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Abstract

Diffusion large language models (dLLMs) gen-
erate text through iterative denoising, but they
remain prone to factual errors in knowledge-
intensive tasks. Through layer-wise and
timestep-wise probing, we observe a spa-
tiotemporal stratification pattern in dLLMs:
structural-token predictions tend to converge
earlier across layers, whereas factual-token
predictions rely more heavily on deep layers
and become reliable only after sufficient de-
noising progress. Motivated by this observa-
tion, we propose Time-Aware Internal Con-
trastive Decoding (TICD), a training-free de-
coding method that calibrates final-layer pre-
dictions using entropy-gated intermediate-layer
references only during semantically reliable de-
noising stages. This design uses reliable final-
intermediate prediction gaps as correction sig-
nals to strengthen factual predictions at the final
layer. Experiments on LLaDA-8B and Dream-
7B across factuality and reasoning benchmarks
show consistent improvements over vanilla de-
coding.

1 Introduction

Diffusion large language models (dLLMs) (Nie
et al., 2025; Ye et al., 2025; Zhu et al., 2025) have
emerged as a competitive alternative to autoregres-
sive (AR) models (Lou et al., 2024; Shi et al., 2024;
Sahoo et al., 2024). By framing text generation as
iterative denoising over masked sequences, dLLMs
replace strict left-to-right decoding with parallel
updates of arbitrary token positions, which opens
new opportunities for global planning, structured
generation, and iterative self-correction.

However, factual reliability remains a central
challenge for dLLMs. In knowledge-intensive
tasks, they can still produce fluent but incorrect an-
swers, inheriting the hallucination problem widely
observed in language generation (Ji et al., 2023).
Existing mitigation strategies for dLLMs mostly
operate outside the model’s internal prediction

structure, including reinforcement learning over de-
noising trajectories (Zhao et al., 2025; Yang et al.,
2025; Gong et al., 2025) and inference-time re-
masking or trajectory-search heuristics (Wang et al.,
2025a; Huang et al., 2026). These methods can im-
prove outputs, but they often require additional op-
timization, extra sampling paths, or carefully tuned
schedules.

This raises a question: can a dLLM use its own
internal prediction dynamics to improve factual-
ity at inference time, without retraining, external
rewards, or additional search trajectories?

To answer this question, we systematically an-
alyze how internal predictions evolve across both
Transformer depth and denoising timesteps. Our
analysis reveals a spatiotemporal stratification pat-
tern in dLLMs. Along the depth dimension, a quan-
titative token-type analysis shows that structural-
token predictions tend to converge earlier across
layers, whereas factual-token predictions rely more
heavily on deep layers. Along the denoising-time
dimension, timestep-wise probing shows that final-
layer factual confidence becomes reliable only after
sufficient denoising progress. These results indi-
cate that factual prediction in dLLMs is jointly
shaped by layer depth and denoising progress. This
further suggests that layer-wise discrepancies pro-
vide useful correction signals only when the de-
noising state is semantically mature.

Based on this observation, we propose Time-
Aware Internal Contrastive Decoding (TICD), a
training-free inference-time decoding method for
dLLMs. TICD calibrates the final-layer prediction
using intermediate-layer references, but activates
this contrastive correction only in late denoising
stages where the prediction gap is reliable. An
entropy-gated weighting mechanism further down-
weights uncertain intermediate references, prevent-
ing high-entropy early-exit distributions from dom-
inating the correction.

We evaluate TICD across factuality and reason-
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ing benchmarks, including TruthfulQA, GSM8K,
SVAMP, and Countdown. Experiments on LLaDA-
8B and Dream-7B demonstrate that TICD consis-
tently improves truthfulness and reasoning accu-
racy while preserving inference efficiency. We fur-
ther show that TICD is complementary to other
inference-time decoding methods, suggesting that
logit-level calibration and trajectory-level sampling
improvements can be combined.

Contributions. Our contributions are summa-
rized as follows:

• We identify and quantitatively validate spa-
tiotemporal stratification in dLLMs, showing
that structural-token and factual-token predic-
tions mature differently across layer depth and
denoising progress.

• We propose TICD, a training-free internal de-
coding method that uses time-aware logit cal-
ibration to improve factuality and reasoning
consistency.

• We provide a mechanistic interpretation
of TICD as an internal analogue of
Classifier-Free Guidance (CFG), clarifying
how intermediate-layer references help am-
plify factual content in the final-layer predic-
tion.

• We demonstrate consistent gains across factu-
ality and reasoning benchmarks on LLaDA-
8B and Dream-7B, and show that TICD can be
integrated with other inference-time decoding
methods for further improvements.

2 Related Work

Diffusion Language Models.
Diffusion language modeling began with prob-

abilistic formulations that generate discrete text
through corruption and denoising processes (Austin
et al., 2021), later evolving into continuous-time
and score-based objectives such as SEDD (Lou
et al., 2024). Recent large-scale dLLMs, including
Dream (Ye et al., 2025) and LLaDA (Nie et al.,
2025), demonstrate that diffusion-based generation
can serve as a competitive text generation paradigm.
Existing dLLM work has primarily studied train-
ing objectives, sampling efficiency, and re-masking
schedules (Wang et al., 2025a). Our work instead

focuses on how internal layer-wise predictions be-
come reliable during denoising and how this tem-
poral structure can be used for factuality-oriented
decoding.
Post-Training and Inference-Time Methods.

The rapid scaling of dLLMs has catalyzed re-
search into post-training alignment and advanced
inference strategies. One major avenue is re-
inforcement learning (RL), where variants like
GRPO (Shao et al., 2024; DeepSeek-AI, 2025) opti-
mize denoising trajectories using external rewards,
though they incur significant training overhead. Al-
ternatively, test-time inference strategies (Wei et al.,
2022; Madaan et al., 2023; Snell et al., 2024; Yao
et al., 2023; Liu et al., 2025) have been widely
adopted to enhance the reliability of LLMs without
parameter updates. A simple yet effective approach
is to leverage the internal architecture of Transform-
ers for decoding. For instance, in autoregressive
(AR) settings, layer-wise contrastive decoding such
as DoLa (Chuang et al., 2024) and SLED (Zhang
et al., 2024) mitigates hallucinations by contrast-
ing shallow and deep layer representations. While
effective, these methods assume a static spatial hi-
erarchy.

