supervision in preserving visual quality and local detail.
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Source Image

Figure 7. Visual quality comparison under different regularization weights. From left to right: the source image and outputs
with λTF = 1, 0.5, 0.25, 0.1. Enlarged crops show differences in fur detail.

Effect of Teacher-Forcing Regularization. Fig. 7 compares outputs with λTF = 1, 0.5, 0.25, and 0.1. Although
all four settings produce the husky in the snowy scene, the enlarged crops reveal smoother, less distinct fur at
λTF = 1 and 0.5, and more clearly defined strands and coat boundaries at 0.25 and 0.1. This example suggests that
excessive reference-loss weighting can limit fine-detail rendering, motivating a balance between teacher-forcing
regularization and distribution matching.

5 Conclusion
We presented MT Forcing, a training paradigm for stable and consistent multi-turn image editing with autoregressive
diffusion in unified multimodal models. Single-Turn DMD trains the student on self-generated editing histories using
a single-turn teacher conditioned on the source image and a single-turn prompt reorganized from the accumulated
instructions. Teacher-Forcing Guidance complements this supervision through warmup and regularization on
reference trajectories to preserve cross-turn consistency. Experiments on the eight-turn step-wise split of MTEdit-
Bench show improved visual quality, content consistency, and failure-aware instruction following relative to the
base editor. An additional image-matching-based metric provides complementary evidence of improved geometric
alignment across successive edits.

Our approach relies on reorganizing accumulated instructions into a single-turn prompt that the teacher can execute,
and the current quantitative evaluation is limited to eight-turn step-wise sessions. Future work will explore longer
editing sequences and more complex instructions that refer to earlier interaction states.
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