In the context of dLLMs, recent studies
reveal that answers evolve across denoising
timesteps (Lou et al., 2024), where correct signals
often emerge mid-trajectory but may be overwritten
by later noise (Li et al., 2025; Wang et al., 2025b).
This phenomenon suggests that inter-layer seman-
tic relationships are inherently dynamic throughout
the denoising process. Recent inference-time work
on dLLMs has mainly explored interventions at
the trajectory or timestep level. Some methods
adjust or search denoising trajectories through re-
masking or Monte Carlo sampling (Wang et al.,
2025a; Huang et al., 2026), while others aggre-
gate intermediate decoded outputs across timesteps
through temporal voting (Wang et al., 2025b). Un-
like these approaches, TICD keeps the native sam-
pling trajectory unchanged and does not aggregate
predictions across timesteps. Instead, it performs
logit-level calibration within each denoising step,
aligning internal layer-wise guidance with the tem-
poral maturation of factual signals.

3 Preliminaries and Analysis

3.1 Diffusion Large Language Models

Diffusion large language models (dLLMs) formu-
late text generation as an iterative denoising process
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Figure 1: Spatiotemporal Stratification. Heatmap of average token-wise KL divergence DKL(P
(N)
i ∥ P (l)

i ) across
Transformer layers. Observation: Factual tokens (e.g., “Albert Einstein”, “1915”) remain highly divergent until the
deepest layers, while structural tokens (e.g., “the”, “of”) converge in intermediate layers. This pattern motivates the
phase-aware internal contrast in TICD.

over a discrete state space. Let x0 ∼ pdata denote
a clean sequence of length L, and let xt denote its
noisy version at denoising timestep t ∈ [0, T ].

Forward process. The forward process is a
Markov chain q(x1:T | x0) =

∏T
t=1 q(xt | xt−1)

that progressively replaces tokens of x0 with a spe-
cial mask symbol [MASK], until the sequence is
fully masked at t = T .

Reverse process. The generative process re-
verses the forward process via a Markov chain
pθ(x0:T ) = p(xT )

∏T
t=1 pθ(xt−1 | xt). The ex-

act reverse transition pθ(xt−1 | xt) is intractable,
so we approximate it with the tractable forward
posterior conditioned on a model-predicted clean
sequence x̂0:

pθ(xt−1 | xt) =
∑

x̂0

q(xt−1 | xt, x̂0) pθ(x̂0 | xt),

(1)
Here, pθ(x̂0 | xt) = Softmax

(
fθ(xt, t)

)
is the per-

position categorical distribution produced by the
denoising network fθ(xt, t), a Transformer with N
stacked layers; and q(xt−1 | xt, x̂0) is the forward
posterior, typically implemented by re-masking a
subset of x̂0.

Eq. (1) factorizes each generative step into two
operations: a prediction step that produces pθ(x̂0 |
xt), and a re-masking step that draws xt−1 from
the forward posterior. The re-masking step is com-
monly realized by the low-confidence strategy (Nie
et al., 2025), which keeps high-confidence tokens
in x̂0 and re-masks the rest. Crucially, TICD in-

tervenes purely in the prediction step: it calibrates
the predicted distribution pθ(x̂0 | xt) before the
re-masking step consumes it.

3.2 Depth-wise Stratification
The single-step denoising network fθ(xt, t) in
dLLMs is typically parameterized as a Transformer
with N stacked layers. Recent studies indicate
that Transformers capture linguistic features hi-
erarchically: lower layers focus on surface-level
syntax, while abstract semantic and factual knowl-
edge emerge in deeper layers (Tenney et al., 2019;
Chuang et al., 2024). However, the specific dy-
namics of how factual knowledge matures within
the iterative discrete diffusion trajectory remain
underexplored.

To probe this interaction, we use an early-exit
strategy (Teerapittayanon et al., 2016; Elbayad
et al., 2019; Schuster et al., 2022). For each layer
l, we apply the shared LM head ϕ(·) to the hid-
den states H(l) ∈ RL×d to obtain a per-position
prediction P

(l)
i = Softmax(ϕ(h

(l)
i )) at each token

position i. We then measure how far each interme-
diate prediction is from the final-layer prediction
P

(N)
i via the KL divergence:

DKL

(
P

(N)
i ∥P (l)

i

)
=

∑
v∈V P

(N)
i (v | xt) log

P
(N)
i (v|xt)

P
(l)
i (v|xt)

.

(2)
We run this probing analysis on LLaDA-8B-

Instruct (Nie et al., 2025) with a QA task. We
define the mask ratio as γ = Lmask/Lgen, where
Lmask is the number of masked positions and Lgen
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Figure 2: Layer-wise KL by token type (γ = 0.3).
Average DKL

(
P (N) ∥P (l)

)
over all probing samples,

separated by token type. Structural tokens (e.g., adposi-
tions, determiners, conjunctions) flatten around layer 26,
while factual tokens (entities, numbers, content nouns)
keep diverging from P (N) until the last few layers.

is the generated sequence length. We fix γ = 0.3
so that the model operates in the late-denoising
stage, where most context tokens have been re-
solved. Given a question and its reference answer,
we mask only the answer tokens and inspect how
the model recovers them across layers. Each value
in Figure 1 is averaged over 50 Monte Carlo runs.

Figure 1 visualizes the resulting per-token KL
across layers. For structural tokens such as “the”
and “of”, P (l)

i aligns with P
(N)
i already in mid

layers. For factual-token positions such as “Al-
bert Einstein”, the KL stays high through most
of the network and drops only in the last few lay-
ers. These results show that, in the late-denoising
stage, structural information is already established
in shallower layers, while factual content is primar-
ily resolved in deep layers.

The heatmap visualizes a few representative ex-
amples. To verify that the same pattern holds at the
corpus level, we run a token-type analysis on 500
TruthfulQA trajectories under the same late-stage
mask ratio (γ = 0.3). We group tokens into struc-
tural tokens (e.g., adpositions, determiners, con-
junctions) and factual tokens (e.g., proper nouns,
named entities, numbers). For each group, we av-
erage the per-token KL DKL(P

(N)
i ∥P (l)

i ) over all
positions and trajectories, and plot the resulting
layer-wise curves in Figure 2. The structural curve
plateaus in mid layers, while the factual curve re-
mains highly divergent and only sharpens in the
terminal layers. The corpus-level statistics there-
fore confirm the per-example pattern shown in the
heatmap.
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Figure 3: Evolution of layer-wise probability as-
signed to the ground-truth token on TruthfulQA,
as the mask ratio γ decreases. Each point is averaged
over 500 samples. In the early-denoising stage (large
γ, Regime I), all layers assign low probability to the
ground-truth token. In the late-denoising stage (small
γ, Regime II), the final layer (Layer 32) assigns sub-
stantially higher probability than intermediate layers
(Layers 24–28).

3.3 Denoising-Time Stratification

Unlike autoregressive models, a dLLM predicts
under a context whose completeness changes over
time. When γ is large, most positions are still
masked and the visible context is sparse, so layer-
wise differences mostly reflect predictive uncer-
tainty. When γ is small, the visible context is rich
enough for deep layers to commit to factual predic-
tions, and layer-wise differences begin to encode
actual factual refinement. The usefulness of layer-
wise discrepancies in dLLMs therefore depends on
both depth and denoising progress.

Protocol. To investigate how layer-wise confi-
dence evolves over denoising progress, we conduct
a probing analysis on TruthfulQA (Lin et al., 2022)
using LLaDA-8B-Instruct. For each sample, we
concatenate the question with its best correct an-
swer and mask only the answer tokens at differ-
ent mask ratios γ ∈ [0.1, 1.0]. We then feed the
masked sequence into the model and record the
probability assigned to the ground-truth answer to-
kens at different layers. This allows us to track how
the confidence gap between intermediate layers and
the final layer changes as denoising progresses.

Figure 3 shows how the probability assigned to
the ground-truth token changes with the mask ratio
γ across layers. The evolution reveals two stages
of denoising.

In the early-denoising stage (large γ; Regime I),
all layers assign low probability to the ground-truth
token. This indicates that the model has not yet
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accumulated enough visible context for reliable
factual prediction. At this stage, discrepancies be-
tween intermediate and final layers mainly reflect
predictive uncertainty under partial context, rather
than meaningful factual differences. Applying con-
trastive correction here would risk amplifying un-
stable signals.

In the late-denoising stage (small γ; Regime II),
the final layer assigns substantially higher prob-
ability to the ground-truth token than intermedi-
ate layers. This suggests that deeper layers have
incorporated richer contextual evidence and can
distinguish factual candidates more reliably. The
final-intermediate gap in this stage therefore re-
flects factual refinement contributed by deep layers,
making it a suitable correction signal.

This temporal pattern explains why static layer-
wise correction is not appropriate for dLLMs. The
same layer-wise discrepancy can be uncertainty-
dominated in Regime I but reflect factual refine-
ment in Regime II. TICD therefore activates inter-
nal contrast only after the denoising state enters the
late-denoising stage, where the final-intermediate
gap becomes reliable for factual calibration.

4 Method

Building on the spatiotemporal stratification anal-
ysis in Section 3, we propose Time-Aware In-
ternal Contrastive Decoding (TICD), a training-
free inference-time decoding method for dLLMs.
As illustrated in Figure 4, TICD is built around
two coordinated components: (1) internal con-
trast, which calibrates the final-layer prediction us-
ing intermediate-layer references, and (2) a phase-
aware gate, which activates this calibration only
after γ falls below a threshold.

4.1 Entropy-Gated Internal Contrast

The depth-wise analysis in Section 3.2 shows
that intermediate layers already capture structural
preferences, while factual predictions are refined
mainly in deeper layers. This motivates using
intermediate-layer predictions as internal refer-
ences. By contrasting the final-layer prediction
with these references, TICD downweights prefer-
ences already shared by intermediate and final lay-
ers and amplifies factual refinements that emerge
in deeper layers.

Let z(l)i = logP
(l)
i denote the log-probability

vector at token position i from layer l. Let Lcand ⊂
{1, . . . , N − 1} be a set of candidate intermedi-

ate layers. TICD calibrates the final-layer log-
probabilities at position i as

z̃
(N)
i = z

(N)
i +λ(t)

∑

l∈Lcand

wl,i

(
z
(N)
i − z

(l)
i

)
, (3)

where λ(t) is the phase-aware gating coefficient
(Section 4.2) and wl,i is the weight assigned to
layer l at position i. In the contrastive differ-
ence z

(N)
i − z

(l)
i , structural preferences shared by

the intermediate and final layers are largely sub-
tracted out. Factual content that is weak in the
intermediate-layer reference but strong in the final-
layer prediction remains in the difference. Adding
this weighted difference back to the final-layer pre-
diction therefore downweights shared structural
preferences and amplifies final-layer factual con-
tent.

Not every intermediate layer is a reliable refer-
ence. A useful reference should both differ mean-
ingfully from the final-layer prediction and be con-
fident enough to serve as a stable reference. TICD
therefore assigns wl,i using both layer-wise diver-
gence and prediction entropy: KL divergence mea-
sures how much the reference differs from the final
layer, while entropy penalizes uncertain intermedi-
ate predictions.

wl,i =
exp

(
DKL(P

(N)
i ∥P (l)

i )·(1−H̄(P
(l)
i ))/τ

)

∑
k∈Lcand

exp
(
DKL(P

(N)
i ∥P (k)

i )·(1−H̄(P
(k)
i ))/τ

) ,

(4)
where H̄(P (l)

i ) denotes the normalized entropy of
the distribution at layer l and token position i.
Specifically, for a vocabulary V , it is defined as:

H̄(P (l)
i ) =

−∑
v∈V P

(l)
i (v) logP

(l)
i (v)

log |V| . (5)

By combining KL divergence with the entropy
penalty, TICD favors intermediate-layer references
that provide a meaningful contrast while remaining
sufficiently confident.

4.2 Phase-Aware Gating and Sparse
Computation

Section 3.3 shows that internal contrast provides a
reliable correction signal only in the late-denoising
stage. We therefore define a phase-aware schedule
for λ(t):

λ(t) = α · I
(
γ ≤ γsemantic

)
, (6)

where α is the calibration strength and γsemantic

is the threshold separating the two stages. Equiva-
lently, calibration is inactive in Regime I and active
with strength α in Regime II.
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Figure 4: Overview of TICD. Left (temporal dynamics): the denoising process is split by the mask ratio γ into
Regime I (early-denoising stage; calibration inactive) and Regime II (late-denoising stage; calibration active). Right
(internal contrast): for masked positions, intermediate-layer predictions z(l)i are obtained via early exit; an adaptive
scorer weights each layer by KL divergence and prediction entropy to produce the calibrated final prediction z̃(N).

The phase-aware schedule also keeps the com-
putational overhead small. In Regime I, calibration
is inactive and the model follows the vanilla de-
noising path: no intermediate-layer projection, no
layer scoring, and no adaptive layer weighting. In
Regime II, the LM head is applied to intermedi-
ate hidden states only at masked positions i ∈M
(i.e., positions still to be resolved at step t), so the
projection cost scales with |M| rather than the full
sequence length. The two sources of sparsity (tem-
poral: no work in Regime I; spatial: only masked
positions in Regime II) keep TICD’s added latency
under 15%, as measured in Section 5.4.

The calibration in Eq. (3) can occasionally in-
crease the scores of tokens assigned very low prob-
ability by the final layer. To prevent this, we apply
the Adaptive Plausibility Constraint (APC) of Li
et al. (2023): at each masked position i, we re-
strict z̃(N)

i to the top-k candidates of P (N)
i (with

k = η · |V|) and set the remaining entries to −∞.
APC keeps the calibrated distribution inside a lo-
cally plausible region of the base model. Algo-
rithm 1 in Appendix B gives the full procedure.

4.3 Mechanistic Interpretation: Connection to
Internal Guidance

TICD can be interpreted as a single-pass internal
analogue of Classifier-Free Guidance (CFG) (Ho
and Salimans, 2022) and Autoguidance (Karras
et al., 2024). Standard CFG contrasts a condi-
tional prediction with an external unconditional
model, while Autoguidance shows that a weaker
version of the same model can also provide a useful
reference. TICD follows this intuition internally:
intermediate-layer predictions serve as internal ref-

erences, while the final-layer prediction provides
the target to be calibrated. Let the weighted aggre-
gate of intermediate-layer references at position i

be z
(ref)
i =

∑
l wl,iz

(l)
i . Under

∑
l wl,i = 1, the

update rule in Eq. (3) can be reformulated as:

z̃
(N)
i = z

(ref)
i + (1 + λ(t)) ·

(
z
(N)
i − z

(ref)
i

)
. (7)

This form shows that TICD amplifies the
gap between the final-layer prediction and the
intermediate-layer reference. Consistent with the
probing results in Section 3, this gap empha-
sizes deeper-layer factual refinements, while shared
structural preferences receive little additional gain.

5 Experiments

Datasets & Metrics. We evaluate TICD on two
task categories. For factuality, we use Truth-
fulQA (Lin et al., 2022) and report MC1, MC2,
and MC3 (Chuang et al., 2024). For reasoning, we
use GSM8K (Cobbe et al., 2021), SVAMP (Patel
et al., 2021), and Countdown (Ye et al., 2024), and
report accuracy on all three benchmarks. Detailed
dataset statistics are provided in Appendices A.1
and A.4.

Models & Baselines. We evaluate TICD on
two dLLM models, LLaDA-8B-Instruct (Nie et al.,
2025) and Dream-7B-Instruct (Ye et al., 2025), and
compare it with the following inference-time base-
lines: (i) Vanilla Sampling; (ii) DoLa (Chuang
et al., 2024), adapted to the diffusion process
via step-wise JSD selection; (iii) SLED (Zhang
et al., 2024), re-implemented for diffusion tra-
jectories; (iv) ReMDM (Wang et al., 2025a), a
trajectory-level inference method based on re-
masking; and (v) Temporal Self-Consistency Vot-
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ing (TSCV) (Wang et al., 2025b), a temporal voting
method over intermediate decoded outputs.

TICD Configuration. For multiple-choice
tasks, we set α = 2.5 and γsemantic = 0.5. For
reasoning tasks, we tune α and γsemantic in [0, 1.0].
The softmax temperature τ is fixed at 0.5 across
all tasks. Candidate-layer selection and detailed
configurations are provided in Appendix A.3.

5.1 Evaluation on Factuality and Reasoning
Benchmarks

We present the main quantitative comparison of
TICD against the vanilla baseline and logit-level
inference-time interventions in Table 1.

Factuality (TruthfulQA). TICD improves truth-
fulness on both models. On LLaDA-8B, TICD
gives the largest gain on MC1, improving over the
baseline by 5.7%, and also improves MC2 by 5.5%.
On Dream-7B, TICD again improves MC1 and
MC2. While DoLa remains competitive on MC3,
TICD shows a clear advantage on MC1 and MC2.
This suggests that TICD is more effective at se-
lecting the most truthful answer than at merely im-
proving broad ranking over answer candidates. We
also evaluate TICD in an open-ended QA setting
using TriviaQA, where it outperforms vanilla de-
coding; detailed experimental settings and results
are reported in Appendix C.

Reasoning (GSM8K, SVAMP, Countdown).
Inference-time interventions should improve gen-
eration quality without disrupting reasoning. Ta-
ble 1 shows that static layer-wise baselines such
as DoLa and SLED can hurt reasoning in the dif-
fusion setting. For example, DoLa drops Dream-
7B GSM8K from 75.1% to 55.3%, suggesting that
layer-wise subtraction without temporal control can
interfere with multi-step reasoning. TICD avoids
this failure mode through phase-aware gating, and
outperforms the vanilla baseline across all reason-
ing benchmarks on both models.

5.2 Ablation Study
Effect of phase-aware gating. We first examine
the effectiveness of phase-aware gating. To do so,
we vary the mask threshold γsemantic from 0.1 to
1.0 on SVAMP using LLaDA-8B. As shown in
Figure 5, accuracy follows a non-monotonic trend.
When γsemantic is too small, TICD is activated only
at the very end of denoising and has limited room
to correct errors. As the threshold increases, accu-
racy improves and peaks at γsemantic = 0.7. When
γsemantic = 1.0, TICD is applied throughout the

full denoising trajectory, and accuracy drops below
the vanilla baseline. This supports our temporal
analysis: applying contrastive calibration too early
amplifies uncertainty-dominated layer discrepan-
cies, while late-stage activation provides a more
reliable factual correction signal.
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TICD (Ours)

Figure 5: Effect of the mask threshold γsemantic on
SVAMP accuracy. Performance peaks at γsemantic =
0.7, while full-range intervention (γsemantic = 1.0) de-
grades below the vanilla baseline.

Effect of entropy-gated weighting. We
next evaluate the layer-weighting mechanism on
GSM8K and SVAMP using LLaDA-8B. We com-
pare full TICD with two alternatives: Uniform Av-
eraging, which assigns equal weights to candidate
intermediate layers, and KL-only Selection, which
removes the entropy term (1−H̄) from Eq. (4). As
shown in Table 2, full TICD performs best on both
benchmarks. Uniform averaging brings only small
gains, and KL-only weighting does not consistently
improve over the vanilla baseline. This confirms
the role of the entropy term: KL divergence selects
references that differ from the final layer, while
entropy filters out uncertain intermediate-layer pre-
dictions.

5.3 Evaluation on Integrating TICD with
Other Inference-Time Decoding Methods

TICD calibrates prediction logits within each de-
noising step, without changing the sampling tra-
jectory or temporal aggregation procedure. It can
therefore be integrated with other inference-time
decoding methods. To verify this, we combine
TICD with ReMDM and TSCV, and report the
LLaDA-8B results in Table 3.

Table 3 shows that TICD can be integrated with
other decoding methods for additional gains. When
combined with ReMDM, TICD achieves the best
results on both GSM8K and SVAMP. TSCV is
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Table 1: Main results on factuality and reasoning. We report MC1/MC2/MC3 on TruthfulQA and accuracy (%) on
GSM8K, SVAMP, and Countdown. Blue background and bold indicate the best result within each model group;
green numbers show absolute improvement of TICD over the baseline.

Model Method TruthfulQA Reasoning

MC1 ↑ MC2 ↑ MC3 ↑ GSM8K ↑ SVAMP ↑ Countdown ↑

LLaDA-8B

Baseline 31.6±0.2 49.4±0.1 23.9±0.4 78.0±0.2 84.6±0.3 22.3±0.3

+DoLa 36.4±0.1 52.5±0.3 27.7±0.2 74.0±0.3 78.8±0.0 12.5±0.4

+SLED 35.0±0.3 54.2±0.2 27.0±0.1 78.2±0.2 84.7±0.3 24.2±0.2

+TICD 37.3±0.1 54.9±0.2 27.3±0.3 80.1±0.0 87.3±0.2 26.2±0.3
+5.7 +5.5 +3.4 +2.1 +2.7 +3.9

Dream-7B

Baseline 34.6±0.2 53.4±0.1 24.5±0.3 75.1±0.3 81.4±0.2 14.8±0.4

+DoLa 35.1±0.1 56.0±0.3 29.4±0.2 55.3±0.4 61.4±0.3 10.5±0.3

+SLED 34.9±0.2 52.9±0.0 26.7±0.2 73.8±0.3 76.6±0.3 22.0±0.1
+TICD 36.4±0.2 57.2±0.3 28.1±0.2 76.0±0.1 83.7±0.3 20.3±0.2

+1.8 +3.8 +3.6 +0.9 +2.3 +5.5

Table 2: Ablation of the layer-weighting mechanism on
LLaDA-8B.

Mechanism GSM8K ↑ SVAMP ↑
Vanilla Baseline 78.0±0.2 84.6±0.3
Uniform Averaging 78.5±0.3 85.0±0.2
KL-only Selection 78.9±0.2 84.7±0.3

TICD (Full) 80.1±0.0 87.3±0.2

Table 3: Results of integrating TICD with ReMDM and
TSCV on LLaDA-8B.

Method GSM8K ↑ SVAMP ↑
Baseline 78.0±0.2 84.6±0.3
ReMDM 79.9±0.2 85.5±0.3
TSCV 78.1±0.1 84.5±0.2

TICD 80.1±0.0 87.3±0.2
TICD + ReMDM 81.8±0.2 88.6±0.3
TICD + TSCV 80.2±0.1 86.7±0.3

weaker as a standalone method in this setting, but
TICD + TSCV still improves clearly over TSCV
alone. These results suggest that TICD provides
a logit-level calibration signal that can comple-
ment decoding methods operating outside the logit-
calibration step.

5.4 Inference Efficiency

We compare the inference cost of TICD with the
logit-level baselines used in Table 1. We mea-
sure end-to-end latency on SVAMP using a single
NVIDIA A100 GPU, with the mask threshold fixed
at γsemantic = 0.7.

As shown in Table 4, TICD incurs a modest
latency increase on both models (14.4% on LLaDA-
8B and 14.5% on Dream-7B), lower than SLED

Table 4: Inference efficiency on SVAMP using a single
NVIDIA A100 GPU (γsemantic = 0.7).

Model Method Latency Overhead ↓

LLaDA-8B

Baseline 2.98 –
SLED 3.70 24.2%
DoLa 3.91 31.2%
TICD 3.41 14.4%

Dream-7B

Baseline 2.76 –
SLED 3.48 26.1%
DoLa 3.62 31.2%
TICD 3.16 14.5%

and DoLa. This comes from the same design used
for calibration: TICD is active only in the late-
denoising stage and applies the LM head only to
currently masked positions.

6 Conclusion

We introduced Time-Aware Internal Contrastive
Decoding (TICD), a training-free decoding
method for improving factuality in diffusion large
language models. TICD is motivated by a spa-
tiotemporal stratification pattern: structural-token
predictions stabilize in intermediate layers, while
factual-token predictions rely more on deep layers
and become reliable only after sufficient denoising
progress. Based on this observation, TICD cal-
ibrates final-layer predictions with entropy-gated
intermediate-layer references only when the denois-
ing state provides a reliable correction signal.

Experiments on LLaDA-8B and Dream-7B show
consistent gains on factuality and reasoning bench-
marks while keeping inference overhead manage-
able. TICD is also compatible with other inference-
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time decoding methods because it operates within
each denoising step without changing the sampling
trajectory. These results highlight internal predic-
tion dynamics as a useful source of self-correction
for dLLMs.

Limitations

TICD is an inference-time decoding method and
does not update model parameters. Its effectiveness
therefore depends on factual signals already present
in the final-layer prediction; it cannot recover facts
that are absent from the base model. In addition,
TICD calibrates token distributions during decod-
ing but does not explicitly verify generated content
against external evidence. Future work could com-
bine TICD with retrieval or verification modules
for settings that require stronger factual guarantees.
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A Experimental Details

A.1 Datasets and Benchmarks

We conduct comprehensive evaluations across two
distinct task categories.

Factuality (TruthfulQA). We utilize the Truth-
fulQA (Lin et al., 2022) benchmark. Following
the implementation in Chuang et al. (2024), we
compute the metrics based on the model’s log-
likelihood scores:

• MC1: Measures whether the best correct an-
swer achieves a higher score than the best
incorrect answer.

• MC2: The total normalized probability as-
signed to the set of all correct answers.

• MC3: The proportion of correct answers that
achieve a higher score than the best incorrect
answer.

Reasoning (GSM8K, SVAMP, Countdown).

• GSM8K (Cobbe et al., 2021): Contains 8.5K
high-quality grade-school math problems re-
quiring multi-step reasoning. We report exact-
match accuracy on the test split (1,319 sam-
ples).

• SVAMP (Patel et al., 2021): A challenge set
consisting of 1,000 math word problems with
varying linguistic structures, designed to test
the robustness of reasoning capabilities.

• Countdown (Ye et al., 2024): Requires the
model to reach a target number using a given
set of input numbers and basic arithmetic op-
erations (+,−,×, /). This task evaluates the
model’s ability to perform constraint satisfac-
tion and look-ahead planning.

A.2 Baseline Implementation Details

Since baselines like DoLa (Chuang et al., 2024) and
SLED (Zhang et al., 2024) were originally designed
for autoregressive (AR) LLMs, we adapt them
for the diffusion generation framework. Specifi-
cally, these interventions are applied to the predic-
tion stage pθ(x̂0|xt) at each denoising timestep t,
strictly targeting only the currently masked tokens
M.

DoLa for Diffusion. DoLa mitigates hallucina-
tions by contrasting the final layer with a dynamic
intermediate layer. In our diffusion adaptation:

1. Layer Selection: At each timestep t, we com-
pute the Jensen-Shannon Divergence (JSD)
between the output distribution of the final
layer P (N) and each candidate early layer P (l)

on the masked tokens.

2. Contrastive Subtraction: We select the layer
l∗ that maximizes the JSD. The contrastive
log-probabilities are obtained by subtract-
ing the log-probabilities of this layer from
the final layer: logPcontrast = logP (N) −
logP (l∗).

3. Adaptive Plausibility Constraint (APC): To
ensure linguistic fluency, we apply an APC
filter to mask out tokens with low probability
in the original final-layer distribution before
the subtraction.

SLED for Diffusion. SLED improves factuality
by evolving logits towards a latent knowledge es-
timate via gradient approximation. We implement
the “Self Logits Evolution” procedure specifically
for diffusion:

1. Top-k Identification: For the masked tokens,
we first identify the top-k candidate tokens
from the final-layer logits z(N). Tokens out-
side this top-k set are suppressed (masked
with −∞) to ensure stability.

2. Gradient Approximation: We iterate
through candidate early layers. For each
layer l, we calculate the divergence vector
∆z = z(l) − z(N). We then compute a weight
for this layer based on the cosine similar-
ity between ∆z and the approximate gradient
direction of the target probability (∇z log p).
This aligns the evolution direction with the
model’s internal latent knowledge.

3. Logit Update: The final-layer logits z(N) are
updated in-place by subtracting the weighted
aggregated gradient step. This update is
strictly applied only to the top-k indices.

All methods are tuned on the same validation
split with comparable search budgets. DoLa’s APC
threshold and SLED’s top-k use the same candidate
settings as TICD. For SLED, we tune the step size
of the logit update, referred to as the evolution rate,
over [0, 2] and select the configuration with the best
validation performance.
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A.3 Hyperparameter Configuration
Layer Selection Strategy. We determine the opti-
mal candidate layers Lcand through empirical ver-
ification on a held-out validation set. We observe
that the effective layer range for contrastive inter-
vention varies significantly by task nature. Based
on the validation performance, we partition the
model layers into two distinct regions:

• Factuality (TruthfulQA): The validation re-
sults indicate that factual knowledge is pre-
dominantly located in deeper layers. Conse-
quently, we select candidate layers from the
Upper Half (e.g., range [N/2, N ]). Specif-
ically, for LLaDA-8B (32 layers), we use
Lcand = {16, 18, . . . , 30}; for Dream-7B (28
layers), we use Lcand = {14, 16, . . . , 26}.

• Reasoning (GSM8K, SVAMP, Countdown):
For reasoning tasks, the validation set shows
that intervention in deeper layers can dis-
rupt logical coherence. Therefore, we se-
lect layers from the Lower Half (e.g., range
[0, N/2]) to leverage early structural prefer-
ences. Specifically, for LLaDA-8B, we use
Lcand = {4, 6, . . . , 16}; for Dream-7B, we
use Lcand = {4, 6, . . . , 14}.

We employ a strided selection (step=2) within these
validated ranges to optimize inference efficiency.

Calibration Parameters and APC. Table 5 de-
tails the specific hyperparameter configurations for
both LLaDA-8B and Dream-7B models across dif-
ferent benchmarks. These parameters were deter-
mined empirically based on performance on the
validation sets.

To ensure the reliability of the contrastive inter-
vention, we apply an Adaptive Plausibility Con-
straint (APC):

• For Reasoning Tasks (GSM8K, SVAMP,
Countdown), we employ an absolute filtering
strategy with k = 20, restricting the candidate
pool to the top-20 tokens to prevent tail-risk
amplification.

• For Multiple-Choice Tasks (TruthfulQA), we
use a relative filtering strategy, retaining the
top 1% of the vocabulary to allow for diverse
semantic exploration.

Layer-Aggregated Weighting in Practice.
Eq. (4) defines a position-wise layer weight wl,i

for each masked position i. In our implementation,

we use a layer-aggregated variant for improved
robustness: all currently masked positions inM
share the same layer weights wl. Specifically, we
first average the layer score over masked positions
and then apply the softmax over candidate layers:

wl =
exp

(
s̄l/τ

)
∑

k∈Lcand
exp

(
s̄k/τ

) , (8)

where

s̄l =
1

|M|
∑

i∈MDKL

(
P

(N)
i ∥P (l)

i

)
·
(
1− H̄(P (l)

i )
)
.

(9)
This aggregation smooths noisy per-position es-
timates while preserving the same KL-entropy
weighting principle as Eq. (4).

Table 5: Hyperparameter settings for TICD across dif-
ferent benchmarks. We report specific α (Calibration
Scale) and γsemantic (Mask Threshold) for LLaDA-8B
and Dream-7B respectively. The Softmax Temperature
(τ = 0.5) and Layer Stride (S = 2) are shared across
all experiments.

Benchmark LLaDA-8B Dream-7B Common

α γ α γ τ Stride

TruthfulQA 2.5 0.5 2.5 0.5 0.5 2
GSM8K 0.5 0.7 0.3 0.1 0.5 2
SVAMP 0.6 0.7 0.7 0.1 0.5 2
Countdown 0.7 0.1 0.8 0.8 0.5 2

A.4 Decoding and Evaluation Protocols
We employ distinct decoding strategies tailored to
the downstream task format: Reasoning Tasks.
For reasoning tasks such as GSM8K, SVAMP, and
Countdown, we adopt the Semi-Autoregressive
(SAR) sampling strategy following the LLaDA
protocol (Nie et al., 2025).

• Block-wise Generation: The sequence is gen-
erated in a left-to-right manner with a max-
imum generation length of Lgen = 256 and
a block size of Lblock = 64 (i.e., 4 blocks
per sequence). Within each block, the model
performs iterative denoising.

• Sampling Steps: We use T = 128 total de-
noising steps for each sequence, distributed
evenly across the 4 blocks (i.e., 32 steps per
block).

• Per-Step Mask Ratio: Since denoising is
performed block by block, the gating ratio
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Table 6: Open-ended question answering results on
TriviaQA.

Method Accuracy ↑
LLaDA-8B Vanilla 34.8
LLaDA-8B + TICD 36.5

γ used by TICD is computed within the cur-
rently active block: γ = Lblock_mask/Lblock,
where Lblock_mask is the number of masked
positions remaining in the current block. This
keeps the interpretation of γ consistent with
the temporal analysis in Section 3.3: within
each block, γ decreases from 1.0 toward 0.0
as denoising progresses.

Multiple-Choice Tasks (TruthfulQA). For dis-
criminative tasks where the goal is to select the
most plausible answer from a set of candidates
A = {a1, . . . , ak}, we do not perform generation.
Instead, we compute the likelihood of each candi-
date answer given the question q:

Score(ai) ≈ Et∼U(0,T ),ϵ∼N (0,I) [−Ldiff(zt, t, [q; ai])]
(10)

Following LLaDA’s evaluation protocol, we ap-
proximate the log-likelihood (ELBO) using Monte
Carlo sampling. Specifically, we sample multiple
timesteps t and noise instances to estimate the de-
noising loss Ldiff for the concatenated sequence
[q; ai]. The candidate with the highest estimated
likelihood (lowest loss) is selected as the predic-
tion.

B TICD Algorithm

We present the full TICD procedure in Algorithm 1.
The algorithm switches between vanilla denoising
in Regime I and contrastive calibration in Regime II
according to the mask ratio γ.

C Additional Experiments

C.1 Open-Ended QA on TriviaQA

We further evaluate TICD on TriviaQA (Joshi et al.,
2017) in a 5-shot open-ended QA setting. We use
the shared TICD configuration described in Ap-
pendix C.3. We report exact-match (EM) accu-
racy following standard answer normalization. As
shown in Table 6, TICD improves the accuracy of
LLaDA-8B from 34.8% to 36.5%.

Table 7: Ablation of APC on LLaDA-8B.

Method GSM8K ↑ SVAMP ↑
Vanilla 78.0 84.6
TICD w/o APC 78.4 85.2
TICD (Full) 80.1 87.3

C.2 Ablation of the Adaptive Plausibility
Constraint

To examine the contribution of the Adaptive Plausi-
bility Constraint (APC), we evaluate TICD without
it using the same configurations as in the main ex-
periments (Appendix A.3). As shown in Table 7,
removing APC reduces performance, but the result-
ing variant still outperforms vanilla decoding on
both GSM8K and SVAMP. This suggests that APC
is beneficial but is not the sole source of TICD’s
gains.

C.3 Shared Configuration

We additionally evaluate TICD using a shared con-
figuration across all tasks and both model back-
bones. We use candidate layers {2, 4, . . . , 30} for
LLaDA-8B and {2, 4, . . . , 26} for Dream-7B, with
α = 0.6, γsemantic = 0.7, τ = 0.5, and a layer
stride of 2. As shown in Table 8, the shared config-
uration consistently improves over vanilla decoding
across all evaluated tasks and models.

D Sensitivity Analysis of Calibration
Scale

To further understand the behavior of Time-Aware
Internal Contrastive Decoding (TICD), we conduct
a sensitivity analysis on the calibration scale param-
eter α. This hyperparameter controls the strength
of the contrastive intervention applied during the
inference process. We evaluate the performance of
LLaDA-8B on the SVAMP dataset across a range
of α values from 0.1 to 1.0.

As illustrated in Figure 6, TICD consistently
outperforms the vanilla baseline (84.6%) across a
broad range of moderate calibration scales (α ∈
[0.1, 0.6]). The performance reaches its peak at
α = 0.6, achieving an accuracy of 87.3%, which
demonstrates the effectiveness of our contrastive
decoding strategy in enhancing mathematical rea-
soning.

However, we observe a performance drop when
the calibration scale becomes excessive (α > 0.7).
At α = 0.8 and α = 1.0, the accuracy falls below
the baseline. This phenomenon suggests that while
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Algorithm 1 Time-Aware Internal Contrastive Decoding (TICD)

Require: Base dLLM Φ, input tokens x, masked positionsM, current mask ratio γ
Require: Candidate layers Lcand, calibration scale α, threshold γsemantic, temperature τ , APC parameter

k
Ensure: Calibrated log-probabilities z̃(N)

1: {h(l)}Nl=1 ← Φ.forward_hidden(x)
2: z(N) ← LogSoftmax(LMHead(h(N)))
3: if γ > γsemantic then
4: return z(N) ▷ Regime I: no calibration
5: end if
6: z̃(N) ← z(N) ▷ Regime II: apply TICD
7: for all i ∈M do
8: for all l ∈ Lcand do
9: z

(l)
i ← LogSoftmax(LMHead(h

(l)
i ))

10: wl,i ← ComputeWeight(P
(N)
i , P

(l)
i , τ) ▷ Eq. (4)

11: end for
12: ∆zi ←

∑
l∈Lcand

wl,i

(
z
(N)
i − z

(l)
i

)

13: z̃
(N)
i ← z

(N)
i + α ·∆zi

14: Vtop ← TopK(P
(N)
i , k) ▷ APC

15: z̃
(N)
i [v /∈ Vtop]← −∞

16: end for
17: return z̃(N)

Table 8: Results using a shared TICD configuration across all tasks.

Model Method TruthfulQA Reasoning

MC1 MC2 MC3 GSM8K SVAMP Countdown

LLaDA-8B Vanilla 31.6 49.4 23.9 78.0 84.6 22.3
TICD shared 37.8 54.5 27.9 79.9 87.0 25.8

Dream-7B Vanilla 34.6 53.4 24.5 75.1 81.4 14.8
TICD shared 36.6 56.7 28.6 76.1 83.3 20.5

moderate calibration can suppress unreliable pre-
diction gaps, an overly large calibration scale may
over-amplify final-layer differences and move the
distribution away from the base model. Therefore,
selecting an appropriate α is crucial for balancing
hallucination mitigation and generation quality.

E Visualization Results for Generative
Tasks

We provide qualitative comparisons on the GSM8K
benchmark across three representative cases in Ta-
bles 9, 10, and 11. As observed, the Baseline
model tends to hallucinate or miss computation
steps during multi-hop reasoning. In contrast,
TICD maintains logical consistency throughout
the generation process, leading to the correct nu-
merical answers.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Guidance Scale α
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Peak: 87.3%

Vanilla baseline (84.6%)
TICD (Ours)

Figure 6: Sensitivity Analysis of calibration scale (α)
on SVAMP. The dashed blue line represents the vanilla
LLaDA-8B baseline (84.6%). TICD achieves optimal
performance at α = 0.6, while excessive calibration
scales (α > 0.7) lead to performance degradation.
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Table 9: Qualitative Comparison (Case 1: Logic Scope). The Baseline model correctly calculates the second
week’s numbers but fails to aggregate them with the first week, missing the global scope. TICD explicitly tracks
and sums both periods.

QuestionAlani’s family decided that the children should write stories of any kind. They were then
required to read all of the stories they’d written to the family at the end of the weekend. Alani
wrote 20 stories in the first week, her brother Braylen wrote 40 stories, and her sister Margot
wrote 60 stories. If they each doubled the number of stories they’d written in the first week in
the second week, calculate the total number of stories they wrote altogether

Baseline To determine the total number of stories written by Alani, Braylen, and Margot, we need to
calculate the number of stories each child wrote in both weeks, and then sum these amounts.

1. Alani wrote 20 stories in the first week and doubled the number in the second week:

20× 2 = 40 stories

2. Braylen wrote 40 stories in the first week and doubled the number in the second week:

40× 2 = 80 stories

3. Margot wrote 60 stories in the first week and doubled the number in the second week:

60× 2 = 120 stories

Now, we sum the total number of stories written by all three children:

40 + 80 + 120 = 240 stories

(Error: Only summed the second week, ignored the first week)
Answer: 240 ✗ Incorrect

TICD
(Ours)

To determine the total number of stories written by Alani, Braylen, and Margot, we need to
calculate the number of stories each child wrote in both weeks, and then sum them up.

First, calculate the number of stories each child wrote in the first week:

• Alani: 20, Braylen: 40, Margot: 60

Second, calculate the number of stories each child wrote in the second week by doubling the
number of stories they wrote in the first week:

• Alani: 20× 2 = 40

• Braylen: 40× 2 = 80

• Margot: 60× 2 = 120

Third, sum the total number of stories written by all three children in both weeks:

Total = 20 + 40 + 60 + 40 + 80 + 120 = 360

Answer: 360 ✓ Correct
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Table 10: Qualitative Comparison (Case 2: Unit Mismatch). The Baseline model erroneously adds a weekly
bonus to a monthly wage sum. TICD correctly computes the weekly total first, ensuring unit consistency.

QuestionWatson works a 10-hour shift each day, five days a week. He earns $10 per hour and gets a
$300 bonus each week if the company performs well. How much money did Watson make in
April if the company performed very well for the whole month?

Baseline To determine how much money Watson made in April, we need to follow these steps:
1. Calculate the number of weeks Watson worked in April.
2. Calculate the total number of hours worked in April.
3. Calculate the total earnings from hourly hours.
4. Add the weekly bonus to the total earnings.

First, we know April has four weeks.
Next, we calculate the total number of hours worked in April:

50 hours/week× 4 weeks = 200 hours

Then, we calculate the total earnings from hourly hours:

200× 10 = 2000

Finally, we add the weekly bonus to the total earnings:

Total = 2000 + 300 = $2300

(Error: Added a single weekly bonus to 4 weeks of wages)
Answer: 2300 ✗ Incorrect

TICD
(Ours)

To determine how much money Watson made in April, we need to follow these steps:
1. Calculate Watson’s hourly earnings.
2. Determine the weekly earnings, including the weekly bonus.
3. Calculate the monthly earnings for April.

First, let’s calculate Watson’s hourly earnings:
He earns $10 per hour.

Next, let’s determine Watson’s weekly earnings, including the weekly bonus:

• Wage: 10× 5× 10 = 500 per week.

• Bonus: $300 per week.

• Total Weekly: 500 + 300 = 800 per week.

Finally, let’s calculate Watson’s monthly earnings for April:

800× 4 = 3200

Answer: 3200 ✓ Correct
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Table 11: Qualitative Comparison (Case 3: Logic Consistency). The Baseline fails to bridge the logical gap
between daily and weekly consumption (ignoring the 7 days) and hallucinates the final division. TICD correctly
expands the time horizon and executes accurate arithmetic.

QuestionEach person in a certain household consumes 0.2 kg of rice every meal. Supposing 5 members
of the household eat rice every lunch and dinner, how many weeks will a 42 kg bag of rice
last?

Baseline To determine how many weeks a 42 kg bag of rice will last, we need to follow these steps:
1. Calculate the total amount of rice consumed per meal by the entire household.
2. Calculate the total amount of rice consumed per week by the entire household.
3. Determine how many weeks the 42 kg bag of rice will last based on the weekly consumption.

First, calculate the total amount of rice consumed per meal:

0.2 kg/person× 5 members = 1 kg/meal

Next, calculate the total amount of rice consumed per week:

• There are 2 meals in a day.

• Total rice per week = 1 kg/meal ×
2 meals/week = 2 kg/week

(Logic Error: Failed to multiply by 7 days. Mistook daily sum for weekly sum.)

Finally, determine how many weeks the 42 kg bag of rice will last:

42 kg/2 kg/week = 7 weeks

(Arithmetic Error: Hallucination, 42/2 ̸= 7)
Answer: 7 ✗ Incorrect

TICD
(Ours)

To determine how many weeks a 42 kg bag of rice will last, we need to calculate these steps:
1. Calculate the total amount of rice consumed per meal by the household.
2. Calculate the total amount of rice consumed per week by the household.
3. Determine how many weeks the 42 kg bag of rice will last.

First, calculate the total amount of rice consumed per meal:

• Total rice consumed per meal =
0.2 kg/person× 5 members = 1 kg/meal

Next, calculate the total amount of rice consumed per week:

• There are 2 meals per day (lunch and dinner).

• Calculation:

1 kg/meal×2 meals/day×7 days/week = 14 kg/week

Finally, determine how many weeks the 42 kg bag of rice will last:

Weeks = 42 kg/14 kg/week = 3 weeks

Answer: 3 ✓ Correct
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